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Abstract

Low-Rank Adaptation (LoRA) is a widely
adopted approach for parameter-efficient fine-
tuning of large language models, enabling ef-
fective adaptation with a small number of train-
able parameters. However, its reliance on lin-
ear low-rank projections restricts adaptation
to linear subspaces, which can limit flexibil-
ity on complex downstream tasks. To address
this, we propose RanLoRA, a Residual-aware
Nonlinear Low-Rank Adaptation approach that
leverages the decomposition structure of pre-
trained weights. We used Singular Value De-
composition (SVD) to decompose pretrained
weights into principal components that are kept
frozen and residual components that are used
for task-specific adaptation. To enhance the
expressiveness of linear low-rank updates, Ran-
LoRA incorporates a nonlinear activation layer
together with a Hadamard-product-based vec-
tor modulation. This design supports an im-
plicit progressive adaptation behavior, where
optimization evolves from coarse approxima-
tion of dominant components toward residual
alignment and fine-grained nonlinear refine-
ment. Experiments on benchmarks covering
commonsense reasoning, natural language un-
derstanding, image classification, and mathe-
matical reasoning show that RanLoRA con-
sistently outperforms vanilla LoRA and rep-
resentative variants under comparable param-
eter budgets. These results suggest that incor-
porating structured nonlinearity into adapter
design can enhance representational flexibility
and generalization across tasks in large models.

1 Introduction

Pre-trained models have become the cornerstone
of modern machine learning systems, exhibiting
strong generalization ability by leveraging large-
scale and diverse training corpora. Their effective-
ness has been demonstrated across a broad spec-
trum of tasks, including natural language under-
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Model Method Param Mem Time Avg.

LLaMA3-8B

LoRA 3.5M 29.6G 6.6h 83.6
MoSLoRA 3.5M 30.4G 7.6h 83.6

NEAT 3.5M 30.6G 7.2h 83.7
AuroRA 3.5M 30.8G 11.8h 83.9

RanLoRA 3.5M 30.2G 6.9h 87.2

Table 1: Param denotes the number of trained parame-
ters, Time is the time required for training and testing on
H800 GPU, Mem for the GPU Memory usage, and Avg.
means the average accuracy on commonsense reasoning
tasks. To ensure a fair comparison, we conduct all tests
within the same code framework LLM-Adapters (Hu
et al., 2023), the details of hyperparameters settings are
provided in Appendix C.1.

standing (Devlin et al., 2019; Liu et al., 2019),
natural language generation (Touvron et al., 2023;
AI, 2024), and vision applications such as image
classification (Dosovitskiy et al., 2021). Despite
their success, adapting these models to downstream
tasks typically relies on full fine-tuning, which
becomes increasingly impractical as model sizes
grow, due to substantial computational and memory
requirements (Qin et al., 2024). This challenge has
driven extensive research into parameter-efficient
fine-tuning (PEFT) methods (Ding et al., 2023; Han
et al., 2024), which aim to retain adaptability while
significantly reducing resource consumption by in-
troducing lightweight trainable components (Lin
et al., 2024).

Among existing PEFT methods, Low-Rank
Adaptation (LoRA) and its variants (Hu et al., 2022;
Liu et al., 2024; Song et al., 2024; Büyükakyüz,
2024; Zhao et al., 2024) stand out for their sim-
plicity and effectiveness. Rather than updating full
weight matrices, LoRA parameterizes task-specific
updates through the product of two low-rank ma-
trices, thereby reducing both the number of train-
able parameters and the memory footprint during
fine-tuning. This formulation has proven effective
across a wide range of scenarios, contributing to
LoRA’s widespread adoption. However, the effi-
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ciency of LoRA comes with an inherent trade-off.
Restricting weight updates to a low-rank linear sub-
space limits the expressive capacity of the adap-
tation, particularly when modeling complex task-
specific transformations (Pan et al., 2024). In prac-
tice, performance often degrades noticeably in low-
rank regimes, as the constrained parameterization
fails to capture intricate optimization trajectories.
While increasing the rank can partially alleviate
this issue, it simultaneously leads to higher parame-
ter overhead, diminishing the parameter-efficiency
advantages that motivate LoRA in the first place.

To overcome these limitations, a number of ex-
tensions to vanilla LoRA have been proposed. Ap-
proaches such as MoSLoRA (Wu et al., 2025)
introduce mixer matrices to blend multiple sub-
spaces, whereas Pissa (Meng et al., 2024) and
MiLoRA (Wang et al., 2024) exploit SVD-based
initialization to improve convergence behavior. Be-
yond linear adaptations, NEAT (Zhong et al., 2025)
incorporates a lightweight neural network to ac-
cumulate weight updates, substantially enhancing
expressiveness at the cost of increased architectural
complexity. More recently, AuroRA (Dong et al.,
2025) further extends LoRA by inserting an Adap-
tive Nonlinear Layer (ANL) between linear projec-
tions, forming an MLP-like adaptation structure.
Despite these advances, an important limitation
remains. Existing nonlinear approaches, includ-
ing NEAT and AuroRA, primarily treat the adapta-
tion module as a unified black-box transformation,
without explicitly considering the decomposition of
pre-trained weights into principal and residual com-
ponents. In particular, nonlinear transformations
are applied uniformly across all components, fail-
ing to distinguish dominant principal components,
which are often associated with robust and general-
izable knowledge, from residual components that
encode finer-grained, task-specific variations. This
lack of explicit principal–residual separation can
lead to inefficient parameter allocation and subopti-
mal optimization dynamics, especially under tight
parameter budgets.

To address this issue, we propose RanLoRA,
a nonlinear adaptation approach grounded in ex-
plicit principal–residual decoupling. In contrast to
generic MLP-style nonlinear adapters such as Au-
roRA, RanLoRA leverages Singular Value Decom-
position (SVD) to explicitly separate weight up-
dates into a principal linear path and a residual non-
linear path. Nonlinear adaptation is then applied
exclusively to the residual components through

a lightweight vector-stretching modulation imple-
mented via element-wise scaling, while the prin-
cipal components remain unchanged. This design
preserves core pretrained knowledge and enables a
progressive fitting process that refines task-specific
directions in a parameter-efficient manner.

As shown in Table 1, RanLoRA achieves a favor-
able balance between effectiveness and efficiency,
delivering consistent performance improvements
over prior PEFT methods with comparable, while
maintaining moderate training time and memory
usage.

Our contributions can be summarized as follows:

• We present RanLoRA, a residual-aware non-
linear LoRA variant that systematically com-
bines SVD-based residual-aware initialization
with lightweight nonlinear modulation. By
separating principal and residual components
of pretrained weights, RanLoRA enables tar-
geted nonlinear refinement while preserving
pretrained knowledge.

• We introduce a progressive fitting strategy that
evolves from a coarse linear approximation
to fine-grained nonlinear adaptation through
lightweight vector-stretching modulation, sig-
nificantly enhancing expressiveness without
increasing architectural complexity.

• Extensive experiments across reasoning, un-
derstanding, and computer vision benchmarks
demonstrate that RanLoRA consistently im-
proves performance under constrained param-
eter budgets, offering a strong trade-off be-
tween accuracy and parameter efficiency.

2 Related Works

2.1 Low-Rank Adaptation

Parameter-efficient fine-tuning (PEFT) minimizes
the high costs of updating large language mod-
els (LLMs) by optimizing only a small parame-
ter subset. Low-Rank adaptation, pioneered by
LoRA (Hu et al., 2022), factorizes weight updates
into two low-rank matrices, ensuring minimal pa-
rameters and zero inference overhead. Recent vari-
ants enhance this strategy: DoRA (Liu et al., 2024)
utilizes magnitude-direction decomposition, while
MoRA (Jiang et al., 2024) employs input com-
pression for higher-rank updates. Others leverage
Fourier transforms (FourierFT (Gao et al., 2024a)),
singular component updates (PiSSA (Meng et al.,
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Figure 1: Comparison of architecture and fitting strategy. (Left) LoRA: A two-layer linear projection with hidden
dimension r, where adaptation is confined to a fixed linear subspace. (Right) RanLoRA (Ours): Nonlinear
projection enabled by a compact latent bottleneck (r̂ ≪ r).As illustrated by the refinement curves, RanLoRA
follows a progressive fitting process that evolves from principal weight anchoring to vector-stretching modulation,
allowing accurate task-space approximation with a minimal rank.

2024), MiLoRA (Wang et al., 2024)), or nonlinear
weight modeling (NEAT (Zhong et al., 2025), Au-
roRA (Dong et al., 2025)). Together, these methods
strive to balance representational expressiveness
with computational efficiency.

2.2 Other PEFT Methods

Beyond low-rank techniques, prompt-based and
adapter-based strategies are prominent. Prompt-
based methods, such as Prompt Tuning (Lester
et al., 2021) and P-Tuning (Liu et al., 2022), in-
ject trainable virtual tokens into input embeddings.
Despite their minimal footprint, they are sensitive
to initialization (Wu et al., 2024) and increase in-
ference costs due to the Transformer’s quadratic
complexity (Vaswani et al., 2017). Adapter-based
methods, including original Adapters (Houlsby
et al., 2019), Compacter (Karimi Mahabadi et al.,
2021), and Parallel Adapters (He et al., 2021), in-
sert lightweight modules into the pre-trained back-
bone. While offering excellent modularity and per-
formance, they inherently alter the model architec-
ture, introducing structural overhead that low-rank
approaches typically avoid.

3 Methodology

3.1 Preliminary

LoRA((Hu et al., 2022)) assumes that weight up-
dates during fine-tuning follow a low-rank structure.

Specifically, the update of a pre-trained weight ma-
trix W0 ∈ Rdout×din is approximated by the prod-
uct of two learnable low-rank matrices:

W = W0 +∆W = W0 +BA, (1)

where B ∈ Rdout ×r, A ∈ Rr×din , and r ≪
min(dout, din). During fine-tuning, the original
weights W0 remain frozen, while only the intro-
duced matrices B and A are optimized by solving

min
B,A

L(Dtrain;W0 +BA), (2)

with Dtrain denoting the training dataset and L is
the loss function. Since both B and A are low-
rank matrices with far fewer parameters than W0,
LoRA significantly reduces memory and computa-
tion overhead compared to full fine-tuning when
adapted to downstream tasks (Long et al., 2024).

3.2 Residual-aware Initialization
Given a pretrained weight matrix W0 ∈ Rdout×din ,
we explicitly decompose it into a principal compo-
nent and a residual component to enable residual-
aware adaptation. Using Singular Value Decompo-
sition (SVD), we express

W0 = USV ⊤, (3)

where the matrices U ∈ Rdout×dout , V ⊤ ∈
Rdin×din are orthogonal matrices containing the
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left and right singular vectors, and V ⊤ is the trans-
pose of V . S ∈ Rdout×din is a non-negative diago-
nal matrix whose diagonal elements are the singular
values arranged in descending order.

We divide them into two complementary parts:
the principal component of pretrained weights

WP = U[:,:m]S[:m,:n]V
⊤
[:n,:], (4)

where m = dout − r̂ − 1 and n = din − r̂ − 1,
capturing dominant pretrained directions, and the
rest residual component of pretrained weights

WR = U[:,−r̂:]S[−r̂:,−r̂:]V
⊤
[−r̂:,:], (5)

r̂ ≪ r, representing lower-energy directions asso-
ciated with finer-grained variations. Formally,

W0 = WP +WR. (6)

The residual components of weights are used to
initialize the matrices A and B in RanLoRA:

B = U[:,−r̂:]S
1/2
[−r̂:,−r̂:], A = S

1/2
[−r̂:,−r̂:]V

⊤
[−r̂:,:]. (7)

The principal components of pretrained weights
remain frozen during fine-tuning, which ensures
that nonlinear adaptation does not distort dominant
principal components.

3.3 The RanLoRA Architecture
Building upon the residual-aware initialization, the
modified model’s forward propagation is formu-
lated as:

h = Wpx+B (v ⊙GELU(Ax)) (8)

where x ∈ Rdin is the input hidden state, A ∈
Rr̂×din and B ∈ Rdout×r̂ are low-rank matrices with
r̂ ≪ r. We used GELU due to its innate gating
mechanism, and v is a learnable modulation vector.

In this formulation, the nonlinear transformation
operates exclusively on residual directions. The
vector v performs an element-wise Hadamard prod-
uct (⊙) in the bottleneck, acting as a dynamic scal-
ing factor that stretches or compresses the feature
importance across different latent dimensions.

3.4 Progressive Fitting Strategy
The proposed residual-aware nonlinear adaptation
naturally induces a progressive fitting behavior,
where optimization evolves from stable princi-
pal anchoring to fine-grained residual refinement.
As illustrated in Figure 1, the adaptation unfolds

through four hierarchical stages. We note that these
stages do not correspond to explicitly separated
optimization phases, but serve as an interpretive
framework for understanding how nonlinear resid-
ual adaptation emerges during training:

Principal Weight Anchoring: We anchor the
principal components of pretrained weights Wp by
freezing it to maintain the stability of the backbone.

Residual Alignment: The coupled matrices
(A,B) are aligned with the residual subspace, iden-
tifying specific directions of variance that require
task-specific refinement.

Nonlinear Projection: The residual flow is
passed through a nonlinear activation function to
capture high-order feature dynamics and break the
flat subspace constraint inherent in vanilla LoRA.

Fine-grained Vector Stretching: the modula-
tion vector v performs precise adjustment within
the residual unit. This enables RanLoRA to achieve
a “fine fitting” of the task distribution, accurately
capturing complex optimization trajectories with
minimal parameter overhead.

3.5 Complexity Analysis
Parameter Efficiency. In vanilla LoRA, the num-
ber of trainable parameters scales as O(r(din +
dout)), where r is the adaptation rank. For Ran-
LoRA, we significantly compress the parameter
footprint by employing a minimal latent rank r̂ ≪
r (e.g., r̂ = 2). The introduction of the modulation
vector v ∈ Rr̂ adds only r̂ additional parameters.
Consequently, the total parameter count for Ran-
LoRA is O(r̂(din + dout) + r̂). Given that r̂ is
multiple times smaller than the r used in linear
LoRA, RanLoRA achieves a substantial reduction
in memory requirements while delivering superior
expressiveness through its nonlinear residual path.
As shown in Table 1, RanLoRA achieves a favor-
able balance between effectiveness and efficiency
which is closed to vanilla LoRA due to the mini-
mal computational overhead from rank setting is 2.
The total time for performing SVD decomposition
on the weights is 541.49 seconds (≈0.15 h) dur-
ing the training initialization. We emphasize that
SVD is a one-time pre-computation step performed
only at the very beginning of fine-tuning. For the
entire fine-tuning process, which typically spans
several hours or days, this 0.15-hour overhead is
negligible.

Computational Complexity. The forward
pass of RanLoRA, defined as ∆h = B(v ⊙
GELU(Ax)), involves three primary operations.
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Let b denote the batch size. (1) The linear projec-
tion Ax incurs a complexity of O(bdinr̂). (2) The
latent operations, comprising the GELU and the
Hadamard product with v, each contribute O(br̂).
(3) The final projection B(·) incurs O(bdoutr̂). The
total complexity is thus O(br̂(din+dout+1)+br̂).
Under the standard low-rank regime where r̂ ≪
min(din, dout), the overhead introduced by GELU
and v is linear with respect to the latent dimen-
sion and mathematically negligible compared to
the dominant projection terms. Thus, RanLoRA
maintains a computational footprint comparable
to vanilla LoRA, despite its enhanced nonlinear
modeling capability.

4 Experiment

In this section, we conduct experiments on four
tasks to evaluate the proposed RanLoRA method.

4.1 Datasets
We experiment RanLoRA on datasets from four
representative benchmarks.

4.1.1 Commonsense Reasoning
We conduct experiments on Commonsense170K,
a benchmark proposed by (Hu et al., 2023) that
unifies eight commonsense reasoning sub-tasks
with standardized training and testing splits. This
collection covers diverse aspects of commonsense
reasoning, including BoolQ (Clark et al., 2019),
PIQA(Bisk et al., 2020), SIQA (Sap et al., 2019),
HellaSwag (Zellers et al., 2019), WinoGrande
(Sakaguchi et al., 2020), ARC-e and ARC-c (Clark
et al., 2018), and OBQA (Mihaylov et al., 2018).

4.1.2 Natural Language Understanding
Natural Language Understanding (NLU) experi-
ments are conducted on eight datasets from the
GLUE benchmark (Wang et al., 2018), which
cover a wide spectrum of linguistic phenomena
including entailment, paraphrase detection, senti-
ment analysis, and sentence similarity. Specifi-
cally, GLUE comprises tasks such as QNLI, RTE,
SST-2, MRPC, CoLA and STS-B. To ensure com-
parability with prior work, we adopt the evalua-
tion metrics and experimental protocols established
in (Gao et al., 2024a), where Matthew’s correlation
for CoLA, Pearson/Spearman correlations for STS-
B and accuracy is used for the other tasks.

4.1.3 Image Classification
Image Classification is evaluated on eight bench-
marks following (Gao et al., 2024b): Oxford-

Pets (Parkhi et al., 2012), CIFAR10 (Krizhevsky,
2009), DTD (Cimpoi et al., 2014), EuroSAT (Hel-
ber et al., 2019), RESISC45 (Cheng et al., 2017),
StanfordCars (Krause et al., 2013), FGVC (Maji
et al., 2013), and CIFAR100 (Krizhevsky, 2009).
The first five datasets represent small label spaces
(10–47 categories), while the latter three involve
large, fine-grained label spaces (100+ categories).
This setup enables evaluation across both general
and fine-grained classification scenarios.

4.1.4 Mathematical Reasoning
For this task, we employ MetaMath (Yu et al., 2023)
as the training corpus and GSM8K (Cobbe et al.,
2021) as the test dataset. Models need to gener-
ate correct answers, and accuracy is used as the
evaluation metric.
Further details regarding the baselines, datasets and
hyperparameters are provided in Appendix A, B, C.

4.2 Results on Commonsense Reasoning Tasks

Table 2 reports the performance of RanLoRA com-
pared to existing PEFT methods across eight bench-
marks using LLaMA3-8B. Several key observa-
tions emerge:

Best Performance with Minimal Parame-
ters. RanLoRA achieves an average accuracy of
87.2%, outperforming all baselines, including re-
cent nonlinear and mixture-of-subspaces methods.
Compared to the previous best-performing model
MoSLoRA (84.9%), RanLoRA attains a +2.3%
absolute improvement while utilizing only 3.5M
trainable parameters, which corresponds to approx-
imately 1/8 of MoSLoRA’s and 1/16 of LoRA’s
parameter footprint.

Superiority over Nonlinear Baselines. Under
the same 3.5M parameter budget, RanLoRA sur-
passes AuroRA by +3.3% on average. Although
AuroRA performs competitively on HellaSwag, it
exhibits lower performance on complex reasoning
benchmarks such as ARC-c and BoolQ. In contrast,
RanLoRA consistently outperforms all baselines,
particularly on ARC-e (+3.7% over AuroRA) and
OBQA (+4.0%). These results indicate that the
nonlinear adaptation scheme of RanLoRA more
effectively captures task-specific information than
generic MLP-style layers.

Breaking the Linear Bottleneck. Linear LoRA
variants such as PiSSA and MiLoRA fail to match
RanLoRA despite substantially larger parameter
counts. For instance, PiSSA (83.8M parameters)
is 12.4% lower on average than RanLoRA. This
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Model Method Params ARC-e OBQA SIQA ARC-c WinoG PIQA BoolQ HellaS Avg.

LLaMA3-8B

LoRA* 56.6M 84.2 79.0 79.9 71.2 84.3 85.2 70.8 91.7 80.8
PiSSA* 83.8M 77.7 74.6 77.2 63.2 78.9 81.1 67.1 83.6 75.4
MiLoRA* 56.6M 86.8 81.9 77.2 75.5 85.6 86.7 68.8 92.9 81.9
MoSLoRA 28.3M 90.1 84.2 79.8 79.8 86.6 88.6 74.6 95.1 84.9
NEAT 56.6M 91.3 84.2 80.9 78.2 86.8 80.9 72.7 94.3 83.7
AuroRA 3.5M 89.4 84.8 79.7 78.3 83.9 87.1 73.5 94.3 83.9
RanLoRA 3.5M 93.1 88.8 83.5 83.1 88.5 89.8 75.1 95.8 87.2

Table 2: Commonsense reasoning performance on LLaMA3-8B. Results marked with “*” are taken from (Wang
et al., 2024). Best results are highlighted in bold. “Avg.” means the average accuracy of all datasets.The experiments
are repeated 5 times under random seeds 42 to 46 and the average performance is reported.

demonstrates that simply increasing the rank r in a
linear framework yields diminishing returns com-
pared to the progressive fitting strategy.

4.3 Results on NLU Tasks

We evaluate RanLoRA on the GLUE benchmark
with RoBERTa-base and RoBERTa-large back-
bones. As shown in Table 3, RanLoRA consistently
outperforms competitive baselines across different
model scales.

Setting New Performance Upper Bounds. On
RoBERTa-base, RanLoRA achieves an average
score of 86.7%, exceeding Full Fine-Tuning (FFT,
85.2%) and the linear variant DoRA (85.5%). This
performance is attained with only 0.074M trainable
parameters, corresponding to 1/4 of DoRA’s budget
and 1/1700 of FFT, demonstrating that the nonlin-
ear residual mapping effectively refines linguistic
representations in a compact parameter space.

Superior Performance on Complex Linguistic
Tasks. RanLoRA shows notable gains on tasks
requiring deep linguistic understanding, such as
CoLA (+2.6% over DoRA) and QNLI (+0.7% over
DoRA). On RoBERTa-large, RanLoRA achieves
69.8% on CoLA, surpassing the nonlinear method
AuroRA (68.5%). These results suggest that Ran-
LoRA better captures linguistic complexities, in-
cluding syntax and logical entailment, than generic
nonlinear or frequency-domain approaches.

Scalability and Consistency. When the model
is scaled to RoBERTa-large, RanLoRA attains an
average score of 89.4%, maintaining a lead of
+1.2% over FFT and +0.6% over AuroRA. Con-
sistent improvements across all six sub-tasks in-
dicate the robustness of the nonlinear adaptation
architecture, confirming RanLoRA as an effective
and general-purpose framework for large-scale lan-
guage models.

4.4 Results on Image Classification Tasks
As shown in Table 4, the robustness of RanLoRA in
the computer vision domain is evaluated on image
classification tasks using ViT-base and Vit-large
models across eight diverse datasets. The main
observations are summarized as follows:

Exceptional Parameter Efficiency at Base
Scale. On ViT-Base, RanLoRA uses only 73K
trainable parameters, corresponding to 12.5% of
LoRA’s budget, while achieving a +8.1% improve-
ment in average accuracy. In particular, our method
RanLoRA (85.7%) surpasses the competitive base-
line NEAT (85.3%) with only 27.8% of its trainable
parameters, indicating that the nonlinear adaptation
strategy is more resource-efficient than auxiliary
network-based approaches.

Scaling Advantages on ViT-Large. The ben-
efits of RanLoRA are amplified as the backbone
scale increases. On ViT-Large, RanLoRA attains
an average accuracy of 88.6%, outperforming Au-
roRA by +1.9% while requiring fewer parame-
ters. Notably, it achieves superior performance
on challenging fine-grained tasks, including FGVC
(+3.5% over AuroRA) and Cars (+1.2% over Au-
roRA), demonstrating its effectiveness in handling
the complex, high-dimensional feature spaces of
large-scale vision models.

4.5 Results on Mathematical Reasoning Task
The performance of RanLoRA is evaluated on
mathematical reasoning tasks using the MetaMath
dataset for training and GSM8K for evaluation. Ta-
ble 5 compares RanLoRA with competitive base-
lines. We could observe below observations:

Surpassing Full Fine-Tuning with Minimal
Parameters. RanLoRA (r = 8, 14M parameters)
achieves an accuracy of 66.7%, establishing a new
state-of-the-art among PEFT methods. It also sur-
passes Full Fine-Tuning (66.5%) while utilizing
only 0.2% of its trainable parameters, demonstrat-
ing that RanLoRA can optimize task-specific logi-
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Model Method Param SST-2 MRPC CoLA QNLI RTE STS-B Avg.

RoBERTa-Base

FFT* 125M 94.8 90.2 63.6 92.8 78.7 91.2 85.2
BitFit* 0.1M 93.7 92.7 62.0 91.8 81.5 90.8 85.4
AdapterD* 0.9M 94.7 88.4 62.6 93.0 75.9 90.3 84.2
LoRA* 0.3M 95.1 89.7 63.4 93.3 78.4 91.5 85.2
AdaLoRA* 0.3M 94.5 88.7 62.0 93.1 81.0 90.5 85.0
DyLoRA* 0.3M 94.3 89.5 61.1 92.2 79.1 90.8 85.0
FourierFT 0.024M 94.2 90.0 63.8 92.2 79.1 90.8 85.0
LoRA-drop* 0.15M 94.5 89.5 62.9 93.1 81.4 91.0 85.4
DoRA* 0.3M 95 89.7 64.9 92.9 79.2 91.3 85.5
NEAT 0.3M 94.5 88.2 64.6 92.8 78.0 91.0 84.9
AuroRA 0.075M 95.2 90.9 64.5 92.6 82.4 90.5 86.0
RanLoRA 0.074M 95.7 91.4 67.5 93.6 80.5 91.6 86.7

RoBERTa-Large

FFT* 356M 96.4 90.9 68.0 94.7 86.6 92.4 88.2
AdapterP* 3M 96.1 90.2 68.3 94.8 83.8 92.1 87.6
AdapterH* 6M 96.2 88.7 66.5 94.7 83.4 91.0 86.8
LoRA* 0.8M 96.2 90.2 68.2 94.8 85.2 92.3 87.8
AuroRA 0.2M 95.8 91.3 68.5 95.0 89.9 92.5 88.8
RanLoRA 0.2M 96.9 91.2 69.8 95.7 89.2 93.3 89.4

Table 3: We report the performance of different fine-tuning methods on six datasets of the GLUE benchmark, using
RoBERTa-Base and RoBERTa-Large models. For CoLA, we report the Matthew’s Correlation Coefficient (MCC);
for STS-B, we report the Pearson Correlation Coefficient (PCC); and for all other tasks, we report accuracy (Acc.).
The reported results are the average of five runs, each using a different random seed. Results marked with “*” are
taken from (Dong et al., 2025). The best results are highlighted in bold (excluding FFT).

Model Method Param OxfordPets Cars CIFAR10 DTD EuroSAT FGVC RESISC45 CIFAR100 Avg.

Vit-Base

FFT* 85.8M 93.1 79.8 98.9 77.7 99.1 54.8 96.1 92.4 86.5
LP* - 90.3 25.8 96.4 69.8 88.7 17.4 74.2 84.3 68.4
LoRA* 581K 93.2 45.4 98.8 75.0 98.4 25.2 92.7 92.0 77.6
FourierFT* 239K 93.1 56.4 98.7 77.3 98.8 32.4 94.3 91.5 80.3
NEAT 263K 92.6 77.3 98.7 78.7 98.4 51.3 93.7 92.0 85.3
AuroRA 74K 93.7 75.9 98.0 76.5 98.7 48.3 93.5 92.2 84.6
RanLoRA 73K 94.3 76.5 98.9 80.5 98.8 50.5 94.0 92.4 85.7

Vit-Large

FFT* 303.3M 94.4 88.9 99.2 81.8 99.0 68.3 96.4 93.6 90.2
LP* - 91.1 37.9 97.8 73.3 92.6 24.6 82.0 84.3 73.0
LoRA* 1.57M 94.8 73.3 99.1 81.8 98.6 42.3 94.7 94.9 84.9
FourierFT* 480K 94.8 79.1 99.1 81.9 98.7 51.3 95.2 93.4 86.7
AuroRA 197K 94.4 82.0 95.8 78.3 98.8 56.7 94.4 92.9 86.7
RanLoRA 195K 95.5 83.2 99.1 82.5 98.9 60.2 95.8 93.3 88.6

Table 4: Fine-tuning results with ViT-Base and Vit-Large models on different image classification datasets. We
report the accuracy (%) after 10 epochs. Results marked with “*” are taken from (Gao et al., 2024b). The best
results are highlighted in bold (excluding FFT).

cal reasoning more effectively than global weight
updates.

Model Method Param GSM8K

LLaMA2-7B

FFT* 6.7B 66.5
LoRA*r=64 113.2M 60.6
PiSSA*r=64 167.6M 58.2
MiLoRA*r=64 113.2M 63.5
NEAT*r=64 113.2M 65.2
AuroRAr=8 14.1M 59.9
RanLoRAr=8 14.1M 66.7

Table 5: Results on mathematical reasoning task. The
best result is highlighted in bold. Results marked with
“*” are taken from (Zhong et al., 2025).

.

Efficiency Across Diverse Baselines. Com-
pared to NEAT (65.2%) and MiLoRA (63.5%),
which employ significantly higher ranks (r = 64,

113.2M parameters), RanLoRA (r = 8) achieves
superior performance at 1/8 of the parameter cost.
Furthermore, at the same rank (r = 8), RanLoRA
(66.7%) outperforms AuroRA (59.9%) by +6.8%.
These results indicate that the nonlinear residual
path in RanLoRA provides a more effective repre-
sentation for mathematical reasoning than merely
increasing the dimensionality in linear frameworks.

4.6 Study

4.6.1 Ablation Study
An ablation study is conducted on four common-
sense reasoning datasets to evaluate the contribu-
tion of each component in RanLoRA (Table 6).

Effect of Residual-aware Initialization. Re-
placing the proposed residual-aware initialization
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scheme with standard Kaiming initialization (w/o
rai) results in a consistent performance decrease.
This indicates that anchoring the adaptation matri-
ces to the residual singular space of W0 provides
a more effective inductive bias than random ini-
tialization, facilitating the transfer of pre-trained
knowledge to downstream tasks.

Effect of Nonlinearity. Removing the nonlinear
activation function (w/o act), leading to a perfor-
mance drop (e.g., -1.2% on BoolQ). This demon-
strates that nonlinear projection is critical for es-
caping the subspace limitations of vanilla LoRA
and for capturing complex feature dynamics within
the latent bottleneck.

Effect of the Modulation Vector. The most
pronounced degradation occurs when the modu-
lation vector v is removed (w/o v), with accuracy
decreasing by 1.9% on ARC-c and 2.0% on BoolQ.
These results indicate that v is the key driver of
fine-grained adaptation. By modulating the nonlin-
ear manifold, v enables precise alignment with the
task distribution; removing v collapses RanLoRA
to a standard nonlinear bottleneck, confirming that
dimension-wise modulation is critical.

Settings OBQA SIQA ARC-c BoolQ
RanLoRA 88.8 83.5 83.1 75.1
RanLoRA w/o rai 88 82 82.5 74.7
RanLoRA w/o act 86.8 82.1 82.3 73.9
RanLoRA w/o v 86.8 81.7 81.2 73.1

Table 6: Comparison of different component on four
commonsense reasoning datasets.

4.6.2 Effect of Activation Function
The impact of different activation functions on Ran-
LoRA was evaluated across four commonsense rea-
soning datasets. Results are summarized in Table
7, showing that RanLoRA is compatible with mul-
tiple nonlinearities, with certain functions yielding
superior performance.

Peak performance is achieved when using GELU
activation function. In particular, GELU outper-
forms the traditional ReLU by +1.2% on OBQA
and +1.6% on SIQA. This improvement suggests
that the smooth, innate gating mechanism proper-
ties of GELU are better suited for mapping complex
task manifolds in the latent residual space. While
ReLU maintains competitive results on datasets
such as HellaSwag, Tanh shows a noticeable de-
cline, especially on WinoGrande. These observa-
tions indicate that the choice of activation functions
is a significant factor in the fine-fitting stage of Ran-

Figure 2: Performance comparison of RanLoRA with
different ranks. We finetune the pretrained LLaMA3-8B
model on datasets for commonsense reasoning.

LoRA, with smoother, gating-like activations facil-
itating more robust gradient flow for latent vector
modulation.

Settings OBQA SIQA WinoG HellaS
GELU 88.8 83.5 88.5 95.8
ReLU 87.6 81.9 88.4 95.6
Tanh 87.4 82.4 87.5 94.5

Table 7: Comparison of different activation functions
on four commonsense reasoning datasets.

4.6.3 Analysis of Rank Sensitivity
To assess RanLoRA’s robustness and parameter
efficiency, we analyze the rank r across eight com-
monsense reasoning benchmarks (Figure 2). Even
at r = 2, RanLoRA achieves an average accu-
racy of 87.2%, outperforming most linear baselines
with higher ranks, showing stability under extreme
compression. Increasing r to 16 yields a modest
gain to 87.9%, benefiting tasks like OBQA and
BoolQ, while others such as ARC-e and HellaSwag
plateau early. This demonstrates that our nonlinear
residual mapping effectively captures task-specific
manifolds without requiring high-dimensional lin-
ear subspaces. Across datasets from HellaSwag
to BoolQ, RanLoRA maintains consistent perfor-
mance, highlighting a favorable trade-off between
parameter cost and expressiveness. Overall, our
nonlinear progressive adaptation strategy achieves
near-optimal performance with minimal parame-
ters.

5 Conclusion

In this paper, we introduce RanLoRA, a proposed
PEFT method that enhances representational ca-
pacity through nonlinear projection updates and by
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using residual components of pretrained weights
for initialization. Adopting a progressive fitting
strategy, RanLoRA overcomes the linear subspace
limitations of LoRA and its variants. Experiments
across natural language understanding, common-
sense and mathematical reasoning, and image clas-
sification show that RanLoRA achieves superior
performance. In addition, it outperforms full fine-
tuning and larger linear adapters with fewer param-
eters in several tasks, maintaining high expressive-
ness even under extreme rank compression. These
results highlight the potential of nonlinear adapta-
tion for large-scale foundation model optimization.
We hope that RanLoRA will inspire further explo-
ration of nonlinear extensions to LoRA.

Limitations

Despite its strong empirical performance and pa-
rameter efficiency, RanLoRA has several limita-
tions that warrant further investigation. The use
of Singular Value Decomposition (SVD) for de-
composition introduces additional computational
overhead. Although this cost is incurred only once
prior to training, performing SVD on extremely
large weight matrices may increase preprocessing
time in ultra-large-scale models and affect practical
scalability. While the proposed nonlinear projec-
tion substantially enhances expressiveness under
low-rank constraints, the choice of the nonlinear ac-
tivation function remains largely empirical. Differ-
ent task domains and data distributions may favor
different nonlinearities, and identifying principled
guidelines for activation selection remains an open
challenge. In addition, the empirical evaluation in
this work primarily focuses on encoder-only (e.g.,
RoBERTa) and decoder-only (e.g., LLaMA) archi-
tectures. The effectiveness of RanLoRA for en-
coder–decoder models, as well as for other modali-
ties such as speech or multimodal settings, has not
been fully explored and is left for future work.
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A Baselines

To provide a comprehensive comparison of several
PEFT methods, we briefly summarize several rep-
resentative parameter-efficient fine-tuning (PEFT)
approaches that are closely related to our work.
These methods vary in their design choices, ranging
from Low-Rank Adaptations and adapter modules
to lightweight bias tuning and frequency-domain
parameterization. Below we outline the core ideas
of each method:

LORA. LoRA (Hu et al., 2022) inserts train-
able low-rank matrices into the frozen pre-trained
weights. This technique achieves efficient fine-
tuning with fewer trainable parameters and less
GPU memory usage.

AdaLoRA. AdaLoRA (Zhang et al., 2023) is an
adaptive low-rank fine-tuning method that dynami-
cally allocates parameter budget to assign optimal
ranks to different weight matrices. Compared to
LoRA with fixed rank, AdaLoRA achieves higher
performance with the same number of parameters,
improving fine-tuning efficiency and effectiveness.

DyLoRA. DyLoRA (Valipour et al., 2023)en-
ables dynamic rank selection during inference by
training a single LoRA module that supports all
ranks up to a maximum. It shares parameters
across ranks, allowing flexible trade-offs between
efficiency and performance without retraining.

DoRA. DoRA (Liu et al., 2024) is an efficient
fine-tuning method that decomposes pre-trained
weights into magnitude and direction components,
updating only the direction via Low-Rank Adapta-
tion. It outperforms LoRA at the same parameter
budget, especially in instruction-following and rea-
soning tasks.

Pissa. PiSSA (Meng et al., 2024) improves upon
LoRA by initializing the adapter with principal sin-
gular values and vectors, optimizing the key compo-
nents while freezing the "noisy" ones. This method
leads to faster convergence and better performance
than LoRA.

MiLoRA. MiLoRA (Wang et al., 2024) im-
proves upon LoRA by initializing the adapter with
minor singular values and vectors, optimizing the
minor components while freezing the principal
components. This method leads to faster conver-
gence and better performance than LoRA. Mean-
while,it also reduce the knowledge forgetting.

MoSLoRA. MoSLoRA (Wu et al., 2025) intro-
ducing a learnable mixer to combine multiple low-
rank subspaces, thereby improving adaptability and

representational capacity.
NEAT. NEAT (Zhong et al., 2025) incorporates

a lightweight neural network into the adaptation
process.Unlike LoRA, which approximates weight
updates linearly through low-rank decomposition,
NEAT models cumulative weight updates as ex-
plicit functions of the pre-trained model’s original
weights.

LoRA-drop. LoRA-drop (Zhou et al., 2025)
evaluates layer-wise LoRA importance via out-
put changes on sampled task data, retains high-
importance LoRA layers, shares LoRA across low-
importance layers, and fine-tunes with fewer train-
able parameters while minimizing performance
loss.

AuroRA. AuroRA (Dong et al., 2025) is a non-
linear parameter-efficient fine-tuning framework
that compresses the latent rank r using MLP-
style layers. It reduces parameter costs signifi-
cantly while capturing high-order feature dynamics
via learnable non-linearities, maintaining computa-
tional efficiency comparable to vanilla LoRA.

AdapterH. AdapterH (Houlsby et al., 2019)in-
serts small bottleneck networks into each layer of
a pretrained model and trains only these additional
modules, enabling parameter-efficient adaptation
to downstream tasks.

AdapterP. AdapterP (Pfeiffer et al., 2021) is
similar to AdapterH, the difference is that AdapterP

determines the adapter architecture that is optimal
across all tasks through exhaustive search.

AdapterD. AdapterD (Rücklé et al., 2021) is
also similar to AdapterH,the modified part is that
AdapterD refers to applying dropout to the adapter
modules and removing the adapters from the lower
layers of the Transformer during both training and
inference.

BitFit. BitFit (Zaken et al., 2021) updates only
the bias terms of a pretrained model while freez-
ing all other parameters, providing an extremely
lightweight yet surprisingly effective parameter-
efficient fine-tuning method.

FourierFT. FourierFT (Gao et al., 2024b) learns
a small number of frequency-domain coefficients
of weight updates via discrete Fourier transform,
enabling parameter-efficient adaptation while main-
taining model performance.

LP. LP(Linear probing) is a simple fine-tuning
strategy where the pretrained model is frozen and
only a lightweight linear classifier is trained on top
of its representations.
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B Datasets

B.1 Commonsense Reasoning

For commonsense reasoning task, we conduct eval-
uation on eight widely used benchmark datasets:
BoolQ, PIQA, SIQA, HellaSwag, WinoGrande,
ARC-e, ARC-c, and OBQA. (1) The BoolQ (Clark
et al., 2019) dataset is a question-answering bench-
mark consisting of 15,942 examples, where the
questions are naturally occurring and generated in
unprompted and unconstrained settings, requiring
yes/no answers. (2) The PIQA (Bisk et al., 2020)
dataset presents questions with two potential solu-
tions, demanding physical commonsense reasoning
to identify the correct answer. (3) The SIQA (Sap
et al., 2019) dataset focuses on reasoning about
human actions and their social implications. (4)
The HellaSwag (Zellers et al., 2019) dataset is de-
signed for commonsense natural language infer-
ence (NLI) tasks, where each question includes a
context and several potential endings, from which
the correct continuation must be selected. (5) The
WinoGrande (Sakaguchi et al., 2020) dataset is a
fill-in-the-blank task with binary options, where
the goal is to select the most plausible option for
a given sentence requiring commonsense reason-
ing. (6) The ARC-c and (7) ARC-e (Clark et al.,
2018) datasets refer to the Challenge and Easy sets,
respectively, of the ARC dataset, which consists
of multiple-choice science questions designed at
a grade-school level, with the former being more
challenging than the latter. (8) The OBQA (Mi-
haylov et al., 2018) dataset focuses on questions
that necessitate multi-step reasoning, integration
of external common knowledge, and in-depth text
comprehension.The detailed of each dataset are
summarized in Table 8.

Dataset #Class #Train #Dev #Test
BoolQ Yes/No 9,427 3,270 3,245
PIQA Option 16,113 1,838 3,000
SIQA Option 33,410 1,954 2,224
HellaSwag Option 39,905 10,042 10,003
WinoGrande Option 40,398 1,267 1,767
ARC-e Option 2,251 570 2,376
ARC-c Option 1,119 229 1,172
OBQA Option 4,957 500 500

Table 8: Detailed information of commonsense reason-
ing datasets.

B.2 Natural Language Understanding

The GLUE (Wang et al., 2018) benchmark com-
prises 8 NLP datasets: MNLI, SST-2, MRPC,

CoLA, QNLI, QQP, RTE, and STS-B, covering
tasks such as inference, sentiment analysis, para-
phrase detection, linguistic acceptability, question-
answering, and textual similarity. STS-B is a re-
gression task, while all other tasks are either single-
sentence or sentence-pair classification tasks. We
provide detailed information about them in Table 9.

B.3 Image Classification

For image classification, we provide detailed infor-
mation about the used datasets in Table 10.

B.4 Mathematical Reasoning

Detailed information for mathematical reasoning
task is provided in Table 11. GSM8K consists of
high quality grade school math problems, typically
free-form answers.

C Experiment Settings

To ensure the reproducibility of our experimental
results, we provide the detailed hyperparameter set-
tings used in our experiments.Natural Language
Understanding and image classification tasks run
on four Tesla V100-PCIE-32GB GPUs. Common-
sense reasoning and mathematical reasoning tasks
run on a single H800 GPU (80GB).

C.1 Commonsense Reasoning

We provide hyperparameter settings of RanLoRA
and other PEFT methods for commonsense reason-
ing task in Table 12. AuroRA (Dong et al., 2025),
MoSLoRA (Wu et al., 2025), NEAT (Zhong et al.,
2025), and LoRA (Hu et al., 2022) are following
their own settings.

C.2 Natural Language Understanding

We provide used hyper-parameters for RanLoRA
in natural language understanding on the GLUE
benchmark in Table 13. NEAT (Zhong et al., 2025)
and AuroRA’s (Dong et al., 2025) are following
their papers’ settings.

C.3 Image Classification

Hyperparameter for RanLoRA are provided in Ta-
ble 14. We tune the classification head and the
backbone separately and provide detailed settings
for each dataset. The scaling factor s is set to 2.0.
The rank r for MHSA is set to 2 in the QV-setting.
NEAT (Zhong et al., 2025) and AuroRA’s (Dong
et al., 2025) are following their papers’ settings.
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Corpus Task Metric # Train # Val # Test # Labels
Single-Sentence Tasks

CoLA Acceptability Matthews Corr. 8.55k 1.04k 1.06k 2
SST-2 Sentiment Accuracy 67.3k 872 1.82k 2

Similarity and Paraphrase Tasks
MRPC Paraphrase Accuracy / F1 3.67k 408 1.73k 2
STS-B Sentence similarity Pearson / Spearman Corr. 5.75k 1.5k 1.38k 1
QQP Paraphrase Accuracy / F1 364k 40.4k 391k 2

Inference Tasks
MNLI NLI Accuracy 393k 19.65k 19.65k 3
QNLI QA / NLI Accuracy 105k 5.46k 5.46k 2
RTE NLI Accuracy 2.49k 277 3k 2

Table 9: Detailed information of the GLUE benchmark.

Dataset #Class #Train #Val #Test Rescaled resolution
OxfordPets 37 3,312 368 3,669

224× 224

StandfordCars 196 7,329 815 8,041
CIFAR10 10 45,000 5,000 10,000
DTD 47 4,060 452 1,128
EuroSAT 10 16,200 5,400 5,400
FGVC 100 3,000 334 3,333
RESISC45 45 18,900 6,300 6,300
CIFAR100 100 45,000 5,000 10,000

Table 10: Detailed information of image classification datasets.

Dataset #Train #Dev #Test
GSM8K 7,473 1,319 1,319

Table 11: Detailed information of mathematical reason-
ing task.

C.4 Mathematical Reasoning

We provide hyperparameter settings of RanLoRA
and AuroRA (Dong et al., 2025) for mathematical
reasoning task in Table 15. We limit all samples to
a maximum of 768 tokens. For evaluation, we set a
maximum token number of 256 on GSM8K (Cobbe
et al., 2021) dataset.

D Additional Experiments

To further validate the scalability of RanLoRA, we
conduct extensive experiments on the LLaMA3-8B
model across eight commonsense reasoning tasks.
We compare RanLoRA under different initializa-
tion schemes and activation functions against the
AuroRA baseline, as shown in Table 16. We could
observe that:

Superiority over Nonlinear Baselines. The re-
sults show that RanLoRA consistently outperforms

AuroRA across all rank settings. While AuroRA
(K&T) reaches a peak average accuracy of 84.5%
at r = 16, RanLoRA achieves 87.2% even at the
minimum rank of r = 2 with R&G. This 2.7% gain
at 1/8 of the parameter cost highlights the efficiency
of our nonlinear residual mapping.

Synergy of Residual-aware Initialization and
Nonlinearity. Proper initialization is crucial for
effective adaptation. Methods leveraging SVD-
based initialization—either using the top-r prin-
cipal components or the residual components of
pretrained weights—consistently outperform stan-
dard Kaiming initialization as in AuroRA. Within
RanLoRA, combining residual-aware initialization
with a GELU nonlinearity achieves the best per-
formance, reaching an average accuracy of 87.9%
at r = 16, highlighting the synergistic effect of
residual alignment and nonlinear transformation.

Robustness of Activation Functions. Across
all SVD initialization methods, GELU consistently
outperforms ReLU and Tanh. For example, under
PiSSA at r = 2, GELU exceeds ReLU by 0.3%
and Tanh by 0.5%. This confirms that GELU’s
smooth, innate gating mechanism better captures
complex in large-scale decoders.
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Hyperparameter RanLoRA(GELU) RanLoRA(ReLU) RanLoRA(Tanh) AuroRA LoRA MoSLoRA NEAT
Optimizer AdamW
Dropout 0.05
Batch size 16
Target module q,k,v,up,down
Warmup steps 100
Epochs 3
Rank r̂ 2,4,8,16
α 2r̂
Learning rate 1e-4 3e-4 3e-5 3e-4 3e-4 3e-4 3e-4

Table 12: Hyperparameter of commonsense reasoning for RanLoRA and other PEFT methods.

Model Hyperparameter STS-B RTE MRPC CoLA SST-2 QNLI

Both

Optimizer AdamW
LR Schedule Linear

Warmup Ratio 0.06
Rank r̂ 2

α 4

Base

Learning Rate 4e-4 3e-4 2e-4 8e-4 6e-4 4e-4
Max Seq. Len 512 512 512 512 512 512

Batch Size 64 32 64 64 32 32
Epochs 30 30 40 80 50 40

Large

Learning Rate 4e-4 2e-3 4e-4 7e-4 8e-4 2e-4
Max Seq. Len 512 512 512 512 512 512

Batch Size 64 64 64 64 64 32
Epochs 20 30 40 40 50 20

Table 13: Hyperparameter settings across GLUE benchmark for RanLoRA.

E The Use of LLMs

This manuscript has been polished with the assis-
tance of LLMs, which were used solely for lan-
guage refinement and not for ideation or substan-
tive writing.
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Model Hyperparameter OxfordPets StanfordCars CIFAR10 DTD EuroSAT FGVC RESISC45 CIFAR100

Both

Epochs 10
Optimizer AdamW
LR Schedule Linear
Rank r̂ 2
α 4
Weight Decay 8e-4 4e-5 9e-5 7e-5 3e-4 7e-5 3e-4 1e-4

Base Learning Rate (Head) 5e-3 1e-2 5e-3 1e-2 5e-3 1e-2 1e-2 5e-3
Learning Rate (RanLoRA) 4e-3 1e-2 4e-3 7e-3 8e-3 8e-3 7e-3 3e-3

Large Learning Rate (Head) 5e-3 1e-2 5e-3 4e-3 5e-3 1e-2 1e-2 5e-3
Learning Rate (RanLoRA) 5e-3 9e-3 2e-3 9e-3 5e-3 8e-3 6e-3 4e-3

Table 14: Hyperparameters for image classification for RanLoRA.

Hyperparameter RanLoRA(GELU) AuroRA
Optimizer AdamW
Dropout 0.05
Batch size 16
Target module q,k,v,up,down
Warmup steps 100
Epochs 3
Rank r̂ 2,4,8
α 2r̂
Learning rate 1e-4 3e-4

Table 15: Hyperparameters of mathematical reasoning for RanLoRA and AuroRA.

Init&Act Method Param ARC-e OBQA SIQA ARC-c WinoG PIQA BoolQ HellaS Avg

K&T

AuroRAr=2 3.5M 89.4 84.8 79.7 78.3 83.9 87.1 73.5 94.3 83.9
AuroRAr=4 7.0M 89.1 84.0 79.7 79.4 84.8 87.9 72.7 94.7 84.0
AuroRAr=8 14.1M 89.3 85.4 80.3 78.6 85.5 88.2 74.0 95.0 84.5
AuroRAr=16 28.3M 89.1 84.0 81.0 79.2 85.2 88.2 74.1 94.8 84.5

P&R

RanLoRAr=2 3.5M 92.8 87.2 82.4 83.5 88.3 89.1 73.5 95.1 86.5
RanLoRAr=4 7.0M 93.6 88.2 81.9 84.0 88.2 89.3 73.9 95.3 86.8
RanLoRAr=8 14.1M 92.5 88.6 83.1 82.3 88.2 89.1 75.0 94.9 86.7
RanLoRAr=16 28.3M 93.0 89.6 82.9 81.8 88.2 89.4 74.5 94.4 86.7

P&T

RanLoRAr=2 3.5M 92.8 87.8 81.9 82.5 87.8 89.1 74.7 93.8 86.3
RanLoRAr=4 7.0M 92.9 89.0 81.8 82.0 88.1 89.7 74.1 94.5 86.5
RanLoRAr=8 14.1M 92.4 87.4 82.2 82.0 88.9 89.7 74.2 94.3 86.4
RanLoRAr=16 28.3M 92.8 85.6 81.2 81.7 88.2 88.8 74.3 94.8 86.0

P&G

RanLoRAr=2 3.5M 93.1 88.8 81.9 82.5 87.8 89.2 75.4 95.4 86.8
RanLoRAr=4 7.0M 93.9 88.6 81.4 83.2 89.3 89.4 74.3 95.5 87
RanLoRAr=8 14.1M 93.9 87.8 82.7 83.7 88.6 90.8 74.5 95.8 87.2
RanLoRAr=16 28.3M 93.1 90.6 81.6 84.1 89 89.6 74.8 95.2 87.3

R&R

RanLoRAr=2 3.5M 92.9 87.6 81.9 83.2 88.4 88.8 75.5 95.6 86.7
RanLoRAr=4 7.0M 92.4 88.6 81.3 82.0 88.0 89.2 75.8 95.3 86.6
RanLoRAr=8 14.1M 93.3 87.4 81.1 82.0 88.0 88.9 72.5 94.7 86.0
RanLoRAr=16 28.3M 93.1 87.8 81.8 82.2 88.2 88.4 73.4 94.6 86.2

R&T

RanLoRAr=2 3.5M 92.6 87.4 82.4 81.2 87.5 90.3 73.7 94.5 86.2
RanLoRAr=4 7.0M 93.3 89.2 82.1 83.0 88.8 90.1 74.7 94.8 87.0
RanLoRAr=8 14.1M 93.6 88.2 82.4 82.5 88.8 90.8 74.1 95.2 87.0
RanLoRAr=16 28.3M 93.3 87.8 82.5 83.3 88.7 90.2 76.6 95.6 87.3

R&G

RanLoRAr=2 3.5M 93.1 88.8 83.5 83.1 88.5 89.8 75.1 95.8 87.2
RanLoRAr=4 7.0M 93.6 88.4 82.2 83.6 88.0 90.9 75.0 95.3 87.1
RanLoRAr=8 14.1M 93.1 90.6 81.6 84.0 90.3 90.6 75.3 95.6 87.6
RanLoRAr=16 28.3M 93.1 91.4 82.7 84.6 90.0 89.9 75.9 95.9 87.9

Table 16: Commonsense reasoning performance of RanLoRA and AuroRA on LLaMA3-8B with different initial-
ization and activation settings. "Init&Act" denotes the combination of initialization method and activation function,
where (a)&(b) indicates initialization with method "a" and activation function "b". Initialization methods are: K
(Kaiming), P (Principal-Aware initialization,which uses top-r principal components of pretrained weights), and R
(Residual-aware initialization, which uses residual r components of pretrained weights). Activation functions are: T
(Tanh), R (ReLU), and G (GELU). "Avg." refers to the average accuracy across all datasets.
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