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ABSTRACT

Low-Rank Adaptation (LoRA) has emerged as an efficient fine-tuning paradigm
for large models by injecting trainable low-rank updates into frozen weights.
However, the inherent linearity and low-rank nature of LoRA restrict its capacity
to capture complex nonlinear semantics. Recent work demonstrates that apply-
ing nonlinear functions such as sine to the low-rank component can significantly
enhance its expressiveness. Despite this, these methods typically rely on a static
frequency, failing to accommodate the input-dependent variations in optimal per-
turbation scale. In this paper, we propose AdaSine-LoRA, a novel framework that
integrates adaptive frequency modulation into the sine-activated LoRA formula-
tion. Instead of using a fixed global frequency, our method dynamically gener-
ates a frequency coefficient conditioned on the input, enabling input-aware con-
trol over the perturbation pattern. We analyze the relationship between frequency
and the effective rank of the perturbed weight space, and empirically demonstrate
that adaptive frequency leads to consistently improved performance across diverse
tasks with minimal parameter overhead. Our approach provides a lightweight
yet effective mechanism to enhance LoRA’s expressivity by aligning perturbation
dynamics with task-specific input structures. Our extensive experiments demon-
strate that this design consistently outperforms LoRA and its variants across a
wide range of downstream tasks, including large language model fine-tuning and
visual instruction tuning.

1 INTRODUCTION

Large-scale pre-trained models have demonstrated remarkable generalization capabilities across di-
verse domains, including natural language processing (Brown et al., 2020; Zhao et al., 2023), com-
puter vision (He et al., 2022; Dosovitskiy et al., 2021), and multi-modal learning (Li et al., 2022;
Liu et al., 2023a). These models, however, typically require adaptation to downstream tasks, where
fully fine-tuning all parameters is often computationally prohibitive and memory-intensive. To mit-
igate this, parameter-efficient fine-tuning (PEFT) strategies have emerged as practical alternatives,
enabling task adaptation by training only a small fraction of the model’s parameters (Hu et al., 2022;
Houlsby et al., 2019).

Among these methods, LoRA (Hu et al., 2022) has gained widespread popularity due to its bal-
ance of simplicity, compatibility, and effectiveness. LoRA introduces trainable low-rank matrices
into each layer of a frozen backbone, effectively approximating the full-parameter updates while
dramatically reducing storage and compute requirements. Despite its success, LoRA’s linear struc-
ture and fixed rank impose significant expressiveness constraints. Specifically, its ability to capture
complex, non-linear feature transformations is inherently limited, especially when adapting to tasks
involving high-dimensional, non-linear semantics (Kopiczko et al., 2024; Lialin et al., 2023).

To address these limitations, a growing body of work has explored enhancing LoRA’s structural
expressiveness. A particularly promising line of research introduces non-linear transformations into
the low-rank pathway. Among various candidates, the sine function has emerged as a theoreti-
cally and empirically effective choice (Li et al., 2024), owing to its smoothness, periodicity, and
ability to approximate high-rank behavior without additional parameters. These properties allow
sine-based LoRA variants to significantly improve performance while retaining LoRA’s parameter-
efficiency. However, existing sine-enhanced LoRA methods typically rely on a fixed frequency
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Figure 1: Architectural comparison of LoRA-based adaptation methods: (a) Standard LoRA, (b)
SineLoRA with fixed-frequency modulation, and (c) our proposed AdaSine-LoRA with input-
conditioned modulation.

parameter, shared across all tokens and tasks. This static design fails to account for the diverse per-
turbation magnitudes required across different input instances, leading to suboptimal performance
in practice. Moreover, the optimal frequency often exhibits strong correlation with the underlying
data distribution and knowledge structure. As a result, an improperly chosen fixed frequency can
induce over-parameterization, compromising both generalization and training efficiency.

In this work, we propose AdaSine-LoRA. Different from the existing methods, this is a new en-
hancement of LoRA, which introduces an input conditional frequency modulation mechanism. As
illustrated in Figure1(a), standard LoRA injects a learnable low-rank residual into the frozen pre-
trained weight matrix using two projection matrices. While this design enables parameter-efficient
fine-tuning, the low-rank constraint inherently limits the representational capacity of the update. To
address this limitation, recent work introduces nonlinear transformations into the low-rank path-
way, as shown in Figure1(b). In particular, applying sine activation to the low-rank component has
been shown to increase the functional rank of the update, effectively enhancing model expressive-
ness while adding only minimal parameters. Building upon this insight, our proposed AdaSine-
LoRA (Figure1(c)), Rather than relying on a global frequency hyperparameter, our method learns
a lightweight function that maps input features to a frequency coefficient, dynamically modulating
the scale of the sine transformation. This enables token-wise control over the non-linear update
strength, allowing the model to tailor its expressive capacity to the complexity of each input.

We provide theoretical analysis linking the frequency parameter to the effective rank of the per-
turbed update, and show that adaptive modulation allows the model to maintain expressiveness with
introducing only negligible additional parameters count. We also empirically validate our approach
on a wide range of language and vision tasks, demonstrating consistent improvements over standard
LoRA and its non-linear variants.

Our contributions are summarized as follows:

• We propose AdaSine-LoRA, which introduces input-aware frequency modulation into the
sine-transformed LoRA updates, enabling adaptive and expressive fine-tuning with almost
no additional parameters.

• We propose an efficient implementation of the nonlinear LoRA computation, introducing
negligible additional fine-tuning cost while significantly enhancing model expressiveness.

• We provide intuitive analyses of the role of frequency in shaping the effective rank of non-
linear low-rank updates, complemented by extensive experiments across NLP and vision
tasks showing clear improvements over prior LoRA variants.

2 BACKGROUND AND MOTIVATION

2.1 LORA BASICS

LoRA has become a standard technique for parameter-efficient fine-tuning, wherein the pre-trained
weights W0 are frozen and a learnable low-rank residual ∆W is inserted at each layer of a pre-
trained model. Specifically, for each layer, LoRA represents the residual using two consecutive
low-rank matrices B ∈ Rd×r, A ∈ Rr×k, where d denotes the output dimension, k the input
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dimension, and r the rank of the decomposition, such that:
∆W = BA, (1)

with r ≪ min(d, k). This design yields significant parameter savings.

However, the expressive capacity of ∆W is inherently constrained by its rank. Let ∆W ∗ ∈ Rd×k

denote the ideal residual matrix that perfectly aligns the pre-trained weights with the fine-tuned
objective. The goal of adaptation is to approximate ∆W ∗ using the restricted structure ∆W = BA.
Prior analysis by Hu et al. (Hu et al., 2022) has shown that LoRA can be regarded as a general
approximation to full fine-tuning, and its expressive capacity approaches that of full adaptation as
r grows. This insight highlights both the strength and the limitation of LoRA: while higher rank
strictly improves approximation quality in principle, practical deployments constrain r to remain
small for efficiency, thereby limiting the attainable representational power. This motivates our focus
on mechanisms that can effectively increase the attainable rank of LoRA updates without incurring
prohibitive parameter cost.

2.2 NON-LINEAR LORA

To overcome this limitation, several recent works have proposed enhancing LoRA by incorporating
non-linear transformations (Jiang et al., 2024; Valipour et al., 2022). Among these, the sine-based
method (Ji et al.) stands out for its use of a smooth, periodic, and bounded function to increase the
effective rank of the transformation. Specifically, it replaces the standard residual with:

∆W =
1

g
· sin(ω ·BA), (2)

where ω ∈ R is a fixed frequency hyperparameter, and g is a scaling factor for stability.

This method has been theoretically shown to enhance representational capacity while maintaining
the parameter-efficiency of LoRA. Among various candidate non-linearities, the sine function offers
the most favorable trade-off in terms of expressiveness and stability. However, a key limitation of this
formulation is that the frequency parameter ω is treated as a manually chosen scalar hyperparameter,
this fixed design limits the adaptability of the model across tasks and inputs.

2.3 OBSERVATIONS

Observation 1: Frequency positively correlates with effective rank. Figure 2(a)-(b) shows that
the average rank initially grows linearly with increasing frequency ω, but eventually saturates. Here,
B ∈ Rd×r and A ∈ Rr×d are initialized via Kaiming uniform distribution. To further examine
this effect, we conducted a controlled initialization study (Figure 2(c)) using a low-rank matrix
BA ∈ R512×512, with B ∈ R512×2 and A ∈ R2×512. Applying sin(ωBA) at discrete frequencies
ω ∈ {5, 50, 100, 400}, we visualized row-wise cosine similarities. The heatmaps reveal that larger ω
reduces redundancy and diversifies row directions, leading to higher effective rank. While moderate
ω increases improve representation, excessively high values may push the structure toward an overly
high-rank space, resulting in over-parameterization and degraded generalization.

Observation 2: Model capability does not increase monotonically with matrix rank. Although
higher frequency usually leads to higher rank, this does not always yield better task performance.
As illustrated in Figure 3, we report the accuracy across varying rank settings of LoRA on four rep-
resentative commonsense reasoning datasets: PIQA, SIQA, WinoGrande, and OBQA. We observe a
non-monotonic trend, where accuracy peaks at an intermediate rank and then declines, likely due to
overfitting. Combined with Observation 1, this suggests that larger ω may not always be desirable
in practice, and an optimal frequency range likely exists.

Observation 3: The optimal frequency varies significantly across datasets. In Figure 4, we plot
model performance under varying fixed ω values across several datasets. Models are trained and
evaluated on GSM8K, HumanEval (fine-tuned on Code Alpaca 20K), and HellaSwag. Each dataset
exhibits a different peak frequency, indicating that the optimal ω is sensitive to input distribution.
Moreover, frequency is not just a secondary factor, but a critical component of the adaptation mech-
anism.

Taken together, these observations reveal the limitations of a fixed-frequency design. This moti-
vates our proposal to learn a token-wise input-conditioned frequency function ω(x), allowing the

3



162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

Under review as a conference paper at ICLR 2026

(a) d = 1024, r = 2

0 200 400 600 800 1000
w (frequency multiplier)

0

100

200

300

400

500

Av
er

ag
e 

Ra
nk

 o
f s

in
(w

·B
A)

(b) d = 1024, r = 3

0 200 400 600 800 1000
w (frequency multiplier)

0

200

400

600

800

1000

Av
er

ag
e 

Ra
nk

 o
f s

in
(w

·B
A)

(c) Effect of frequency on matrix rank
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Figure 2: Effect of Frequency Multiplier on Matrix Rank and Structure. (a)-(b) Relationship
between the ω and the average rank of the transformed matrix sin(ω · BA) for different matrix
parameter settings (d, r), where d is the matrix dimension and r is the rank of the initial low-rank
matrix BA ∈ Rd×d. (c) Cosine similarity heatmaps of initialized matrices sin(ωBA) under discrete
frequencies ω. The heatmaps visualize pairwise row-wise similarity using 1 − | cos(xi, xj)| with
sign preservation, where darker regions indicate lower similarity and thus higher effective rank.
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Figure 3: Accuracy of LLaMA3-8B on Com-
monsense Reasoning Datasets with Different
LoRA Ranks r. Each group of bars cor-
responds to a dataset (PIQA, SIQA, Wino-
Grande, and OBQA), and each bar within a
group represents a different LoRA rank.
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Figure 4: Cross-Dataset Frequency Sensitiv-
ity. Each line shows a LLaMA3-8B model
fine-tuned with a fixed sine frequency ω. Per-
formance is centered by subtracting the mean
per curve, with red dots marking the best ω
for each dataset.

model to dynamically modulate the non-linearity and thereby achieve fine-grained, data-dependent
adaptation.

3 METHOD

In this section, we first analyze how applying a sine nonlinearity to a low-rank update matrix affects
its effective rank, and show that the modulation frequency ω directly controls the strength of rank
expansion. This theoretical perspective naturally motivates making ω input-dependent, leading to
our AdaSine-LoRA formulation.

Rank Transition Mechanism. Given a low-rank update matrix M = BA ∈ Rd×k with
rank(M) = r, the sine-activated update admits an element-wise Taylor expansion:

sin(ωM) = ωM − ω3

3!
M⊙3 +O(ω5),

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

Under review as a conference paper at ICLR 2026

where M⊙3 denotes the element-wise cubic power. This decomposition reveals that sin(ωM) con-
sists of a rank-r term ωM plus a nonlinear perturbation whose magnitude scales as O(ω3). Under
standard randomness and genericity assumptions on the low-rank factors A and B, the higher-order
component M⊙3 (and subsequent odd-order terms) does not lie in the original rank-r subspace,
thereby introducing additional independent directions in the row and column spaces.

As ω increases, the perturbation strength grows, progressively breaking the low-rank structure and
yielding a monotonic rise in the effective numerical rank until saturation near full rank. This per-
spective suggests that the frequency ω is a direct knob controlling the extent of rank expansion:
small ω keeps the update close to the original low-rank structure, while larger ω induces stronger
nonlinear perturbations and higher effective rank. Consequently, for each input, an ideally chosen ω
should induce the most beneficial perturbation magnitude.

For a more detailed mathematical treatment of the ω–rank relationship and the input-conditioned
frequency selection, refer to the analysis provided in the Theoretical Framework section of the Ap-
pendix (Section A.2).

From Fixed to Input-Conditioned Frequency. The above analysis indicates that the optimal fre-
quency ω is not universal, but should depend on how much rank expansion is beneficial for a given
input. Intuitively, different tokens may require different levels of representational flexibility, and a
fixed-frequency transformation fails to accommodate this diversity. To align the perturbation scale
with input-dependent needs, we introduce an input-conditioned frequency function ω(x), enabling
each token to adaptively modulate the strength of the non-linearity based on its specific characteris-
tics.

Concretely, for each input token x ∈ Rk, we predict a scalar frequency via a trainable linear trans-
formation:

ω(x) = Wωx, Wω ∈ R1×k. (3)

This design is computationally lightweight and introduces negligible parameter overhead compared
to standard LoRA. However, directly using the raw output of ω(x) may result in unstable training
dynamics, especially during the early stages when weights are randomly initialized. Large frequency
values amplify the oscillation of the sine function and can lead to gradient explosion.

Stable Frequency Normalization. To ensure numerical stability while retaining the rank-
expansion benefits of sine activation, we introduce a sigmoid-based normalization to bound the
predicted frequency within a safe and effective range:

ω̃(x) = ω0 · σ(ω(x)), (4)

where ω0 is a global maximum frequency hyperparameter and σ(·) is the sigmoid function. This
normalization constrains ω̃(x) ∈ (0, ω0), thereby guaranteeing smooth gradients and stable opti-
mization behavior across training iterations. In light of the rank transition analysis, ω0 sets an upper
bound on the maximal rank expansion, while σ(Wωx) allows each token to select an appropriate
perturbation scale within this range.

From Matrix-Centric to Function-Centric Formulation. A naive formulation would be to con-
struct the full transformed matrix first,

∆W =
1

g
· sin(ω̃(x) ·BA), (5)

where g is a scaling factor that controls the magnitude of the update. Applying it to an input gives

∆Wx =
1

g
· sin(ω̃(x) ·BA)x. (6)

However, this formulation requires instantiating a distinct matrix for each input token due to the
input-dependent frequency ω̃(x), resulting in a large activation tensor of shape (b, l, d, k), where b
is the batch size and l is the sequence length. The memory usage in this case scales as O(bldk),
which becomes prohibitive in large-scale models and long-sequence tasks, especially when k (input
dimension) is large. This makes the naive approach inefficient for practical applications.
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Rather than explicitly constructing ∆W and then applying it to x, we instead model its action on the
input, i.e., directly approximate ∆Wx. This reformulation can be seen as moving from a matrix-
centric approximation view (∆W ≈ BA) to a function-centric one (∆Wx ≈ f(BAx)). Since the
ultimate effect of ∆W is only realized when multiplied with x, working with the functional form is
both mathematically near-equivalent and computationally more efficient. Concretely, we compute:

∆Wx =
1

g
· sin (ω̃(x) ·BAx) . (7)

This avoids constructing per-token full matrices and instead directly operates in a token-wise man-
ner. In practice, we first obtain the low-rank projection Ax ∈ Rr, then lift it via BAx ∈ Rd,
and finally apply the sine transformation. The largest activation tensor here has shape (b, l, d),
identical to standard LoRA, thereby retaining its efficiency. This design yields substantial memory
savings—approximately a factor of O(k)—while preserving the expressive benefits of sine-based
transformations. Crucially, it allows the model to approximate the functional behavior of the orig-
inal residual through token-specific nonlinear perturbations, providing greater modeling flexibility
than a static matrix update.

Final Formulation. Putting all components together, our final adaptive update rule is:

∆Wx =
1

g
· sin (ω0 · σ(Wωx) ·BAx) . (8)

This formulation supports input-aware adaptation, avoids the high memory cost of full matrix instan-
tiation, and introduces bounded non-linearity for training stability. It maintains the parameter- and
compute-efficiency of standard LoRA, while significantly enhancing its expressiveness, adaptability,
and robustness.

4 EXPERIMENTS

In this section, we present experiments demonstrating the effectiveness of AdaSine-LoRA across
diverse tasks spanning both language and vision–language models. We first fine-tune LLaMA 3 on
commonsense reasoning benchmarks to compare AdaSine-LoRA with several PEFT baselines. We
then assess its applicability to generative tasks using standard NLG benchmarks. Finally, we extend
the evaluation to multimodal settings by comparing AdaSine-LoRA with other LoRA variants on
image–text understanding tasks using LLaVA-1.5-7B.

4.1 LARGE LANGUAGE MODELS

To comprehensively validate the effectiveness of AdaSine-LoRA on large language models (LLMs),
we conduct extensive experiments by fine-tuning LLaMA 3-8B on both commonsense reasoning and
NLG tasks.
Dataset. For commonsense reasoning, we utilize eight benchmark datasets, including BoolQ(Clark
et al., 2019), PIQA(Bisk et al., 2019), SIQA(Sap et al., 2019), HellaSwag (HS)(Zellers et al.,
2019), WinoGrande (WG)(Sakaguchi et al., 2021), ARC-c, ARC-e(Clark et al., 2018), and
OBQA(Mihaylov et al., 2018). All training splits from these datasets are merged to form a unified
training set, while evaluations are performed separately on the official test sets of each benchmark.
For NLG tasks, we fine-tune the model on the MetaMath-40K(Yu et al., 2023) dataset and evaluate
it on both GSM8K (Cobbe et al., 2021) and Math(Yu et al., 2023) benchmarks. We also perform
fine-tuning on CodeAlpaca(Chaudhary, 2023), followed by evaluations on HumanEval(Chen et al.,
2021) and MBPP. Additionally, we fine-tune on the XSum training set and evaluate on its official
validation set.

Experiment Setup. To evaluate the effectiveness of AdaSine-LoRA on LLaMA 3-8B, we follow
the standard LoRA design and apply our method to the feed-forward network (FFN) modules of
each transformer layer. Following SineLoRA(Ji et al.), we set g =

√
n, where n is the number

of rows of the weight matrix. We compare the performance of vanilla LoRA, its variants DoRA
and Sine-LoRA, and our proposed AdaSine-LoRA under different rank settings r = 8, 16, 32. The
maximum frequency ω0 in AdaSine-LoRA is set to 400. Additional training configurations and
hyperparameters are detailed in the Appendix.
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Table 1: Performance and parameter count of the LLaMA 3-8B model fine-tuned using AdaSine-
LoRA and other LoRA variants across varying r settings on the commonsense reasoning benchmark.

Method Params BoolQ PIQA SIQA HS WG ARC-e ARC-c OBQA Avg. ∆ vs. LoRA

LoRAr=8 14.2M 89.66 86.24 77.89 92.97 85.40 87.13 74.94 83.60 84.73
Sine LoRAr=8 14.2M 89.94 86.94 81.27 93.75 85.71 85.19 79.40 87.00 86.15 1.42↑
Dorar=8 15.2M 90.00 89.99 82.86 95.50 81.06 89.77 82.83 89.40 87.67 2.94↑
Sine DoRAr=8 15.2M 90.34 87.05 82.09 94.91 82.40 89.95 82.75 89.80 87.41 2.68↑
AdaSine-LoRAr=8 14.9M 90.15 88.63 82.24 95.54 87.85 93.65 83.61 90.20 88.98 4.25↑

LoRAr=16 28.3M 89.79 85.96 77.18 92.53 85.87 88.01 75.11 83.00 84.68
Sine LoRAr=16 28.3M 90.24 87.32 81.83 94.33 87.69 90.65 81.55 87.80 87.68 3.00↑
Dorar=16 29.4M 90.31 89.17 82.40 95.74 86.82 88.18 82.92 89.00 88.07 3.39↑
Sine DoRAr=16 29.4M 90.46 88.08 82.54 95.40 87.61 87.65 82.58 89.80 88.02 3.34↑
AdaSine-LoRAr=16 29.0M 90.52 89.45 83.11 95.58 88.40 92.77 83.09 90.60 89.19 4.51↑

LoRAr=32 56.6M 90.06 87.98 77.89 93.85 83.03 89.24 77.51 85.80 85.67
Sine LoRAr=32 56.6M 90.70 87.81 82.09 94.57 86.82 88.89 81.55 87.60 87.50 1.83↑
Dorar=32 57.7M 90.58 89.45 83.16 95.64 84.53 92.24 82.75 89.40 88.47 2.80↑
Sine DoRAr=32 57.7M 90.00 89.72 82.09 95.16 85.40 93.65 82.75 89.40 88.52 2.85↑
AdaSine-LoRAr=32 57.3M 90.80 90.64 83.06 95.83 86.66 93.12 84.46 89.80 89.30 3.63↑

Main Results. The experimental results of AdaSine-LoRA and competing baselines are summa-
rized in Table 1 and Table 2. Across all benchmark datasets, AdaSine-LoRA consistently outper-
forms vanilla LoRA and its variants on both commonsense reasoning and NLG tasks. This superior
performance can be attributed to the adaptive frequency modulation mechanism, which enables
more flexible exploration of nonlinear function space while retaining controllable representational
capacity.

Furthermore, the additional parameter cost introduced by the adaptive frequency-modulated lin-
ear layers is minimal, making AdaSine-LoRA a lightweight and scalable fine-tuning strategy for
large-scale models. Notably, this overhead grows sublinearly compared to the parameter increase
incurred by raising the rank r, offering a more cost-effective trade-off between performance and
parameter count. Notably, AdaSine-LoRA exhibits clear advantages on complex NLG tasks such
as code generation and mathematical reasoning, demonstrating strong robustness and the ability to
accommodate tasks that demand higher representational expressivity.

4.2 VISUAL INSTRUCTION TUNING

To further investigate the scalability of AdaSine-LoRA, we extend our experiments to larger model
settings by applying visual instruction tuning on VLMs. To ensure a fair comparison, we strictly
follow the DoRA training configurations, i.e. adopting the same LoRA settings as used in its orig-
inal implementation. Our experiments are carried out on LLaVA-1.5-7B(Liu et al., 2023a), which
integrates the Vicuna-1.5-7B language model(Peng et al., 2023) and the CLIP ViT-L/336px vision
encoder(Radford et al., 2021). The training corpus comprises a mixture of datasets, including VQA
datasets(Schwenk et al., 2022), benchmarks(Mishra et al., 2019), region-level VQA datasets(Mao
et al., 2016), visual dialogue data(Liu et al., 2023a), and standard language-only conversations. We
follow the data filtering and prompt construction strategies introduced in(Liu et al., 2023a).

Evaluation is conducted on seven vision-language benchmarks: VQAv2(Goyal et al., 2017),
GQA(Hudson & Manning, 2019), VizWiz(Gurari et al., 2018), SQA(Lu et al., 2022), VQAT(Singh
et al., 2019), POPE(Li et al., 2023), and MMBench(Liu et al., 2023b). As shown in Table 3, LoRA
already outperforms full fine-tuning (FT) in terms of average accuracy, potentially due to FT’s ten-
dency to overfit in certain scenarios. In such cases, AdaSine-LoRA further improves performance
by leveraging its adaptive frequency modulation mechanism, which effectively mitigates overfitting
and enhances generalization. Across most benchmarks, AdaSine-LoRA consistently surpasses all
LoRA variants and FT, achieving an average improvement of +0.4 over DoRA and +1.5 over FT.
Meanwhile, the number of trainable parameters of AdaSine-LoRA maintains a similar level to LoRA
and DoRA.
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Table 2: Performance and parameter count of the LLaMA 3-8B model fine-tuned using AdaSine-
LoRA and other LoRA variants across varying r settings on natural language generation bench-
marks.

Method r Params GSM8K MATH HumanEval MBPP Xsum Avg.
rouge1 rougeLsum

LoRA

8

14.2M 71.87 23.42 39.02 32.60 41.31 33.34 40.26
Sine LoRA 14.2M 72.23 23.68 39.63 37.80 42.45 35.23 41.83
DoRA 15.2M 72.86 23.86 44.51 39.60 41.87 34.65 42.89
AdaSine-LoRA 14.9M 72.40 23.96 45.12 42.60 44.29 36.91 43.71

LoRA

16

28.3M 72.02 23.50 42.68 33.60 43.50 35.95 41.88
Sine LoRA 28.3M 72.38 23.94 39.63 41.20 44.22 36.43 42.97
DoRA 29.4M 72.02 24.12 42.68 41.40 44.37 37.12 43.65
AdaSine-LoRA 29.0M 72.61 24.46 43.90 43.40 44.26 36.81 44.24

LoRA

32

56.6M 72.40 24.52 42.68 39.80 43.21 35.99 43.10
Sine LoRA 56.6M 72.91 24.70 41.46 41.80 43.87 36.73 43.58
DoRA 57.7M 74.00 24.30 43.29 42.60 43.14 36.13 43.91
AdaSine-LoRA 57.3M 73.37 24.88 43.90 45.40 44.64 36.95 44.86

Table 3: Visual instruction tuning evaluation result of AdaSine-LoRA, DoRA, LoRA, and FT for
LLaVA-1.5-7B on a wide range of 7 vision-language tasks.

Method %Param VQAv2 GQA VisWiz SQA VQAT POPE MMBench Avg
FT 100 78.5 61.9 50.0 66.8 58.2 85.9 64.3 66.5
LoRA 4.61 79.1 62.9 47.8 68.4 58.2 86.4 66.1 66.9
Sine LoRA 4.61 79.1 63.4 51.4 69.4 57.2 87.4 66.1 67.7
DoRA 4.63 78.6 62.9 52.2 69.9 57.0 87.2 66.1 67.6
Ours 4.63 78.9 63.1 52.9 68.0 58.1 87.9 67.1 68.0

4.3 ANALYSIS

Effect of the upper frequency bound ω0 on performance. We conduct a series of experiments
across eight commonsense reasoning datasets. Figure 5 reports the results on three representative
datasets—HellaSwag, SIQA, and WinoGrande—along with the overall average performance. Hor-
izontal dashed lines represent SineLoRA with fixed frequency ω = 200, serving as a comparison
baseline. The results demonstrate that AdaSine-LoRA is not particularly sensitive to the choice of
ω0, as it achieves consistently strong performance across all tested values. This indicates that the
effective range of ω0 is broad. Additionally, across most settings, the adaptive frequency modula-
tion strategy consistently outperforms its fixed-frequency counterparts, suggesting that our method
is generally more effective under a wide range of parameter configurations.

Effect of different sine parameterizations. Table 4 presents an ablation study comparing
three ways of integrating the sine nonlinearity into the low-rank update: (i) applying sine after
the low-rank perturbation (sin(w0BA) · x), (ii) applying sine directly to the transformed input
(sin(w0BAx)), and (iii) our adaptive frequency–modulated formulation (sin(ω0σ(Wωx)BAx)).
Moving the sine operation inside the transformation already improves both memory efficiency and
inference speed while preserving accuracy. Introducing input-dependent frequency further enhances
model expressiveness, producing consistent gains under both r = 16 and r = 32. These results con-
firm that adaptive modulation provides a more flexible perturbation pattern and leads to the best
overall performance–efficiency trade-off. Specifically, the results in Table show that “Mem. (GB)”
refers to the training memory in gigabytes, while “Inf. Speed (it/s)” refers to the inference speed
in iterations per second. These values were measured during model evaluation. The abbreviation
“CR(Avg.)” in the table represents the average performance across all tasks in the “Commonsense

8
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Table 4: Ablation of different sine parameterizations in LoRA. We compare applying sine outside
the low-rank update, inside the transformed input, and our adaptive frequency modulation.

Method r CR(Avg.) GSM8K MATH Mem. (GB) Inf. Speed (it/s)
sin(w0BA) · x 16 87.68 72.38 23.94 72.0 8.53

sin(w0BAx) 16 87.75 71.87 23.96 55.3 11.17
sin(ω0σ(Wωx)BAx) 16 89.19 72.61 24.46 57.8 9.87

sin(w0BA) · x 32 87.50 72.91 24.70 72.2 8.50

sin(w0BAx) 32 88.05 73.09 24.30 55.6 10.23
sin(ω0σ(Wωx)BAx) 32 89.30 73.37 24.88 58.0 9.05

100 200 300 400 500 600
0 (Frequency)

84

86

88

90

92

94

96

Ac
cu

ra
cy

 (%
)

HellaSwag
PIQA
WinoGrande
Avg.

Figure 5: Ablation study on frequency modu-
lation with AdaSine-LoRA (rank = 16). Per-
formance is reported under varying frequency
upper bounds ω0, with SineLoRA (ω = 200) in-
cluded as a baseline. For each dataset, the peak
accuracy is marked with a red triangle.
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Figure 6: Loss curves on MetaMath (rank =
8). The main plot shows training loss curves
smoothed by a Savitzky–Golay filter (poly-
order=3), with semi-transparent scatter points in-
dicating raw data; the inset displays a zoomed-in
view of steps 1–50.

Reasoning” dataset, further highlighting the balance between memory efficiency and model perfor-
mance. The Inference Speed reported in the table is measured on the SIQA dataset.

Training Convergence Analysis. Experimental results show that AdaSine-LoRA achieves faster
convergence with fewer training steps while enhancing task performance. Its nonlinear design with
adaptive frequency modulation expands the representational space, enabling smoother weight up-
dates and lower gradient variance. As shown in Figure 6, AdaSine-LoRA consistently reduces loss
more quickly than standard LoRA, making it especially effective for large-scale models where sta-
bility and efficiency are critical.

Efficiency Analysis. Figure 7 compares the memory and time efficiency of different adaptation
methods. As shown in subfigure (a), SineLoRA and SineDoRA incur substantially higher memory
usage than LoRA, consistent with their design of applying sine activation after full-rank projection,
which leads to larger intermediate tensors. In contrast, AdaSine-LoRA computes the low-rank pro-
jection BAx before applying the sine function, effectively avoiding high-dimensional intermediate
representations. This design enables AdaSine-LoRA to retain memory efficiency close to LoRA,
while offering stronger expressiveness.

Subfigure (b) compares the actual training time of each method on the XSum dataset. The runtime
is measured as the wall-clock time (in hours) required to complete one epoch on a single GPU, with
a batch size of 2 and gradient accumulation of 16. AdaSine-LoRA again achieves a favorable result:
it is only marginally slower than LoRA, but substantially faster than SineLoRA and DoRA. This
efficiency gain can be attributed to the careful control of matrix sizes in our formulation. Since the
dominant cost in large-scale training comes from matrix multiplications involving the weight update
path, increasing the dimensionality of intermediate tensors—especially in methods like SineLoRA
which propagate large (d × k) tensors per token—can dramatically slow down training. By op-
erating directly on compact representations (i.e., projecting to r-dim space and computing BAx),
and applying sine only after dimensionality has been reduced, AdaSine-LoRA avoids unnecessary

9
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(a) Training memory usage under different LoRA ranks
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(b) End-to-end training time comparison
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Figure 7: Comparison of memory and training time across LoRA variants. (a) Training memory
consumption (in GB) of five methods under different LoRA ranks (r = 8, 16, 32), measured on the
LLaMA3-8B model. (b) End-to-end training time (in hours) for four representative methods on the
XSum summarization dataset. Each bar reports the time to train for one epoch using a batch size of
2 and gradient accumulation of 16 on a single GPU.

tensor expansion while still introducing non-linearity. This architectural discipline ensures that ex-
pressiveness is enhanced without compromising training scalability.

5 RELATED WORK

Parameter-Efficient Fine-Tuning. Parameter-efficient fine-tuning (PEFT) reduces computation
and memory by updating only a small subset of parameters. Existing methods fall into three main
categories: adapter-based, prompt-based, and reparameterization-based techniques. Adapter-based
approaches (Houlsby et al., 2019; He et al., 2021; Karimi Mahabadi et al., 2021) insert lightweight
modules into frozen backbones for efficient adaptation. Prompt-based methods such as Prefix Tun-
ing (Li & Liang, 2021), Prompt Tuning (Lester et al., 2021), and P-Tuning v2 (Liu et al., 2022)
optimize task-specific input tokens but often depend heavily on initialization. Reparameterization-
based methods, typified by LoRA (Hu et al., 2022), restrict updates to a low-rank subspace without
modifying the backbone or adding inference latency, with extensions like QLoRA (Dettmers et al.,
2023) incorporating quantization-aware tuning.

LoRA and Low-Rank Adaptation Improvements. LoRA approximates fine-tuning updates us-
ing a pair of low-rank matrices, reducing memory cost but constraining expressiveness due to its
fixed rank. Adaptive approaches such as IncreLoRA (Zhang et al., 2023) and DyLoRA (Valipour
et al., 2022) address this by dynamically adjusting rank during training. Structural refinements like
DoRA (Liu et al., 2024) decouple magnitude and direction, while routing-based methods including
HydraLoRA (Tian et al., 2024) and AutoLoRA (Zhang et al., 2024b) introduce expert selection.
Initialization techniques have also advanced: PiSSA (Meng et al., 2024) leverages SVD, whereas
MiLoRA (Zhang et al., 2024a) and OLoRA (Büyükakyüz, 2024) use alternative spectral or QR-
based forms. Other variants such as EVA (Paischer et al., 2024) and LoRA-GA (Wang et al., 2024)
explore activations or gradients, though often at the cost of training–inference mismatch. Despite
these efforts, balancing rank flexibility, expressiveness, and compatibility with distributed training
frameworks remains challenging (Rajbhandari et al., 2019).

6 CONCLUSION

We introduced AdaSine-LoRA, a simple yet effective extension to LoRA that enhances expres-
siveness through input-conditioned frequency modulation. Instead of relying on a fixed global fre-
quency, our method learns a lightweight mapping from input to frequency, enabling token-wise con-
trol over the non-linearity scale. Theoretically, we show that frequency modulation directly impacts
the functional rank of the update matrix. Empirically, AdaSine-LoRA consistently outperforms ex-
isting LoRA variants across a wide range of NLP and vision tasks, with minimal parameter and
runtime overhead. Our approach offers a principled solution to improving LoRA’s flexibility and
capacity while preserving its core efficiency benefits.

10
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7 ETHICS STATEMENT

This work focuses on improving parameter-efficient fine-tuning for large language models. All ex-
periments are conducted on widely used benchmark datasets without involving private, sensitive, or
personally identifiable information. While our method may enhance model capability, it also raises
the possibility of misuse, so we emphasize that it should be applied responsibly with appropriate
safeguards.

8 REPRODUCIBILITY STATEMENT

We provide detailed descriptions of experimental settings in Section 4.1 (Large Language Models)
and the Appendix. All datasets used in our experiments are publicly available and properly cited.
The experimental setup and methodological principles have been clearly documented; if needed, we
are prepared to release the core code to further support reproducibility.
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Kerim Büyükakyüz. Olora: Orthonormal low-rank adaptation of large language models. arXiv
preprint arXiv:2406.01775, 2024.

T Tony Cai and Anru Zhang. Rate-optimal perturbation bounds for singular subspaces with appli-
cations to high-dimensional statistics. 2018.

Sahil Chaudhary. Code alpaca: An instruction-following llama model for code generation. GitHub
repository, 2023.

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, Henrique Ponde De Oliveira Pinto, Jared
Kaplan, Harri Edwards, Yuri Burda, Nicholas Joseph, Greg Brockman, et al. Evaluating large
language models trained on code. arXiv preprint arXiv:2107.03374, 2021.

Christopher Clark, Kenton Lee, Ming-Wei Chang, Tom Kwiatkowski, Michael Collins, and Kristina
Toutanova. Boolq: Exploring the surprising difficulty of natural yes/no questions. arXiv preprint
arXiv:1905.10044, 2019.

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar Khot, Ashish Sabharwal, Carissa Schoenick, and
Oyvind Tafjord. Think you have solved question answering? try arc, the ai2 reasoning challenge.
arXiv preprint arXiv:1803.05457, 2018.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian, Mark Chen, Heewoo Jun, Lukasz Kaiser,
Matthias Plappert, Jerry Tworek, Jacob Hilton, Reiichiro Nakano, et al. Training verifiers to
solve math word problems. arXiv preprint arXiv:2110.14168, 2021.

Tim Dettmers, Artidoro Pagnoni, Ari Holtzman, and Luke Zettlemoyer. Qlora: Efficient fine-tuning
of quantized llms. arXiv preprint arXiv:2305.14314, 2023.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, Jakob Uszko-
reit, and Neil Houlsby. An image is worth 16x16 words: Transformers for image recognition at
scale. In International Conference on Learning Representations (ICLR), 2021.

Chenghao Fan, Zhenyi Lu, Sichen Liu, Chengfeng Gu, Xiaoye Qu, Wei Wei, and Yu Cheng. Make
lora great again: Boosting lora with adaptive singular values and mixture-of-experts optimization
alignment. arXiv preprint arXiv:2502.16894, 2025.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Yash Goyal, Tejas Khot, Douglas Summers-Stay, Dhruv Batra, and Devi Parikh. Making the v in vqa
matter: Elevating the role of image understanding in visual question answering. In Proceedings
of the IEEE conference on computer vision and pattern recognition, pp. 6904–6913, 2017.

Danna Gurari, Qing Li, Andrew J Stangl, Anhong Guo, Chi Lin, Kristen Grauman, Jiebo Luo, and
Jeffrey P Bigham. Vizwiz grand challenge: Answering visual questions from blind people. In
Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 3608–3617,
2018.

Nathan Halko, Per-Gunnar Martinsson, and Joel A Tropp. Finding structure with randomness:
Probabilistic algorithms for constructing approximate matrix decompositions. SIAM review, 53
(2):217–288, 2011.

Junxian He, Chunting Zhou, Xuezhe Ma, Taylor Berg-Kirkpatrick, and Graham Neubig. Towards a
unified view of parameter-efficient transfer learning. arXiv preprint arXiv:2110.04366, 2021.

Kaiming He, Xinlei Chen, Saining Xie, Yanghao Li, Piotr Dollár, and Ross Girshick. Masked au-
toencoders are scalable vision learners. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), pp. 16000–16009, 2022.

Neil Houlsby, Andrei Giurgiu, Stanislaw Jastrzebski, Bruna Morrone, Quentin de Laroussilhe, Syl-
vain Gelly, Andrea Gesmundo, Mona Attia, and Nando de Freitas Rico. Parameter-efficient trans-
fer learning for nlp. In International Conference on Machine Learning, pp. 2790–2799. PMLR,
2019.

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. Lora: Low-rank adaptation of large language models. In International
Conference on Learning Representations (ICLR), 2022. URL https://openreview.net/
forum?id=nZeVKeeFYf9.

Drew A Hudson and Christopher D Manning. Gqa: A new dataset for real-world visual reasoning
and compositional question answering. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 6700–6709, 2019.

Yiping Ji, Hemanth Saratchandran, Cameron Gordon, Zeyu Zhang, and Simon Lucey. Efficient
learning with sine-activated low-rank matrices. In The Thirteenth International Conference on
Learning Representations.

Ting Jiang, Shaohan Huang, Shengyue Luo, Zihan Zhang, Haizhen Huang, Furu Wei, Weiwei Deng,
Feng Sun, Qi Zhang, Deqing Wang, et al. Mora: High-rank updating for parameter-efficient fine-
tuning. arXiv preprint arXiv:2405.12130, 2024.

Rabeeh Karimi Mahabadi, James Henderson, and Sebastian Ruder. Compacter: Efficient low-rank
hypercomplex adapter layers. In NeurIPS, volume 34, pp. 1022–1035, 2021.

Dawid Jan Kopiczko, Tijmen Blankevoort, and Yuki M. Asano. Vera: Vector-based random ma-
trix adaptation. In International Conference on Learning Representations (ICLR), 2024. URL
https://openreview.net/forum?id=NjNfLdxr3A.

Brian Lester, Rami Al-Rfou, and Noah Constant. The power of scale for parameter-efficient prompt
tuning. In EMNLP, pp. 3045–3059, 2021.

Junnan Li, Dongxu Li, Chunyuan Xiong, and Steven C.H. Hoi. Blip: Bootstrapping language-
image pre-training for unified vision-language understanding and generation. In International
Conference on Machine Learning (ICML), pp. 12888–12900, 2022.

Xiang Lisa Li and Percy Liang. Prefix-tuning: Optimizing continuous prompts for generation. arXiv
preprint arXiv:2101.00190, 2021.

Yinqiao Li, Linqi Song, and Hanxu Hou. Loran: Improved low-rank adaptation by a non-linear
transformation. In Findings of the Association for Computational Linguistics: EMNLP 2024, pp.
3134–3143, 2024.

12

https://openreview.net/forum?id=nZeVKeeFYf9
https://openreview.net/forum?id=nZeVKeeFYf9
https://openreview.net/forum?id=NjNfLdxr3A


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Yuwei Li, Yufei Du, Kaixuan Zhou, Jiaxin Wang, Xiangyu Zhao, and Ji-Rong Wen. Evaluating
object hallucination in large vision-language models. In Proceedings of the 2023 Conference on
Empirical Methods in Natural Language Processing, pp. 292–305, 2023.

Vladislav Lialin, Vijeta Deshpande, and Anna Rumshisky. Scaling down to scale up: A guide to
parameter-efficient fine-tuning. arXiv preprint arXiv:2303.15647, 2023.

Haotian Liu, Chunyuan Zhang, Yutong Zhang, Chieh Hsieh, Zhengyuan Song, Zhe Liu, Linjie Li,
Lu Yuan, and Jianfeng Zhang. Visual instruction tuning. arXiv preprint arXiv:2304.08485, 2023a.

Shih-Yang Liu, Chien-Yi Wang, Hongxu Yin, Pavlo Molchanov, Yu-Chiang Frank Wang, Kwang-
Ting Cheng, and Min-Hung Chen. Dora: Weight-decomposed low-rank adaptation. In Forty-first
International Conference on Machine Learning, 2024.

Xiao Liu, Kaixuan Ji, Yicheng Fu, Angela Tam, Zhengxiao Du, Zhilin Yang, and Jie Tang. P-tuning
v2: Prompt tuning can be comparable to fine-tuning universally across scales and tasks. In ICLR,
2022.

Yuwei Liu, Haoxuan Duan, Yujie Zhang, Bing Li, Songyang Zhang, Wenxuan Zhao, Yelong Yuan,
Jiaxin Wang, Chenguang He, Zhenghao Liu, et al. Mmbench: Is your multi-modal model an
all-around player? arXiv preprint arXiv:2307.06281, 2023b.

Pan Lu, Swaroop Mishra, Tony Xia, Liang Qiu, Kai-Wei Chang, Song-Chun Zhu, Oyvind Tafjord,
Peter Clark, and Ashwin Kalyan. Learn to explain: Multimodal reasoning via thought chains for
science question answering. Advances in Neural Information Processing Systems, pp. 2507–2521,
2022.

Junhua Mao, Jonathan Huang, Alexander Toshev, Oana Camburu, Alan L Yuille, and Kevin Murphy.
Generation and comprehension of unambiguous object descriptions. In Proceedings of the IEEE
conference on computer vision and pattern recognition, pp. 11–20, 2016.

Fanxu Meng, Zhaohui Wang, and Muhan Zhang. Pissa: Principal singular values and singular
vectors adaptation of large language models. Advances in Neural Information Processing Systems,
37:121038–121072, 2024.

Todor Mihaylov, Peter Clark, Tushar Khot, and Ashish Sabharwal. Can a suit of armor conduct
electricity? a new dataset for open book question answering. arXiv preprint arXiv:1809.02789,
2018.

Anand Mishra, Shashank Shekhar, Ajeet Kumar Singh, and Anirban Chakraborty. Ocr-vqa: Visual
question answering by reading text in images. In 2019 international conference on document
analysis and recognition (ICDAR), pp. 947–952. IEEE, 2019.

Fabian Paischer, Lukas Hauzenberger, Thomas Schmied, Benedikt Alkin, Marc Peter Deisenroth,
and Sepp Hochreiter. One initialization to rule them all: Fine-tuning via explained variance
adaptation. arXiv preprint arXiv:2410.07170, 2024.

Baolin Peng, Chunyuan Li, Pengcheng He, Michel Galley, and Jianfeng Gao. Instruction tuning
with gpt-4. arXiv preprint arXiv:2304.03277, 2023.

Jeffrey Pennington and Pratik Worah. Nonlinear random matrix theory for deep learning. Advances
in neural information processing systems, 30, 2017.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In International conference on machine learning, pp.
8748–8763. PmLR, 2021.

Samyam Rajbhandari, Jeff Rasley, Olatunji Ruwase, and Yuxiong He. Zero: Memory optimiza-
tion towards training a trillion parameter models. corr abs/1910.02054 (2019). arXiv preprint
arXiv:1910.02054, 2019.

Keisuke Sakaguchi, Ronan Le Bras, Chandra Bhagavatula, and Yejin Choi. Winogrande: An adver-
sarial winograd schema challenge at scale. Communications of the ACM, 64(9):99–106, 2021.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Maarten Sap, Hannah Rashkin, Derek Chen, Ronan Le Bras, and Yejin Choi. Socialiqa: Common-
sense reasoning about social interactions. arXiv preprint arXiv:1904.09728, 2019.

Dustin Schwenk, Apoorv Khandelwal, Christopher Clark, Kenneth Marino, and Roozbeh Mottaghi.
A-okvqa: A benchmark for visual question answering using world knowledge. In European
conference on computer vision, pp. 146–162. Springer, 2022.

Amanpreet Singh, Vivek Natarajan, Meet Shah, Yu Jiang, Xinlei Chen, Dhruv Batra, Devi Parikh,
and Marcus Rohrbach. Towards vqa models that can read. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 8317–8326, 2019.

Chunlin Tian, Zhan Shi, Zhijiang Guo, Li Li, and Cheng-Zhong Xu. Hydralora: An asymmetric
lora architecture for efficient fine-tuning. Advances in Neural Information Processing Systems,
37:9565–9584, 2024.

Mojtaba Valipour, Mehdi Rezagholizadeh, Ivan Kobyzev, and Ali Ghodsi. Dylora: Parameter effi-
cient tuning of pre-trained models using dynamic search-free low-rank adaptation. arXiv preprint
arXiv:2210.07558, 2022.

Shaowen Wang, Linxi Yu, and Jian Li. Lora-ga: Low-rank adaptation with gradient approximation.
Advances in Neural Information Processing Systems, 37:54905–54931, 2024.
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A APPENDIX

A.1 THE USE OF LARGE LANGUAGE MODELS (LLMS)

In preparing this manuscript, we employed GPT-based large language models solely for final pol-
ishing, including grammar correction, phrasing refinement. The use of LLMs did not extend to the
design of the methodology, data analysis, or experimental results. All scientific contributions, in-
cluding problem formulation, theoretical analysis, algorithm design, and empirical evaluation, were
conducted independently by the authors.

A.2 THEORETICAL FRAMEWORK

A.2.1 STATISTICAL APPROXIMATION OF RANK TRANSITION

Let M = BA ∈ Rd×k denote the low-rank update matrix with rank(M) = r, where d is the output
dimension, k is the input dimension, and r is the intrinsic rank of the decomposition. We denote
by ω ∈ R+ the modulation frequency, and by Rankω the effective rank of the transformed matrix
sin(ωM), measured for example via numerical rank with a fixed threshold. The observed transition
in rank behavior can be approximated by a sigmoid-shaped curve, modeled as:

Rankω ≈ r + (d− r) ·
(
1− e−α·ωr/d

)
,

where α is a constant depending on the nonlinearity and initialization. This approximation is
consistent with the following theoretical insights: (i) when ω → 0, a Taylor expansion gives
sin(ωM) ≈ ωM , so the effective rank remains close to the base rank r; (ii) for sufficiently large ω,
and under mild randomness assumptions on the entries of M , the values sin(ωmij) behave approxi-
mately like zero-mean random variables with variance close to 1/2, for which random matrix theory
implies that the expected numerical rank approaches d. Hence the sigmoid form can be interpreted
as a smooth interpolation between these two limiting regimes.

Conclusion. This statistical perspective captures the nonlinear transition of effective rank as fre-
quency varies. While it provides useful intuition, it remains an approximation. In the following
subsection, we present a theoretical proposition and accompanying analysis suggesting that input-
conditioned frequency selection can achieve higher attainable numerical rank than any fixed fre-
quency choice under mild assumptions.

A.2.2 THEORETICAL PROPOSITION: INPUT-CONDITIONED FREQUENCY ENHANCES RANK

In this subsection, we aim to show that allowing the modulation frequency ω(x) to depend on the
input leads to higher attainable numerical rank than using a fixed global frequency ω0.

Definition (Numerical Rank). For a matrix W and tolerance ϵ > 0, we define the ϵ-numerical
rank as

Rankϵ(W ) := #{i : σi(W ) > ϵ},
where {σi(W )} are the singular values of W . This captures the effective dimensionality above noise
level ϵ, and is standard in matrix approximation and randomized SVD analyses (Halko et al., 2011).

Proposition. Let M = BA ∈ Rd×k be a fixed rank-r matrix (r < min(d, k)). Define

Ŵ (x) := sin
(
ω(x)M

)
, ω(x) > 0.

Then: 1. For any fixed ω0 > 0, we have

sup
x

Rankϵ(Ŵ (x)) ≥ Rankϵ(sin(ω0M)).

2. If the input set X satisfies the diversity condition

∃x1, x2 ∈ X s.t. ∥Mx1∥ ̸= ∥Mx2∥ or they occupy distinct spectral directions,

then, under mild regularity assumptions on M and the numerical rank threshold,

sup
x

Rankϵ(Ŵ (x)) > Rankϵ(sin(ω0M)).
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Proof. Step 1 (Perturbation analysis). Expand sin(ωM) via Taylor series:

sin(ωM) = ωM +R(ωM),

where R(ωM) is the higher-order remainder. For ω in a moderate regime, ∥R(ωM)∥ is controlled.

Let σr(M) denote the r-th singular value, and define the spectral gap

gap := σr(ωM)− σr+1(ωM).

By Wedin’s sinΘ theorem and its refinements (Wedin, 1972; Cai & Zhang, 2018), if ∥R(ωM)∥ <
1
2 gap, then the top-r singular subspace of sin(ωM) deviates from that of ωM by at most

sinΘ(Ur, Ûr) ≤ ∥R(ωM)∥
gap

,

and each of the r dominant singular values remains bounded below by

σi(sin(ωM)) ≥ σi(ωM)− ∥R(ωM)∥.
Thus, for small enough perturbation,

Rankϵ(sin(ωM)) ≥ r − δ(ω),

where δ(ω) ≤ c ∥R(ωM)∥/gap for some universal constant c. This provides a rigorous lower
bound.

Step 2 (Supremum covers fixed case). Choosing ω(x) ≡ ω0 yields Ŵ (x) = sin(ω0M) for all x.
Hence,

sup
x

Rankϵ(Ŵ (x)) ≥ Rankϵ(sin(ω0M)).

Step 3 (Strict inequality via input diversity). Define the input-wise optimal frequency in terms of the
output responses

ω∗(x) := argmax
ω

Rankϵ
(
sin(ωMx)

)
,

For a fixed ω0, there can exist inputs x such that ω0 induces phase alignment in some coordinates of
Mx, collapsing certain directions in the corresponding responses below the threshold ϵ. Allowing
ω(x) to vary with x can avoid such collapses for different inputs, and thereby achieve a strictly higher
attainable numerical rank over the family {Ŵ (x)}x than any single fixed ω0 in generic settings. In
particular, under the above diversity condition on X , this intuition supports the strict inequality
stated in the second part of the proposition.

Example (2D case). Let

M =

(
1 0
0 α

)
, x = (x1, x2)

⊤.

Then
sin(ωMx) =

(
sin(ωx1), sin(ωαx2)

)⊤
.

No single ω0 can simultaneously prevent degeneracy for both components across all (x1, x2),
whereas ω(x) can adapt, yielding strictly higher numerical rank.

Conclusion. Therefore, input-conditioned frequency modulation guarantees non-decrease in ef-
fective rank, and under mild diversity conditions on the input distribution, it strictly increases the
attainable numerical rank, consistent with prior observations that nonlinear mappings expand spec-
tral diversity (Pennington & Worah, 2017).

Remark (No universal optimal frequency). It is worth noting that, in general, there does not exist
a single global frequency ω0 that optimizes the numerical rank for all inputs simultaneously. For
example, if two inputs x1, x2 yield Mx1 and Mx2 with different magnitudes or spectral directions,
a frequency ω0 that spreads one vector’s components across the sine period will typically under- or
over-oscillate the other. Formally, this implies that

̸ ∃ω∗ s.t. ω∗ = argmax
ω

Rankϵ(sin(ωMx)), ∀x ∈ X .

Hence, the optimal modulation must depend on the input, further justifying the necessity of input-
conditioned frequency.
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A.3 EXPERIMENTS

A.3.1 QUANTITATIVE ANALYSIS OF FREQUENCY-RANK RELATIONSHIP

To further support the observation that higher frequency ω leads to an increase in the effective rank of
the transformed matrix sin(ωBA), we conduct a quantitative study that systematically analyzes the
rank behavior under different dimensional configurations. For each frequency value ω ∈ [1, 1000],
we repeat the matrix sampling process 100 times with different random seeds and compute the
average rank of the resulting matrix after applying the sine transformation.

Figure 8 provides two supplementary results with different matrix dimensions, namely (d, r) =
(512, 2), (1024, 4). Across all settings, the average rank first increases approximately linearly with
frequency ω, and then saturates beyond a certain threshold. These additional experiments further
corroborate the main findings in Figure 2(a)-(b), showing that the nonlinear mapping sin(ω·) ampli-
fies row-wise variation and lifts the low-rank structure into a more expressive representation space
without introducing extra parameters.
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(b) d = 1024, r = 4

Figure 8: Relationship between frequency multiplier w and the average rank of the transformed
matrix sin(w ·BA) under two representative matrix configurations.
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1.0 0.5 0.0 0.5 1.0Figure 9: Effect of rank on matrix structure. Cosine similarity heatmaps of initialized matrices
with different LoRA ranks. We compare r = 1 (left) and r = 4 (right), using the same Kaiming
initialization and transformation sin(ω · BA). Darker regions indicate reduced pairwise directional
similarity, suggesting richer representations and greater expressive capacity. (In the first row, second
column, the very small values lead to a heatmap that appears nearly white.)

Visualization of Rank Impact. In addition to analyzing the effect of frequency ω, we further
visualize how varying the intrinsic rank r of the base matrix BA influences the structure of the
transformed matrix sin(ω · BA). Figure 9 compares cosine similarity heatmaps for two configura-
tions: r = 1 and r = 4, with all other settings kept constant. The chosen value of ω in each case
corresponds to the frequency specified in the figure annotations. As the rank increases, we observe a
notable reduction in row-wise similarity, reflecting enhanced representational diversity and reduced
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redundancy among rows. This trend complements the frequency-based findings in Figure 8, and
together they illustrate that both ω and r serve as key factors in modulating the expressiveness of
low-rank parameterizations. These results further reinforce the need for adaptive frequency mecha-
nisms, as static settings of r and ω can easily push the system into under-expressive or over-saturated
regimes depending on their interaction.

A.3.2 ABLATION STUDY ON FORMULA COMPONENTS AND PARAMETER BEHAVIOR
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(a) Low-rank decomposition comparison.
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Figure 10: Comparing the properties of different nonlinear functions. (a) Low-rank decomposition
comparison. (b) Change in effective rank with varying frequency ω. In (b), some of the lines
overlap: the Sigmoid curve is slightly higher than the Tanh and LoRA curves, which are nearly
identical, while the ReLU and Leaky ReLU curves coincide.
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Nonlinear Activation Function Comparison The main advantage of using the sine function for
non-linear operations is its periodicity around the origin, which is controllable via the frequency
parameter. This property allows for more predictable and flexible control over the transformation
of the data. Specifically, for any non-zero matrix A, we can prove that there exists a frequency
(w > 0) such that the Frobenius norm of sin(wA) scales linearly with w, while the operator norm
scales sub-linearly.

In contrast, other non-linear functions like sigmoid and ReLU do not exhibit this type of periodic
and scalable behavior, limiting their ability to enhance the rank of low-rank updates effectively. The
sine function’s ability to control the effective rank via frequency provides a distinct advantage in
improving the representational capacity of the model without introducing excessive parameters.

To validate that the sine function is the most suitable nonlinearity for our method, we conducted a
comparison with several other commonly used nonlinear activation functions. The results of these
experiments are presented in Figure 10. In Figure 10(a), we compare the low-rank decomposition
performance of various nonlinear functions using singular value spectrum analysis. This analysis
shows that the sine function effectively increases the matrix rank compared to other nonlinearities,
demonstrating its superior capacity for rank enhancement. In Figure 10(b), we examine the change
in effective rank with varying frequency parameter ω, where the sine function not only increases the
matrix rank but also meets the necessary conditions for dynamic adjustment and adaptive frequency
modulation. The results confirm that the sine function is uniquely effective in adapting the matrix
rank and provides the flexibility required for our optimization task.

Linear Layer vs. MLP for Frequency Tuning The choice of using a normalized linear layer
instead of a multi-layer perceptron (MLP) for frequency tuning stems from LoRA’s core principle of
minimizing both parameter count and computational cost. To achieve this, we opted for the simplest
possible structure. Introducing an MLP (even a small one) into the LoRA framework results in a
substantial increase in computational overhead.

To further evaluate the effectiveness of the frequency mapping function, we conducted an ablation
study comparing the linear layer approach to the MLP. Specifically, we fine-tuned the model on the
CommonsenseQA training set and evaluated it on the corresponding test set. The results, shown
in Table 5, indicate that replacing the linear layer with an MLP does not lead to significant perfor-
mance improvements. In fact, in most cases, the MLP approach underperforms the simpler linear
layer design. This is likely due to LoRA’s dimensionality reduction, which already compresses the
latent space to a very small size, making the complexity of an MLP unnecessary. Moreover, the
introduction of more complex structures led to a significant increase in parameter count, which in
turn caused a reduction in computational speed.

Table 5: Comparison with Different Frequency Mappings and Configurations

Method Freq Mapping r dim layer Params Acc (%) Inference Speed (it/s)
AdaSine LoRA MLP 16 16 2 39.9 81.65 9.47
AdaSine LoRA MLP 16 32 2 51.4 81.82 9.39
AdaSine LoRA MLP 16 64 4 75.2 82.39 8.19
Sine LoRA / 16 / / 28.3 81.16 8.85
AdaSine LoRA Linear 16 / / 29.0 82.31 10.18
AdaSine LoRA MLP 32 16 2 68.16 81.57 9.18
AdaSine LoRA MLP 32 32 2 79.69 82.47 9.11
AdaSine LoRA MLP 32 64 4 103.55 82.15 8.09
Sine LoRA / 32 / / 56.6 81.65 8.85
AdaSine LoRA Linear 32 / / 57.3 82.64 10.09
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A.3.3 ANALYSIS OF MEMORY AND COMPUTATION EFFICIENCY

To further substantiate the efficiency claims made in the main paper, we provide an explicit compar-
ison of memory usage and computational complexity across various parameter-efficient fine-tuning
methods, as summarized in Table 6. These results reinforce the empirical findings in Figure 7,
demonstrating that AdaSine-LoRA strikes an effective balance between expressiveness and effi-
ciency.

Our formulation significantly reduces memory consumption by avoiding the instantiation of full-
rank modulation matrices. In contrast to prior methods like SineLoRA and SineDoRA, which apply
the sine transformation after constructing the full-rank matrix w · BA, our design applies the non-
linearity directly on the compact low-rank projection BAx. This yields a memory complexity of
O(b · l · od), where b is batch size, l is sequence length, o is output dimension, and d is the hidden
dimension—identical to standard LoRA and significantly lower than other non-linear variants.

In terms of computation, AdaSine-LoRA introduces a marginal overhead due to the application of
the sine function and the input-conditioned frequency computation ω(x), both of which are element-
wise operations and do not incur matrix multiplications. The overall complexity remains nearly the
same as standard LoRA:

O(b · l · id+ b · l · od),
where i is the input dimension and d the hidden size. Compared to methods that construct and
modulate full matrices per token, our approach avoids redundant expansion and provides a much
more scalable alternative, particularly in long-sequence or large-batch settings.

In summary, the architectural efficiency of AdaSine-LoRA stems from two key design principles:
(1) retaining a compact low-rank structure before non-linear transformation, and (2) operating in
a token-wise manner without instantiating full activation tensors. This enables our method to pre-
serve the core memory-efficiency advantages of LoRA while enabling enhanced expressiveness via
non-linear modulation, making it well-suited for large-scale and resource-constrained fine-tuning
scenarios.

Table 6: Memory and computation complexity comparison of LoRA variants.

Method Maximum Memory Usage Computation Complexity

LoRA O(b · l · od) O(b · l · id · r + b · l · r · od)
sin(wBA) · x O (max(b · l · od, od · id)) O(id · od+ b · l · id · od)

sin(w(x)BA) · x O(b · l · od · id) O(b · l · id+ od · r · id+ b · l · id · od)
sin(w(x)BAx) O(b · l · od) O(b · l · id+ od · r · id+ b · l · r · od+ b · l · od)

A.3.4 EXPERIMENTAL RESULTS AND HYPERPARAMETER SETTINGS.

Extended Experimental Setup. We follow the standard LoRA design and apply all methods to
the feed-forward network (FFN) modules of each transformer layer in LLaMA 3-8B, specifically
targeting the gate proj, up proj, and down proj linear layers. Unless otherwise specified, all exper-
iments use a fixed LoRA scaling factor α = 32, with rank r ∈ {8, 16, 32}. For AdaSine-LoRA,
the maximum frequency is set to ω0 = 400, and we introduce a fixed scaling factor of 1/

√
d inside

the sine function, where d denotes the input dimension, to balance the contribution of the LoRA
branch. For commonsense reasoning tasks, we train the model for one epoch with a learning rate of
2× 10−4, using AdamW as the optimizer. The LoRA dropout rate is set to 0.05, and a warmup ratio
of 0.03 is applied.

Visualization of the Learned Frequency ω(x) As shown in Figure 11 , we visualize the learned
frequency ω(x) to demonstrate how it adapts across different inputs and layers. The heatmap
presents the frequency ω(x) for each token (columns) and each layer (rows). This visualization
reveals the diversity of the frequency values, confirming that AdaSine-LoRA dynamically adjusts
the frequency based on varying input data. This adaptability is a key strength of our method, con-
tributing to its effectiveness in real-world applications.
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Figure 11: Visualization of the learned frequency ω(x) across different tokens and layers. Each
column represents a different token, while each row corresponds to a different layer.
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Figure 12: Task-specific frequency distributions of AdaSine-LoRA during inference on HumanEval
(NLG) and HellaSwag (commonsense reasoning). The NLG task exhibits broader and higher-valued
frequency ranges, indicating increased nonlinear perturbation strength and higher effective rank,
while the reasoning task shows a more concentrated distribution. These patterns illustrate how
AdaSine-LoRA dynamically allocates modulation strength based on task complexity.

Task-Specific Frequency Distributions To further investigate how AdaSine-LoRA adapts its
modulation behavior across different task types, we conduct an analysis of the learned frequency
distributions during inference on two representative benchmarks: HumanEval for natural language
generation (NLG) and HellaSwag for commonsense reasoning. The frequency values ω(x) are ex-
tracted from the trained model during inference on each dataset, and their distributions are visualized
in Figure 12. Our results reveal a clear distinction between tasks. For the more complex NLG setting
(HumanEval), the model exhibits a noticeable shift toward higher frequency values. This indicates
that the perturbation matrix undergoes a stronger nonlinear transformation, effectively increasing its
functional rank and enabling the low-rank bypass to exert a greater influence on the output. In con-
trast, for the more structured commonsense reasoning task (HellaSwag), the frequency distribution
remains concentrated around lower values, reflecting a milder modulation pattern that aligns with
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the task’s reduced need for high-rank expressivity. Moreover, the frequency distribution for NLG
is significantly more uniform and diverse. This suggests that AdaSine-LoRA leverages a wider
spectrum of modulation strengths to accommodate the heterogeneous linguistic structures inherent
in generation tasks. The increased diversity further demonstrates that adaptive frequency modula-
tion enables the model to tailor perturbation patterns to complex input variations, reinforcing the
effectiveness of our design in handling tasks that demand richer expressiveness. Together, these ob-
servations provide strong empirical evidence that AdaSine-LoRA not only adapts frequency values
at the token and layer levels, but also learns to allocate modulation strengths in a task-dependent
manner, dynamically enhancing model capacity where it is most needed.

Additional Validation on LLaMA2-7B. To further assess the generality of AdaSine-LoRA across
different architectures, we conduct an additional set of experiments on the LLaMA2-7B model. As
shown in Table 7, AdaSine-LoRA continues to outperform strong PEFT baselines. These results
corroborate our findings and demonstrate that the proposed adaptive modulation strategy remains
effective and robust across diverse model configurations.

Table 7: Performance of the LLaMA2-7B model fine-tuned using AdaSine-LoRA and other LoRA
variants across varying r settings on the commonsense reasoning benchmark.

Model PEFT Method r BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA Avg.

LLaMA2-7B

LoRA 32 88.07 84.06 81.68 93.18 84.37 87.13 75.62 84.20 84.79
DoRA 16 88.26 84.06 81.93 93.09 84.53 88.71 75.02 85.00 85.01
DoRA 32 88.07 84.39 82.91 93.87 85.00 87.65 74.76 85.40 85.26
Sine LoRA 16 88.41 84.28 82.80 93.58 83.98 86.95 76.22 85.00 85.15
Sine LoRA 32 88.50 84.39 82.19 93.64 85.00 87.65 74.76 85.40 85.19
AdaSine-LoRA 16 88.47 85.09 82.80 93.90 85.24 88.71 74.42 86.20 85.60
AdaSine-LoRA 32 88.56 85.36 82.91 93.90 85.56 89.59 76.22 85.40 85.94

Comparison with Other Dynamic and Conditional LoRA Methods. In Table 8, we compare
AdaSine-LoRA against several recent dynamic or conditional LoRA variants, all of which are non-
mergeable by design. The results show that AdaSine-LoRA consistently achieves the best perfor-
mance while using substantially fewer trainable parameters. This indicates that adaptive frequency
modulation offers a more expressive and efficient mechanism for enhancing low-rank updates. Fur-
thermore, thanks to our optimized nonlinear computation strategy, AdaSine-LoRA delivers more
than a 2× speedup during both training and inference compared to existing non-mergeable counter-
parts, highlighting its practical efficiency advantages.

Table 8: Comparison with dynamic and conditional LoRA variants. We evaluate AdaSine-LoRA
against several recent dynamic or conditional LoRA methods that share the common property of
being non-mergeable. Despite operating under the same constraint, AdaSine-LoRA achieves the
best overall performance across tasks.

Method Params BoolQ PIQA SIQA HS WG ARC-e ARC-c OBQA Avg.
LoRAMoE (3×8) 44.6M 90.49 89.01 82.55 95.89 88.79 87.30 82.66 89.00 88.21
HydraLoRA (4×8) 42.2M 90.61 89.23 82.60 95.70 88.56 81.83 80.60 89.60 87.34
GOATFan et al. (2025) 62.4M 90.73 89.55 82.86 95.88 88.24 88.71 82.92 90.00 88.61
Ours (r=16) 29.0M 90.52 89.45 83.11 95.58 88.40 92.77 83.09 90.60 89.19

Extended Convergence Results. To further validate the convergence behavior of AdaSine-LoRA,
we present additional training loss curves on Code Alpaca. Consistent with the results reported
in the main text, AdaSine-LoRA exhibits faster convergence and improved stability in the early
phase, while maintaining a smoother long-term trend compared to standard LoRA. As shown in
Figure 13, the loss decreases more rapidly during the initial training steps, and the overall trajecto-
ries remain smoother throughout training. These results reaffirm that the benefits of the proposed
adaptive frequency modulation mechanism persist across different task types, including summariza-
tion and mathematical reasoning.
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(a) Loss curves on Code Alpaca (r = 32)
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(b) Loss curves on Code Alpaca (r = 16)

Figure 13: Loss curves on Code Alpaca (r = 32) and Code Alpaca (r = 16) with LoRA and
AdaSine-LoRA. The figure visualizes training loss trajectories of LoRA and AdaSine-LoRA under
different rank settings across two tasks. In each case, the main curve reflects a smoothed training
loss fitted using a cubic polynomial, and the inset in the upper-right corner zooms in on the early
training phase.
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