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ABSTRACT

Parameter-Efficient Fine-Tuning methods, such as Low-Rank Adaptation (LoRA),
are widely used to adapt pre-trained models (PTMs) due to its computational effi-
ciency. However, LoRA and existing LoRA-based methods treat weight modules in
the PTMs as indivisible units and apply a uniform adaptation capacity. This coarse,
module-level approach overlooks the varying importance of parameters within a
module and fails to exploit the inherent structured sparsity of foundation models.
To address these limitations, we propose Parameter-Importance-Aware Low-Rank
Adaptation (PiLoRA), a novel PEFT method that allocates different adaptation
capacity based on parameter importance. Our approach uses efficient low-rank
gradients to approximate parameter importance in the full weight parameter space,
enabling partition of neurons into distinct groups. Important neurons receive a
higher adaptation capacity for targeted training, while others are tuned with lower
capacity for efficiency. Comprehensive experiments on both the language reasoning
and image classification settings demonstrate that PiLoRA consistently outper-
forms vanilla LoRA with targeted fine-tuning using fewer parameters, striking a
balance between effective adaptation and efficiency. Our work shifts the focus of
adaptation from the module level to a more granular neuron level and unlocks a
more powerful and efficient approach to PEFT.

1 INTRODUCTION

Large Language Models (LLMs) have achieved great success across a wide range of domains, from
natural language understanding and generation to complex reasoning tasks (Touvron et al., 2023;
Achiam et al., 2023; Dai et al., 2024). However, adapting these large-scale models to downstream
tasks remains a challenging problem, as full fine-tuning requires retraining billions of parameters,
incurring significant computational costs (Dodge et al., 2020). Parameter-efficient fine-tuning (PEFT)
methods have emerged as a promising solution, enabling downstream adaptation by updating only a
small subset of parameters (Houlsby et al., 2019; Li & Liang, 2021). Among these, LoRA (Hu et al.,
2021) has become one of the most widely adopted techniques, due to its simplicity and effectiveness.
LoRA injects low-rank, trainable matrices into the model while keeping the pre-trained weights
frozen, which substantially reduces training costs while preserving adaptation performance.

Despite its success, LoRA and its variants typically treat all parameters (e.g., the weight matrix of a
linear layer) within a module (e.g., the attention or feed-forward layers) as a whole, updating them
jointly via assigning the same rank regardless of their relative importance. This uniform approach
often leads to suboptimal results for two key reasons: (1) It overlooks the varying importance of
different parts of the weight matrices, causing the ineffective usage of the low-rank adaptation capacity.
While some methods (Zhang et al., 2023; Ding et al., 2023; Chang et al., 2025) adaptively optimize
the ranks of each LoRA component and allocate the parameter budget for different modules, they
are restricted treat each component as an indivisible unit. This neglects the fine-grained importance
of the parameters within each module, leading to inefficient adaptation capacity allocation. (2) It
fails to leverage the inherent structured sparsity present in foundation models. It is well-established
that not all neurons or parameter groups contribute equally to a model’s capabilities and structured
sparsity can be used to improve the training and inference efficiency (Liu et al., 2023; Yang et al.,
2024; Zheng et al., 2024; Khaki et al., 2025). This implies that even within a single linear layer,
certain parameters are far more critical for adaptation than others. However, existing LoRA-based
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methods largely ignore this intrinsic structure in the parameter space, missing an opportunity for
more targeted and efficient fine-tuning.

To address these issues, we propose Parameter-Importance-Aware Low-Rank Adaptation (PiLoRA),
which decomposes the low-rank updates at each linear layer into distinct parameter groups based on
their importance, and allocates different adaptation capacities accordingly. Our parameter partitioning
operates on the output dimensions of a weight matrix, which corresponds to individual dimensions in
multi-head attention layers and the internal neurons in feed-forward networks. For simplicity, we refer
to this fundamental unit of partitioning as a "neuron" throughout this work. This approach facilitates
a more specialized learning process with better granularity, which enhances both the effectiveness in
adaptation and parameter efficiency.

Our motivation stems from a simple observation: for a pre-trained foundation model that encodes use-
ful knowledge for downstream tasks, the importance of the learned knowledge varies across different
neurons within a module. This observation also aligns with the Lottery Ticket Hypothesis (Frankle &
Carbin, 2019) which states that dense networks contain small sub-networks that can be effectively
trained in isolation to obtain performance comparable to the full model. Hence, it is essential to
identify and focus adaptation on the most critical parameters.

To achieve this, PiLoRA first computes the gradient-based importance for different parameters at the
initial phase of training. Pre-trained backbones exibit diverse feature patterns at distinct parameter
positions, and parameters in even the same positions contribute differently while fine-tuning for
different downstream tasks. The gradient magnitude effectively capture the varying importance of
different parameters within a module. To avoid the costly computation of dense gradient for all
parameters with full fine-tuning, we use the gradients on the by-default low-rank adapter to efficiently
approximate this importance score. Based on the importance scores, we then identify neurons with
different level of importance within each module and decompose the weight matrix into multiple
components accordingly. Different adaptation capacities, i.e., LoRA ranks, are allocated to these
components, with high-importance components receive higher ranks for sufficient adaptation. This
gradient-informed, importance-aware allocation ensures that adaptation capacity is concentrated on
where it is needed most, which results in a more efficient fine-tuning process.

We summarize our contribution as follows:

• We introduce a method to estimate parameter importance within the pre-trained weight mod-
ule based on gradients from low-rank adapters, and provide visualizations of approximate
gradient on the pre-trained weights.

• We propose Parameter-Importance-Aware Low-Rank Adaptation (PiLoRA), a novel PEFT
method that leverages gradient-informed parameter importance for a more targeted fine-
tuning process with improved memory efficiency.

• We conduct extensive experiments on various tasks to demonstrate that PiLoRA enables
effective adaptation with fewer parameters.

2 RELATED WORK

2.1 PARAMETER-EFFICIENT FINE-TUNING (PEFT)

PEFT methods aim to reduce the computational cost of fine-tuning by training a small set of
parameters, which can be divided into two categories: additive and selective. Additive methods
introduces a small extra set of parameters in the form of LoRA (Hu et al., 2021), adapters (Houlsby
et al., 2019; Chen et al., 2022) or prompts Li & Liang (2021); Jia et al. (2022) for adaptation. Selective
methods identifies and trains only a sparse subset of pre-trained model’s weights(Zaken et al., 2021;
Sung et al., 2021; Li et al., 2022; Lu et al., 2024). For instance, Yang et al. (2024) and Zheng et al.
(2024) discover critical structured components and fine-tune them exclusively with sparse activation.

2.2 LOW-RANK ADAPTATION

LoRA (Hu et al., 2021) employs low-rank matrices to fine-tune the pre-trained weights and inspires
a line of works. One significant area of research focuses on improving the initialization of LoRA
matrices to better align them with the critical subspaces of the pre-trained weights. For instance,
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Figure 1: An overview of PiLoRA. During the importance score accumulation phase (top), the model
uses LoRA gradients to approximate a gradient on the full weight, which then serves to compute
neuron importance scores. These scores are then used to partition parameters into dominant and
supplementary groups. In the parameter-importance-aware fine-tuning phase (bottom), these groups
are trained with separate LoRAs with different rank capacity, allowing for targeted updates with
parameter efficiency.

PiSSA (Meng et al., 2024) initializes the adapter by extracting the principal components of the weight
matrix, while LoRA-Dash (Si et al., 2024) uses Singular Value Decomposition (SVD) to identify
and focus on the most important update directions. Similarly, MiLoRA (Wang et al., 2025) proposes
a strategy of merging and re-initializing LoRA weights during training to escape suboptimal local
minima and enhance the optimization process. Another direction involves dynamically allocating
the parameter budget during training to find the optimal rank for each module. AdaLoRA (Zhang
et al., 2023) allocates the rank budget to different weight matrices based on their importance scores,
while DyLoRA (Valipour et al., 2023) and ElaLoRA (Chang et al., 2025) adjust the LoRA ranks
dynamically throughout training. Pruning techniques have been adapted for LoRA to further reduce
its memory footprint. Methods like Zhang et al. (2024) and Zhao et al. (2024) progressively removes
less salient parameters in LoRA based on gradient information or weight magnitude and reduces
memory footprint during fine-tuning.

2.3 NETWORK SPARSITY AND PRUNING

Lottery Ticket Hypothesis proposes that for a dense network there exists small subnetworks that
can be trained effectively in isolation to reach comparable performance to the full model (Frankle
& Carbin, 2019). Motivated by this, the scale of LLMs has driven the development of pruning and
sparse fine-tuning techniques that remove structured sparsity based on magnitude/activation (Sun
et al., 2023; Khaki et al., 2025) or second-order information (Frantar & Alistarh, 2023).

3 METHODOLOGY

3.1 LOW-RANK ADAPTATION.

For a pre-trained weight matrix W0 ∈ Rm×n, it is hypothesized that the updates from fine-tuning
have a low intrinsic rank (Hu et al., 2021). LoRA (Hu et al., 2021) decomposes the incremental
weight update ∆W into the product of two low-rank matrices:

W = W0 +∆W = W0 +BA,

where A ∈ Rr×n, B ∈ Rm×r and r ≪ min(m,n). The output of a layer is modified as:

h = W0x+∆Wx = W0x+BAx.

3
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W0 is frozen during training and only the low-rank matrices A, B are trainable, thus greatly reducing
the computation cost.

3.2 GRADIENT-INFORMED PARAMETER IMPORTANCE

Existing parameter-efficient fine-tuning (PEFT) methods, such as AdaLoRA, often assess parameter
importance at a coarse level, for instance, across entire layers or modules. This approach treats all
parameters within a given module as a whole and overlooks the varying importance of parameters
within a weight matrix.

The gradient of a parameter fundamentally expresses the influence of a parameter, reflecting on the
loss, in the fine-tuning process. In full fine-tuning, the relationship between a change in weights
(dW ) and the change in loss (dL) is given by the first-order approximation:

dL =

〈
∂L

∂W
, dW

〉
F

=
∑
i

∑
j

∂L

∂Wij
dWij , (1)

where ⟨·, ·⟩F denotes the Frobenius inner product. For effective training, the update dW must be
aligned with the negative gradient− ∂L

∂W . This implies that the magnitude of the gradient for a specific
parameter, i.e., | ∂L

∂Wij
|, serves as a direct measure of its importance in weight update. A large gradient

magnitude indicates that the parameter undergoes greater changes to fit the downstream tasks. We
can therefore define an importance score S∗ ∈ Rm×n for the pre-trained weight with the gradient
magnitude:

S∗ = | ∂L
∂W
|, where S∗

i,j =
∂L

∂Wi,j
. (2)

Low-rank gradients for full parameters. While obtaining gradients w.r.t. the full parameters W is
straightforward in full fine-tuning, it becomes a significant challenge in PEFT with LoRA. Ideally,
one would avoid the expensive computation of the gradient on W via full fine-tuning. However,
within the LoRA framework, the pre-trained weight W0 is frozen, meaning that the gradients with
respect to W is not directly accessible. And only the gradients for the low-rank learnable parameters
A and B are calculated.

To estimate importance in the full parameter space, we compute equivalent low-rank gradients w.r.t.
W induced by LoRA, bridging adapter updates and full-parameter updates. Note that we do not
approximate the gradients produced by full fine-tuning. Although LoRA only optimizes A and B,
their gradients update W via ∆W , allowing transfer of gradients on A and B to equivalent low-rank
gradients on W .

These equivalent low-rank gradients can serve as a computationally feasible proxy to estimate the
importance of the full parameters. Since the product BA approximates the full weight update ∆W ,
the gradients on the LoRA matrices contain valuable information about the implicit gradient ∂L

∂W on
W . We can therefore reconstruct an approximation of the full gradient using the adapter gradients,
denoted as GA = ∂L

∂A and GB = ∂L
∂B .

For a gradient descent step with learning rate denoted as η, and gradients GA, GB are computed
during backpropagation, the matrices A and B are updated as follows:

At+1 = At − ηGA
t , Bt+1 = Bt − ηGB

t . (3)

The change in the weight update, δW , following step t can be expressed as (see Appendix A.2 for the
full proof):

δW = (BtAt − ηBtG
A
t − ηGB

t At + η2GB
t G

A
t )−BtAt. (4)

We can simplify the expression by canceling the BtAt terms:

δW = −η(BtG
A
t +GB

t At) + η2GB
t G

A
t . (5)

Since the learning rate η is typically a small value, the second-order term η2 is negligible:

δW ≈ −η(BtG
A
t +GB

t At). (6)
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This effective update, δW , is analogous to the update −η ∂L
∂W in full fine-tuning. Hence, we can

define the approximate gradient on W from the LoRA updates as:

G̃W ≜ BGA +GBA. (7)

Finally, we define our gradient-informed importance score S ∈ Rm×n using the magnitude of this
reconstructed gradient:

S = |G̃W |, where Si,j = |(BGA +GBA)ij |. (8)
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Figure 2: Visualization of approximate gradient updates on the pre-trained weight matrix. For clarity
in high-dimensional MLP layers, we restrict visualization to a subset of the weights. See Figure 7 for
more detailed visualizations.

Algorithm 1 PiLoRA: Parameter-Importance-Aware LoRA

1: Input: Pre-trained model Θ0, Training data Dtrain, Default rank r, Minimal rank r′, Learning
rate η, Importance calculation interval K.

2: Output: Fine-tuned model Θ′ with rank-differentiated LoRA modules.
▷ — Stage 1: Accumulation of Importance Scores —

3: Minit ← InitializeWithStandardLoRA(Θ0, r) ▷ Equip each module with a default LoRA
4: For each target module, initialize hit frequency vector H ∈ Rm ← 0.
5: for training step t in initial phase do
6: Perform forward and backward pass on Θinit to compute gradients GA, GB .
7: if t (mod K) == 0 then
8: Compute G̃W via Eq. 7
9: Compute Si ←

∑
j |G̃W

ij | as Eq. 8) for each neuron i = 1, . . . ,m
10: for each neuron i = 1, . . . ,m do
11: if Si > S̄ then
12: Hi ← Hi + 1 ▷ Increment hit count if neuron is important
13: Update LoRA parameters (A,B) of Θinit with η.

▷ — Stage 2: Parameter-Importance-Aware Fine-Tuning —
14: Create neuron mask M according to H .
15: Θ′ ← InitializeWithMultiLoRA(Θ0,m, r, r′) ▷ Set up dominant & supplementary LoRAs
16: Let (Ad, Bd) be adapters for dominant neurons (rank r).
17: Let (As, Bs) be adapters for supplementary neurons (rank r′).
18: M̄ ← 1−M ▷ Create supplementary neuron mask
19: for each training epoch do
20: for each batch (x, y) ∈ Dtrain do
21: Forward pass with h obtained from Eq. 10
22: Compute loss L(h, y).
23: Update parameters (Ad, Bd, As, Bs) using backpropagation.
24: return Θ′

3.3 PARAMETER-IMPORTANCE-AWARE LOW-RANK ADAPTATION (PILORA)

To investigate the distribution of parameter importance, we visualize the approximate gradient G̃W

in the last layer of LLaMA2-7B (Touvron et al., 2023) after fine-tuning LoRA on the Commonsense
170K dataset (Hu et al., 2023), as shown in Fig. 2. A key observation is that the gradient’s energy
is not distributed evenly across all parameters in a weight matrix, regardless of position in the
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transformer block. Instead, it concentrates in distinct horizontal bands. Since each row of the weight
matrix corresponds to the parameters associated with a single output neuron, this pattern indicates that
only a specific subset of neurons is important for adapting to the downstream task. The fine-tuning
process predominantly modifies the weights connected to certain output dimensions while leaving
others less changed. This empirical finding supports our hypothesis that different parameters within a
single weight matrix are associated with highly variable importance and may require different tuning
capacities. This provides a strong motivation for developing an adaptation strategy that can focus on
these important parameter groups.

We propose PiLoRA, which partitions the neurons within a pre-trained weight matrix and allocates
different ranks based on gradient-informed importance scores. The fine-tuning process operates in two
stages: (1) an initial phase for accumulation of importance scores, and (2) a parameter-importance-
aware fine-tuning phase based on the neuron partition.

Accumulation of importance scores. To capture the parameter importance for a given downstream
task, we first equip the target weight modules with a standard LoRA and train for a brief initial phase.
We periodically compute the importance score defined in Eq. 8, at fixed intervals K. At each interval,
we identify neurons whose importance scores exceed the average at that given step and mark as
important. We define a hit frequency vector H ∈ Rm where each element Hi counts the number of
times the i-th neuron was identified as important. This procedure measures not just the instantaneous
importance of a neuron, but its consistent importance throughout the initial adaptation phase.

Parameter-importance-aware fine-tuning. After the initial adaptation phase, we identify important
neurons based on whether the neuron is consistently engaged in the fine-tuning process as recorded by
H . We then partition neurons within W ∈ Rm×n into two groups, with important neurons indicated
by a binary mask M ∈ Rm:

• Dominant group: The important neurons (where Mi = 1) are assigned a high-capacity
LoRA adapter, denoted by matrices Bd ∈ R|M |×r and Ad ∈ Rr×n where |M | is the number
of important neurons, with the same rank r used in the initial adaptation phase. This ensures
that important parameters have sufficient capacity for effective adaptation.

• Supplementary group: The other neurons (where Mi = 0) are assigned a low-capacity
LoRA adapter, denoted by matrices Bs ∈ R(m−|M |)×r and As ∈ Rr×n, with a smaller
rank r′. By providing this low-rank adapter, we allow these neurons to still undergo small
and efficient adjustments. This preserves the model’s overall representational capacity with
maximal parameter efficiency. Through empirical analysis, we find a small r′ of 1 or 2
suffices for fine-tuning these less-important neurons (Fig. 4).

To formalize the masked expansion of our compact adapters, we define the mask mapping operator,
denoted by ⊛. This operator takes a binary mask M ∈ Rm and a compact matrix B ∈ R|M |×r and
produces a full-dimensional matrix B̂ ∈ Rm×r. The i-th row of the resulting matrix is formally
defined as:

(B̂)i,: ≜ (M ⊛B)i,: = Mi · (B)k(i),: (9)

where the index mapping function k(i) =
∑i

j=1 Mj computes the corresponding row in the compact
matrix B by counting the number of active neurons up to row i. Consequently, the forward pass of a
PiLoRA layer can be expressed as:

h = W0x+ (M ⊛Bd)Adx+ (M̄ ⊛Bs)Asx, (10)

where M̄ = 1−M is the mask for the supplementary group.

Separate tuning with heterogeneous ranks ensures adaptation capacity is concentrated on the neurons
that matter most, while still allowing less-important neurons to be fine-tuned efficiently with a lower
capacity. Hence, PiLoRA achieves a balance between effective adaptation and parameter efficiency.
The detailed algorithm is provided in Alg. 1.

Despite allocating distinct tuning capacity for neurons with different level of importance, PiLoRA
can also be merged with the pre-trained weight before inference in a similar way to LoRA. With the
mask mapping operator ⊛, the total weight update can be expressed as:

W ′ = W0 +∆W

= W0 + (M ⊛Bd)Ad + (M̄ ⊛Bs)As.
(11)
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Therefore, PiLoRA introduces no architectural changes or additional latency during inference.

4 EXPERIMENTS

We evaluate PiLoRA across a variety of settings to validate its effectiveness, including commonsense
reasoning, natural language understanding and image classification, covering 22 datasets. We compare
with LoRA (Hu et al., 2021), DoRA (Liu et al., 2024), PiSSA (Meng et al., 2024), MiLoRA (Wang
et al., 2025), LoRA-Dash (Si et al., 2024) and rsLoRA (Kalajdzievski, 2023). We report the percentage
of parameter added and accuracy. All experiments are performed on a single NVIDIA H100 GPU.
Implementation details can be found in Appendix A.4.

4.1 COMMONSENSE REASONING

We finetune LLaMA2-7B (Touvron et al., 2023) and LLaMA3-8B (AI@Meta, 2024) on Common-
sense170K(Hu et al., 2023) and evaluate on eight tasks: BoolQ (Clark et al., 2019), PIQA (Bisk
et al., 2020), SIQA (Sap et al., 2019), HellaSwag (Zellers et al., 2019), WinoGrande (Sakaguchi et al.,
2021), ARC-e, ARC-c (Clark et al., 2018) and OBQA (Mihaylov et al., 2018). As shown in Tab. 1, for
LLaMA2-7B, PiLoRA reduces the trainable parameter count by 24% compared to LoRA. Despite the
reduction in parameters, it obtains the best performance on average, outperforming standard LoRA
by 3.2% and the second-best MiLoRA by 1.6%. Similarly, for LLaMA3-8B, PiLoRA uses 21.5%
less parameters than LoRA and its variants, with the best results on most tasks. This demonstrates
the superiority of our importance-aware rank allocation strategy.

Table 1: Commonsense reasoning evaluation results on eight tasks. The symbol † denotes results
reported in Liu et al. (2024), Wang et al. (2025) and Si et al. (2024).

Model PEFT # Params(%) BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA Avg.

ChatGPT† − − 73.1 85.4 68.5 78.5 66.1 89.8 79.9 74.8 77.0

LLaMA2-7B

LoRA† 0.83 69.8 79.9 79.5 83.6 82.6 79.8 64.7 81.0 77.6
PiSSA† 0.83 67.6 78.1 78.4 76.6 78.0 75.8 60.2 75.6 73.8
MiLoRA† 0.83 67.6 83.8 80.1 88.2 82.0 82.8 68.8 80.6 79.2
LoRA-Dash† 0.83 71.0 75.7 79.3 91.1 78.6 84.2 69.8 78.8 78.6
PiLoRA 0.63 71.5 83.7 79.4 90.9 83.3 84.8 70.6 81.8 80.8

LLaMA3-8B

LoRA† 0.70 70.8 85.2 79.9 91.7 84.3 84.2 71.2 79.0 80.8
DoRA† 0.71 74.6 89.3 79.9 95.5 85.6 90.5 80.4 85.8 85.2
PiSSA† 0.70 67.1 81.1 77.2 83.6 78.9 77.7 63.2 74.6 75.4
MiLoRA† 0.70 68.8 86.7 77.2 92.9 85.6 86.8 75.5 81.8 81.9
LoRA-Dash† 0.70 75.3 88.5 80.2 95.7 86.8 90.7 80.2 85.6 85.4
PiLoRA 0.55 75.0 90.0 81.1 95.8 86.7 91.0 82.4 86.2 86.0

4.2 NATURAL LANGUAGE UNDERSTANDING

We finetune RoBERTa-large (Liu et al., 2020) on the GLUE (Wang et al., 2018) benchmark. As
shown in Tab. 2, PiLoRA consistently outperforms LoRA and other baseline methods on all 7 tasks.
While the baseline methods already adopt a relatively low rank for fine-tuning RoBERTa-large,
PiLoRA further reduces the trainable parameter size by 18.5% with enhanced performance, showing
the effectiveness of PiLoRA on natural language understanding tasks.

Table 2: Evaluation results for RoBERTa-large on 7 GLUE tasks. The symbol † denotes results
reported in Fan et al. (2025).

Method # Params (%) CoLA SST-2 MRPC QQP MNLI QNLI RTE Average

LoRA† 4.00 83.41 95.64 83.33 90.06 89.00 93.28 84.47 88.46
DoRA† 4.00 85.33 95.99 84.07 91.24 89.52 93.54 84.48 89.17
PiSSA† 4.00 69.12 95.98 82.84 91.24 88.94 93.59 73.29 85.00
MiLoRA† 4.00 84.65 96.10 86.02 91.33 89.51 94.12 84.83 89.51
rsLoRA† 4.00 83.51 95.98 86.02 90.75 88.97 93.84 84.12 89.03
PiLoRA 3.26 85.52 96.44 88.24 91.40 89.94 94.20 84.84 90.05
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4.3 IMAGE CLASSIFICATION

We fine-tune the image encoder of CLIP ViT-B/32 (Radford et al., 2021) on 7 image classification
datasets, including Cars (Krause et al., 2013), DTD (Cimpoi et al., 2014), EuroSAT (Helber et al.,
2019), GTSRB (Stallkamp et al., 2012), RESISC45 (Cheng et al., 2017), SUN397 (Xiao et al., 2010)
and SVHN (Netzer et al., 2011). The results in Tab. 3 shows that PiLoRA significantly reduces the
gap between LoRA to full fine-tuning. With 19% fewer trainable parameters, PiLoRA achieves a
notable improvement of 4.77% over LoRA and 4.37% over DoRA, with a performance close to that
of full fine-tuning reported in Fan et al. (2025). This demonstrates that PiLoRA’s strategy of targeted
fine-tuning on dominant neurons leads to highly effective adaptation.

Table 3: Results on StanfordCars, DTD, EuroSAT, GTSRB, RESISC45, SUN397 and SVHN. The
symbol † denotes results reported in Fan et al. (2025).

Method # Params (%) Cars DTD EuroSAT GTSRB RESISC45 SUN397 SVHN Average

Full FT† 100 60.33 73.88 98.96 98.30 93.65 53.84 96.78 82.25

LoRA† 1.49 41.02 70.15 98.66 96.51 90.38 47.51 95.39 77.09
DoRA† 1.49 40.75 71.91 98.89 97.71 90.19 47.54 95.46 77.49
PiSSA† 1.49 40.41 69.62 98.48 95.84 90.58 47.21 95.84 76.85
MiLoRA† 1.49 39.77 70.48 98.19 97.52 89.92 45.38 95.49 76.68
PiLoRA 1.21 55.38 73.40 98.59 98.17 93.22 57.75 96.49 81.86
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Figure 3: Visualization of dimension partition pattern in the last layer of ViT and RoBERTa-large.

4.4 ABLATION STUDY

Analysis of parameter partitioning. Fig. 3 shows the pattern of how parameters are partitioned
into the dominant and supplementary groups in the last layer of ViT and RoBERTa-large across
various vision and language datasets. We observe that the partition pattern vary across datasets given
their intrinsic distributional differences, reflecting the distinct gradient responses they receive during
training. Datasets with similar content or domain distributions tend to exhibit partially overlapping
partition patterns. For instance, scene-centric datasets such as SUN and RESISC show closer patterns
compared to object-centric datasets like Cars or GTSRB, while in GLUE, language inference tasks
(MNLI and QNLI) also show partially shared patterns. We also find that the number of parameters
being partitioned into the dominant group is relatively stable, with most tasks activating slightly less
than half of the parameters. This suggests that while the specific subset of important parameters
is task-dependent, the overall number of parameters actively engaged in adaptation is comparable
across different tasks.

Ablation on partition strategy. We conduct an ablation study to validate the effectiveness of
our gradient-based partition strategy for rank allocation with LLaMA2-7B in Tab. 4. We test two
baselines: (1)“Random”: Randomly partition neurons and assign adaptation capacity yields a poor
performance, which come from insufficient adaptation on important parameters. (2)“Top-half”:
Partition top 50% of neurons with the highest importance scores into the dominant group improves
substantially, which demonstrates the effectiveness of our gradient-informed signals for identifying
important neurons. Our proposed method, which dynamically determines the partition, obtains a
slightly better performance with fewer parameters. This further shows the effectiveness of our method
in reducing parameters while maintaining the performance.

Effect of varying LoRA rank for the supplementary group. In Fig. 4, we conduct experiments to
examine how the rank r′ assigned to the supplementary groups influences performance. While one
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Table 4: Ablation on partition strategies.

Method # Params(%) BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA Avg.

Random 0.66 62.2 72.7 50.1 78.1 47.3 69.1 56.0 62.0 62.2
Top-half 0.66 72.4 84.1 79.7 90.4 82.7 84.6 70.4 81.6 80.7

Ours 0.63 71.5 83.7 79.4 90.9 83.3 84.8 70.6 81.8 80.8
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Figure 4: Effect of varying rank
for supplementary group.
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Figure 6: Effect of dominant
group size.

might assume these less-important neurons could be completely frozen (i.e., r′ = 0), this results in a
notable performance drop. We hypothesize that providing at least a minimal adaptation capacity is
beneficial, aligning with findings that in modern models without using ReLU non-linearities, small
parameter changes can still be impactful. The results in Fig. 4 supports our hypothesis that increasing
r′ from 0 to 1 boosts the performance as it recovers the influences by parameters in the supplementary
group. The performance quickly saturates with increasing rank as the performance gain for tuning the
low-importance parameter groups with more parameters is relatively marginal. Interestingly, further
increasing the rank of the supplementary group to the same as the dominant one yields suboptimal
performance, which suggests that over-parameterization on low-importance parameter groups may
introduce noisy updates, which emphasizes the importance of targeted fine-tuning.

Effect of varying LoRA rank for the dominant group. Fig. 5 shows the effect of varying the LoRA
rank assigned to the dominant group. While the supplementary parameters are tuned with a small
rank (e.g., r′ = 2 ), we observe that moderately lower ranks for the dominant group, such as 28 and
30, still achieve competitive performance close to the rank of 32 used in the initial adaptation phase.
This reinforces our hypothesis that careful rank allocation based on parameter importance is more
efficient than applying a high uniform rank across all parameters in a weight matrix. On the other
hand, reducing the rank to much (e.g., 24) degrades performance as it limits the adaptation capacity
for important parameters.

Ablation on the size of the dominant group. In Fig. 6, we investigate the effect of how the size
of the dominant group affects performance on LLaMA2-7B. We control the group size by setting a
cumulative importance threshold. A higher threshold includes more neurons in the dominant group,
which in turn increases the number of trainable parameters. We observe that allowing full training
capacity for more parameters generally improves performance, but the gains gradually saturate once
the threshold exceeds 0.7. This indicates that a moderate subset of high-importance parameters
suffices to capture most of the adaptation needs, while allocating additional capacity to the remaining
parameters yields only marginal improvements. These results further highlight the efficiency of our
method in concentrating adaptation capacity where it matters most.

5 CONCLUSION

In this work, we address a key limitation of existing LoRA-based methods that allocate the same
adaptation capacity for all parameters within a weight module. We demonstrate that the uniform
rank assignment is suboptimal, as it fails to leverage the varying importance of parameters within
each module and the inherent structured sparsity of foundation models. We introduce PiLoRA, a
novel approach that incorporates gradient-based parameter importance awareness into the PEFT
fine-tuning process. By partitioning parameters into distinct groups with different adaptation capacity
based on gradient-informed importance, PiLoRA strikes a balance between targeted adaptation and
parameter efficiency. Experimental results on both language and vision benchmarks demonstrate
the effectiveness of our method, highlighting the benefits of moving from a coarse, module-level
adaptation strategy to a more fine-grained, neuron level one.
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REPRODUCIBILITY STATEMENT

We provide descriptions of the datasets used in our experiments in Appendix A.3, and report
implementation details, including hyperparameter settings for each benchmark, in Appendix A.4. We
will release our code upon acceptance to ensure reproducibility.

THE USE OF LARGE LANGUAGE MODELS (LLMS)

We declare that LLMs are only used to aid or polish writing. Specifically, ChatGPT is used to improve
the clarity and grammar of writing. Research ideation, experimental design and analysis are the
original contributions of the authors.

REFERENCES

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4 technical report.
arXiv preprint arXiv:2303.08774, 2023.

AI@Meta. Llama 3 model card. 2024. URL https://github.com/meta-llama/llama3/
blob/main/MODEL_CARD.md.

Yonatan Bisk, Rowan Zellers, Jianfeng Gao, Yejin Choi, et al. Piqa: Reasoning about physical
commonsense in natural language. In Proceedings of the AAAI conference on artificial intelligence,
volume 34, pp. 7432–7439, 2020.

Huandong Chang, Zicheng Ma, Mingyuan Ma, Zhenting Qi, Andrew Sabot, Hong Jiang, and
HT Kung. Elalora: Elastic & learnable low-rank adaptation for efficient model fine-tuning. arXiv
preprint arXiv:2504.00254, 2025.

Shoufa Chen, Chongjian Ge, Zhan Tong, Jiangliu Wang, Yibing Song, Jue Wang, and Ping Luo.
Adaptformer: Adapting vision transformers for scalable visual recognition. Advances in Neural
Information Processing Systems, 35:16664–16678, 2022.

Gong Cheng, Junwei Han, and Xiaoqiang Lu. Remote sensing image scene classification: Benchmark
and state of the art. Proceedings of the IEEE, 105(10):1865–1883, 2017.

Mircea Cimpoi, Subhransu Maji, Iasonas Kokkinos, Sammy Mohamed, and Andrea Vedaldi. Describ-
ing textures in the wild. In Proceedings of the IEEE conference on computer vision and pattern
recognition, pp. 3606–3613, 2014.

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.

Damai Dai, Chengqi Deng, Chenggang Zhao, RX Xu, Huazuo Gao, Deli Chen, Jiashi Li, Wangding
Zeng, Xingkai Yu, Yu Wu, et al. Deepseekmoe: Towards ultimate expert specialization in mixture-
of-experts language models. arXiv preprint arXiv:2401.06066, 2024.

Ning Ding, Xingtai Lv, Qiaosen Wang, Yulin Chen, Bowen Zhou, Zhiyuan Liu, and Maosong
Sun. Sparse low-rank adaptation of pre-trained language models. In Houda Bouamor, Juan
Pino, and Kalika Bali (eds.), Proceedings of the 2023 Conference on Empirical Methods in
Natural Language Processing, EMNLP 2023, Singapore, December 6-10, 2023, pp. 4133–4145.
Association for Computational Linguistics, 2023. doi: 10.18653/V1/2023.EMNLP-MAIN.252.
URL https://doi.org/10.18653/v1/2023.emnlp-main.252.

Jesse Dodge, Gabriel Ilharco, Roy Schwartz, Ali Farhadi, Hannaneh Hajishirzi, and Noah Smith.
Fine-tuning pretrained language models: Weight initializations, data orders, and early stopping.
arXiv preprint arXiv:2002.06305, 2020.

10

https://github.com/meta-llama/llama3/blob/main/MODEL_CARD.md
https://github.com/meta-llama/llama3/blob/main/MODEL_CARD.md
https://doi.org/10.18653/v1/2023.emnlp-main.252


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

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. In Forty-second International Conference on Machine Learning, 2025. URL https:
//openreview.net/forum?id=SUxq4HeIAd.

Jonathan Frankle and Michael Carbin. The lottery ticket hypothesis: Finding sparse, trainable
neural networks. In 7th International Conference on Learning Representations, ICLR 2019, New
Orleans, LA, USA, May 6-9, 2019. OpenReview.net, 2019. URL https://openreview.
net/forum?id=rJl-b3RcF7.

Elias Frantar and Dan Alistarh. Sparsegpt: Massive language models can be accurately pruned in
one-shot. In International conference on machine learning, pp. 10323–10337. PMLR, 2023.

Patrick Helber, Benjamin Bischke, Andreas Dengel, and Damian Borth. Eurosat: A novel dataset
and deep learning benchmark for land use and land cover classification. IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing, 12(7):2217–2226, 2019.

Neil Houlsby, Andrei Giurgiu, Stanislaw Jastrzebski, Bruna Morrone, Quentin De Laroussilhe,
Andrea Gesmundo, Mona Attariyan, and Sylvain Gelly. Parameter-efficient transfer learning for
nlp. In International conference on machine learning, pp. 2790–2799. PMLR, 2019.

Edward J Hu, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang, Weizhu Chen,
et al. Lora: Low-rank adaptation of large language models. In International Conference on
Learning Representations, 2021.

Zhiqiang Hu, Lei Wang, Yihuai Lan, Wanyu Xu, Ee-Peng Lim, Lidong Bing, Xing Xu, Soujanya
Poria, and Roy Ka-Wei Lee. Llm-adapters: An adapter family for parameter-efficient fine-tuning
of large language models. arXiv preprint arXiv:2304.01933, 2023.

Menglin Jia, Luming Tang, Bor-Chun Chen, Claire Cardie, Serge Belongie, Bharath Hariharan, and
Ser-Nam Lim. Visual prompt tuning. In European conference on computer vision, pp. 709–727.
Springer, 2022.

Damjan Kalajdzievski. A rank stabilization scaling factor for fine-tuning with lora. arXiv preprint
arXiv:2312.03732, 2023.

Samir Khaki, Xiuyu Li, Junxian Guo, Ligeng Zhu, Chenfeng Xu, Konstantinos N Plataniotis, Amir
Yazdanbakhsh, Kurt Keutzer, Song Han, and Zhijian Liu. Sparselora: Accelerating llm fine-tuning
with contextual sparsity. arXiv preprint arXiv:2506.16500, 2025.

Jonathan Krause, Michael Stark, Jia Deng, and Li Fei-Fei. 3d object representations for fine-grained
categorization. In Proceedings of the IEEE international conference on computer vision workshops,
pp. 554–561, 2013.

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

Yuchao Li, Fuli Luo, Chuanqi Tan, Mengdi Wang, Songfang Huang, Shen Li, and Junjie Bai.
Parameter-efficient sparsity for large language models fine-tuning. In Luc De Raedt (ed.), Pro-
ceedings of the Thirty-First International Joint Conference on Artificial Intelligence, IJCAI 2022,
Vienna, Austria, 23-29 July 2022, pp. 4223–4229. ijcai.org, 2022. doi: 10.24963/IJCAI.2022/586.
URL https://doi.org/10.24963/ijcai.2022/586.

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.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Mandar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. Ro{bert}a: A robustly optimized {bert} pretraining
approach, 2020. URL https://openreview.net/forum?id=SyxS0T4tvS.

11

https://openreview.net/forum?id=SUxq4HeIAd
https://openreview.net/forum?id=SUxq4HeIAd
https://openreview.net/forum?id=rJl-b3RcF7
https://openreview.net/forum?id=rJl-b3RcF7
https://doi.org/10.24963/ijcai.2022/586
https://openreview.net/forum?id=SyxS0T4tvS


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

Zichang Liu, Jue Wang, Tri Dao, Tianyi Zhou, Binhang Yuan, Zhao Song, Anshumali Shrivastava,
Ce Zhang, Yuandong Tian, Christopher Ré, and Beidi Chen. Deja vu: Contextual sparsity for
efficient llms at inference time. In Andreas Krause, Emma Brunskill, Kyunghyun Cho, Barbara
Engelhardt, Sivan Sabato, and Jonathan Scarlett (eds.), International Conference on Machine
Learning, ICML 2023, 23-29 July 2023, Honolulu, Hawaii, USA, volume 202 of Proceedings of
Machine Learning Research, pp. 22137–22176. PMLR, 2023. URL https://proceedings.
mlr.press/v202/liu23am.html.

Xudong Lu, Aojun Zhou, Yuhui Xu, Renrui Zhang, Peng Gao, and Hongsheng Li. SPP: sparsity-
preserved parameter-efficient fine-tuning for large language models. In Forty-first International
Conference on Machine Learning, ICML 2024, Vienna, Austria, July 21-27, 2024. OpenReview.net,
2024. URL https://openreview.net/forum?id=9Rroj9GIOQ.

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.

Yuval Netzer, Tao Wang, Adam Coates, Alessandro Bissacco, Baolin Wu, Andrew Y Ng, et al.
Reading digits in natural images with unsupervised feature learning. In NIPS workshop on deep
learning and unsupervised feature learning, volume 2011, pp. 7. Granada, 2011.

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.

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

Maarten Sap, Hannah Rashkin, Derek Chen, Ronan LeBras, and Yejin Choi. Socialiqa: Commonsense
reasoning about social interactions. arXiv preprint arXiv:1904.09728, 2019.

Chongjie Si, Zhiyi Shi, Shifan Zhang, Xiaokang Yang, Hanspeter Pfister, and Wei Shen. Unleash-
ing the power of task-specific directions in parameter efficient fine-tuning. In The Thirteenth
International Conference on Learning Representations, 2024.

J. Stallkamp, M. Schlipsing, J. Salmen, and C. Igel. Man vs. computer: Benchmarking machine
learning algorithms for traffic sign recognition. Neural Networks, (0):–, 2012. ISSN 0893-6080.
doi: 10.1016/j.neunet.2012.02.016. URL http://www.sciencedirect.com/science/
article/pii/S0893608012000457.

Mingjie Sun, Zhuang Liu, Anna Bair, and J Zico Kolter. A simple and effective pruning approach for
large language models. arXiv preprint arXiv:2306.11695, 2023.

Yi-Lin Sung, Varun Nair, and Colin A Raffel. Training neural networks with fixed sparse masks.
In M. Ranzato, A. Beygelzimer, Y. Dauphin, P.S. Liang, and J. Wortman Vaughan (eds.), Ad-
vances in Neural Information Processing Systems, volume 34, pp. 24193–24205. Curran Asso-
ciates, Inc., 2021. URL https://proceedings.neurips.cc/paper_files/paper/
2021/file/cb2653f548f8709598e8b5156738cc51-Paper.pdf.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei, Nikolay
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, et al. Llama 2: Open foundation
and fine-tuned chat models. arXiv preprint arXiv:2307.09288, 2023.

Mojtaba Valipour, Mehdi Rezagholizadeh, Ivan Kobyzev, and Ali Ghodsi. Dylora: Parameter-efficient
tuning of pre-trained models using dynamic search-free low-rank adaptation. In Andreas Vlachos
and Isabelle Augenstein (eds.), Proceedings of the 17th Conference of the European Chapter
of the Association for Computational Linguistics, EACL 2023, Dubrovnik, Croatia, May 2-6,

12

https://proceedings.mlr.press/v202/liu23am.html
https://proceedings.mlr.press/v202/liu23am.html
https://openreview.net/forum?id=9Rroj9GIOQ
http://www.sciencedirect.com/science/article/pii/S0893608012000457
http://www.sciencedirect.com/science/article/pii/S0893608012000457
https://proceedings.neurips.cc/paper_files/paper/2021/file/cb2653f548f8709598e8b5156738cc51-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/cb2653f548f8709598e8b5156738cc51-Paper.pdf


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

2023, pp. 3266–3279. Association for Computational Linguistics, 2023. doi: 10.18653/V1/2023.
EACL-MAIN.239. URL https://doi.org/10.18653/v1/2023.eacl-main.239.

Alex Wang, Amanpreet Singh, Julian Michael, Felix Hill, Omer Levy, and Samuel R Bowman. Glue:
A multi-task benchmark and analysis platform for natural language understanding. arXiv preprint
arXiv:1804.07461, 2018.

Hanqing Wang, Yixia Li, Shuo Wang, Guanhua Chen, and Yun Chen. MiLoRA: Harnessing minor
singular components for parameter-efficient LLM finetuning. In Luis Chiruzzo, Alan Ritter, and
Lu Wang (eds.), Proceedings of the 2025 Conference of the Nations of the Americas Chapter
of the Association for Computational Linguistics: Human Language Technologies (Volume 1:
Long Papers), pp. 4823–4836, Albuquerque, New Mexico, April 2025. Association for Computa-
tional Linguistics. ISBN 979-8-89176-189-6. URL https://aclanthology.org/2025.
naacl-long.248/.

Jianxiong Xiao, James Hays, Krista A Ehinger, Aude Oliva, and Antonio Torralba. Sun database:
Large-scale scene recognition from abbey to zoo. In 2010 IEEE computer society conference on
computer vision and pattern recognition, pp. 3485–3492. IEEE, 2010.

Xinyu Yang, Jixuan Leng, Geyang Guo, Jiawei Zhao, Ryumei Nakada, Linjun Zhang,
Huaxiu Yao, and Beidi Chen. S2ft: Efficient, scalable and generalizable LLM fine-
tuning by structured sparsity. In Amir Globersons, Lester Mackey, Danielle Belgrave,
Angela Fan, Ulrich Paquet, Jakub M. Tomczak, and Cheng Zhang (eds.), Advances in
Neural Information Processing Systems 38: Annual Conference on Neural Information
Processing Systems 2024, NeurIPS 2024, Vancouver, BC, Canada, December 10 - 15,
2024, 2024. URL http://papers.nips.cc/paper_files/paper/2024/hash/
6e3b9fb0c0c56cf6e1ee61e6a068fca4-Abstract-Conference.html.

Elad Ben Zaken, Shauli Ravfogel, and Yoav Goldberg. Bitfit: Simple parameter-efficient fine-tuning
for transformer-based masked language-models. arXiv preprint arXiv:2106.10199, 2021.

Rowan Zellers, Ari Holtzman, Yonatan Bisk, Ali Farhadi, and Yejin Choi. Hellaswag: Can a machine
really finish your sentence? arXiv preprint arXiv:1905.07830, 2019.

Mingyang Zhang, Hao Chen, Chunhua Shen, Zhen Yang, Linlin Ou, Xinyi Yu, and Bohan Zhuang.
Loraprune: Structured pruning meets low-rank parameter-efficient fine-tuning. In Lun-Wei Ku,
Andre Martins, and Vivek Srikumar (eds.), Findings of the Association for Computational Lin-
guistics, ACL 2024, Bangkok, Thailand and virtual meeting, August 11-16, 2024, pp. 3013–3026.
Association for Computational Linguistics, 2024. doi: 10.18653/V1/2024.FINDINGS-ACL.178.
URL https://doi.org/10.18653/v1/2024.findings-acl.178.

Qingru Zhang, Minshuo Chen, Alexander Bukharin, Pengcheng He, Yu Cheng, Weizhu Chen, and Tuo
Zhao. Adaptive budget allocation for parameter-efficient fine-tuning. In The Eleventh International
Conference on Learning Representations, 2023.

Bowen Zhao, Hannaneh Hajishirzi, and Qingqing Cao. APT: adaptive pruning and tuning pretrained
language models for efficient training and inference. In Forty-first International Conference on
Machine Learning, ICML 2024, Vienna, Austria, July 21-27, 2024. OpenReview.net, 2024. URL
https://openreview.net/forum?id=sb81Xl50JG.

Haizhong Zheng, Xiaoyan Bai, Xueshen Liu, Zhuoqing Morley Mao, Beidi Chen, Fan Lai, and
Atul Prakash. Learn to be efficient: Build structured sparsity in large language models. In Amir
Globersons, Lester Mackey, Danielle Belgrave, Angela Fan, Ulrich Paquet, Jakub M. Tomczak, and
Cheng Zhang (eds.), Advances in Neural Information Processing Systems 38: Annual Conference
on Neural Information Processing Systems 2024, NeurIPS 2024, Vancouver, BC, Canada, Decem-
ber 10 - 15, 2024, 2024. URL http://papers.nips.cc/paper_files/paper/2024/
hash/b8f10193cab43d45df9bb810637333fd-Abstract-Conference.html.

13

https://doi.org/10.18653/v1/2023.eacl-main.239
https://aclanthology.org/2025.naacl-long.248/
https://aclanthology.org/2025.naacl-long.248/
http://papers.nips.cc/paper_files/paper/2024/hash/6e3b9fb0c0c56cf6e1ee61e6a068fca4-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2024/hash/6e3b9fb0c0c56cf6e1ee61e6a068fca4-Abstract-Conference.html
https://doi.org/10.18653/v1/2024.findings-acl.178
https://openreview.net/forum?id=sb81Xl50JG
http://papers.nips.cc/paper_files/paper/2024/hash/b8f10193cab43d45df9bb810637333fd-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2024/hash/b8f10193cab43d45df9bb810637333fd-Abstract-Conference.html


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

A APPENDIX

A.1 MORE VISUALIZATION OF GRADIENT IN FULL WEIGHT MATRICES

We extend Fig. 2 with detailed visualizations of various weight matrices from different layers and
positions in Fig. 7. Across all layers and positions, we observe a consistent trend of gradient
concentration in neuron groups (horizontal bands). We further validate this finding by visualizing the
gradients for LLaMA3-8B during fine-tuning on CommonSense170K, as shown in Figure 8. These
results exhibit the same concentrated patterns, demonstrating that our observation is robust across
different model architectures.

A.2 DERIVATION OF THE APPROXIMATE GRADIENT

This section provides a detailed derivation for the approximate gradient, G̃W , as defined in Equation 7.
The goal is to show how the gradients of the low-rank LoRA matrices, GA and GB , can be used to
reconstruct an approximate gradient for the full weight matrix W .

Let the total weight matrix at a training step t be defined by the LoRA formulation:

Wt = W0 +∆Wt = W0 +BtAt, (12)

where W0 represents the frozen pre-trained weights. The trainable LoRA matrices At and Bt are
updated via gradient descent with learning rate η:

At+1 = At − ηGA
t , (13)

Bt+1 = Bt − ηGB
t . (14)

We begin by defining the change in the full weight matrix over a single training step, δW , as the
difference between Wt+1 and Wt.

δW = Wt+1 −Wt

= (W0 +∆Wt+1)− (W0 +∆Wt)

= Bt+1At+1 −BtAt

= (Bt − ηGB
t )(At − ηGA

t )−BtAt

= (BtAt − ηBtG
A
t − ηGB

t At + η2GB
t G

A
t )−BtAt.

(15)

Since the learning rate η is typically a small value, the second-order term η2GB
t G

A
t is negligible in

comparison to the first-order terms. We can therefore approximate δW by dropping this term:

δW ≈ −η(BtG
A
t +GB

t At). (16)

The approximate change, δW , mirrors the low-rank update on the full weight W . In standard
fine-tuning, the weight update is given by −ηGW , where GW = ∂L

∂W . By equating the approximate
expression with the standard update, we have:

−ηGW ≈ −η(BtG
A
t +GB

t At). (17)

This allows us to define an approximate gradient on the full parameters, G̃W , which is reconstructed
from the low-rank gradients:

G̃W ≜ BGA +GBA. (18)

A.3 DATASETS

We provide a description for the datasets we use to train and evaluate our model on commonsense
reasoning, natural language understanding and image classification.

Commonsense Reasoning:

1. CommonSense170K contains 170,000 multiple-choice questions that require understanding
of everyday situations, object properties, and causal relationships.
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Figure 7: Visualization of approximate gradient updates on the pre-trained weight matrix for LLaMA2-
7B. For MLP layers with high dimensionality, we restrict visualization to a subset of the weights for
clarity.
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Figure 8: Visualization of approximate gradient updates on the pre-trained weight matrix for LLaMA3-
8B. For MLP layers with high dimensionality, we restrict visualization to a subset of the weights for
clarity.
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2. BoolQ is a question-answering dataset containing binary questions. Each example includes
a short passage from a Wikipedia article and a question that can be answered with "yes" or
"no" based only on the information in the passage.

3. PIQA is a commonsense reasoning benchmark focused on physical interactions. It asks the
model to choose the more plausible solution out of two options for a given problem.

4. SIQA evaluates commonsense reasoning about social situations.
5. HellaSwag is designed to evaluate commonsense natural language inference. The task is to

complete a sentence by picking the most plausible ending from four choices.
6. WinoGrande focuses on pronoun resolution that requires commonsense reasoning. A model

is given a sentence with a pronoun that is ambiguous and must choose the correct noun it
refers to.

7. ARC-e is a question-answering dataset containing elementary-level science questions, which
are formed as multiple-choice tasks.

8. ARC-c contains complex, multi-step reasoning science questions that are hard to answer
with simple algorithms.

9. OBQA involves open-book question-answering with set of elementary science facts as the
“open book”.

Natural Language Understanding:

1. CoLA is a binary classification task to determine the grammatical acceptability of a sentence.
2. SST-2 is a sentiment analysis task is to classify whether sentences contain positive or

negative sentiment.
3. MRPC is a paraphrase detection task to determine whether the two sentences are semanti-

cally equivalent.
4. QQP evaluates semantic similarity with a pair of questions from the Quora website and to

check for duplicates.
5. MNLI is a large-scale natural language inference (NLI) dataset with text from ten diverse

genres.
6. QNLI is a NLI task with question-answering problems. The task is to determine whether a

given sentence contains the answer to a given question.
7. RTE is a textual entailment task with a smaller dataset where the goal is to determine if one

text snippet logically entails another.

Image Classification:

1. Cars (Krause et al., 2013) is a benchmark for fine-grained image classification. It contains
16,185 images of 196 classes of cars.

2. DTD (Cimpoi et al., 2014) is a collection of 5,640 images used for texture classification
with 47 categories.

3. EuroSAT (Helber et al., 2019) focuses on land use and land cover classification using
satellite imagery. It consists of 27,000 labeled images from the Sentinel-2 satellite, divided
into 10 classes.

4. GTSRB (Stallkamp et al., 2012) is used for traffic sign classification. It contains over 50,000
images of 43 different traffic signs in Germany.

5. RESISC45 (Cheng et al., 2017) is used for aerial scene classification. It contains 31,500
high-resolution images across 45 scene classes.

6. SUN397SUN397 (Xiao et al., 2010) is a large-scale benchmark for scene recognition, with
over 100,000 images covering 397 different scene categories.

7. SVHN (Netzer et al., 2011) is a real-world image dataset for digit recognition. It consists of
over 600,000 cropped images of house numbers obtained from Google Street View.
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A.4 IMPLEMENTATION DETAILS

All experiments are performed on a single NVIDIA H100 GPU. We report the hyperparameter
setting in Tab. 5 for finetuning LLaMA2-7B and LLaMA3-8B on commonsense reasoning tasks (Liu
et al., 2024). For natural language understanding and image classification tasks, We report the
hyperparameter setting in Tab. 6 and Tab. 7 for finetuning RoBERTa-large (Liu et al., 2020; Fan
et al., 2025) and the image encoder of CLIP ViT-B/32 (Radford et al., 2021; Fan et al., 2025). In
practice, we execute the initial adaptation phase for accumulation of importance scores in 1 epoch for
all settings.

Table 5: Our hyperparameter configuration on commonsense reasoning.

Hyperparameters LLaMA2-7B LLaMA3-8B

Rank r 32 32
r′ 2 2
α of LoRA 64 64
Dropout 0.05 0.05
Optimizer AdamW AdamW
LR 2e-4 1e-4
LR Scheduler Linear Linear
Batch size 16 16
Warmup Steps 100 100
Epochs 3 3
Placement Q, K, V, Up, Down

Table 6: Hyperparameters of the natural language understanding tasks.

Hyperparameter CoLA SST-2 MRPC QQP MNLI QNLI RTE

Rank 8
r′ 1
Alpha 16
Dropout 0.05
Optimizer AdamW
LR 2e-4 1e-4 1e-4 2e-4 1e-4 1e-4 2e-4
LR Scheduler Cosine
Warmup Steps 100
Batch Size 64
Epochs 10 10 10 10 10 10 50

Table 7: Hyperparameters of the image classification task.

Hyperparameter Cars DTD EuroSAT GTSRB RESISC45 SUN397 SVHN

Rank 8
r′ 1
Alpha 16
Dropout 0.05
Optimizer AdamW
LR 1e-4
LR Scheduler Cosine
Warmup Steps 100
Batch Size 64
Epochs 35 76 12 11 15 14 4
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