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Abstract

Parameter-efficient fine-tuning methods such as Low-Rank Adaptation (LoRA) have become indis-
pensable for adapting large language models under resource constraints. However, standard LoRA
applies a uniform rank across all layers, overlooking the heterogeneous contributions of different
transformer components to downstream task performance. While differentiated rank allocation offers
a promising remedy, existing importance metrics rely on correlational signals that may not reliably
guide architectural decisions, and principled perturbation-based intervention techniques are typically
computationally prohibitive for iterative layer-wise analysis. This paper introduces LoRA-Perturb,
an efficient perturbation-based framework for layer importance estimation that enables importance-
driven rank allocation and learning rate configuration. Our method quantifies layer-wise importance
by applying minimal perturbations to LoRA matrices and measuring the resulting shift in prediction
confidence. A three-fold optimization strategy—random subset downsampling, single-pass activation
caching, and localized forward reuse—reduces measurement FLOPs by approximately 50% and wall-
clock time by about 38%. The normalized importance scores are then used to warm-start fine-tuning
with differentiated ranks and inversely scaled learning rates. Extensive experiments on RoOBERTapase
(GLUE benchmark) and Llama-2-7B (MT-Bench and GSM8K) demonstrate that LoRA-Perturb
achieves competitive performance across tasks. On both MT-Bench and GSMS8K, LoRA-Perturb
achieves the highest scores among the compared LoRA variants, slightly outperforming DoRA and
LoRA+. Ablation studies and gradient norm analyses further reveal that perturbation-informed
rank allocation enhances gradient signals in critical layers, while differentiated learning rates stabi-
lize optimization dynamics. Our findings underscore the value of efficient perturbation-based layer

importance estimation in guiding resource allocation for parameter-efficient adaptation.

Keywords: Parameter-efficient fine-tuning; Low-rank adaptation; Perturbation-based layer impor-

tance; Differentiated rank allocation; Large language models



1 Introduction

Parameter-efficient fine-tuning (PEFT) has become a crucial technique for adapting large language mod-
els (LLMs) to downstream tasks. Among various PEFT methods, Low-Rank Adaptation (LoRA) stands
out as a leading approach due to its ability to maintain competitive performance while dramatically
reducing the number of trainable parameters through low-rank matrix decomposition[!l. Empirical evi-
dence underscores its effectiveness: for instance, an evaluation of 310 fine-tuned LLMs across diverse tasks
demonstrated that 4-bit LoRA models could, on average, match or exceed the performance of both their
base models and even large proprietary models[?l. Further innovations continue to enhance its efficiency,
with novel frameworks achieving significant reductions in computational cost and latency with minimal
accuracy loss[?.

Despite its widespread adoption, standard LoRA, which applies a uniform rank across all layers, has
inherent limitations. Studies have shown that it may not match the generalization capability of full-
parameter fine-tuning in certain scenarios(*, prompting the development of numerous variants aimed at
performance improvements. A promising direction to overcome this uniformity constraint is the differ-
entiation of rank allocation based on layer importance. Emerging research strongly suggests that such
differentiated approaches can significantly enhance both fine-tuning efficiency and final model perfor-
mance compared to uniform assignment. For example, strategies that dynamically allocate ranks based
on gradient information (e.g., Fisher Information) or that adaptively learn the intrinsic rank of each layer

[5-71. These findings are further validated by methods

(8]

have consistently demonstrated superior results
that adjust ranks per layer based on device capabilities and task requirements'®| collectively substanti-
ating the premise that not all layers contribute equally and that assigning ranks proportionally to their
importance constitutes a more efficient paradigm.

However, a critical question remains: how should layer importance be accurately and efficiently quan-
tified? Existing methods often rely on proxies like gradient norms or output sensitivity, which pri-
marily capture correlation rather than direct sensitivity to task outputs. Consequently, they may not
reliably inform structural configuration decisions that aim to alter model behavior. Meanwhile, a sep-
arate and well-established line of work in model interpretability employs interventional perturbation
techniques!® 1% —such as applying localized edits to activations or weights—to directly measure a com-
ponent’s contribution to model outputs. These methods provide a theoretically grounded framework for
understanding and attributing network behavior, as demonstrated in models like BERT, and have been
extended to produce stable explanations and evaluate prediction networks. Yet, their direct application
to LoRA for per-layer importance assessment is typically prohibitive due to high computational costs, as
each intervention often requires expensive, repeated forward passes through the entire model.

The issue of computational overhead is a recognized bottleneck in fine-tuning, with activation mem-
ory identified as a primary constraint. Complementary techniques like activation caching and selective
computation have been developed to drastically reduce memory and computational redundancy %12,
For instance, caching intermediate activations or selectively pruning non-critical computations during
backpropagation can yield substantial speedups and memory savings. More recent advances in low-rank
activation compression and selective token processing further push the efficiency frontier ™. Notably,
while these strategies are effective for general efficiency, they have not been systematically integrated
with perturbation-based layer importance frameworks to create a low-overhead importance measurement
tool specifically for PEFT.

Therefore, a significant gap exists between the need for an intervention-based understanding of layer
importance in LoRA and the practical tools to achieve it efficiently. Current differentiated LoRA methods
lack a perturbation-based measurement foundation, while standard interventional perturbation methods

are too costly for iterative layer-wise analysis in large models. This paper bridges this gap by introducing



LoRA-Perturb, an efficient perturbation-based framework for layer importance estimation that enables

differentiated LoRA configuration. Our work makes the following key contributions:

1. We propose an efficient perturbation-based approach for quantifying layer importance. It measures
the sensitivity of a layer by applying minimal perturbations to its LoRA matrices and quantifying
the resulting drop in prediction confidence (AP).

2. To make this measurement tractable, we design a three-fold optimization strategy: (i) random
subset downsampling, (ii) single full-forward-pass activation caching, and (iii) localized forward-
pass reuse, which collectively reduce measurement FLOPs by approximately 50% and wall-clock

time by about 38% on a 12-layer encoder.

3. We leverage the normalized layer importance scores to guide a differentiated LoRA warm-start
configuration. Specifically, layers with higher perturbation sensitivity are allocated higher ranks
paired with lower learning rates, achieving both intelligent rank budgeting and stabilized training

dynamics.

4. Through extensive experiments, we demonstrate that our framework effectively identifies critical
layers, and models warm-started with our differentiated configuration achieve competitive or supe-
rior final performance and training efficiency compared to uniform and heuristically differentiated

settings.

The remainder of this paper is organized as follows: Section 2 reviews related work. Section 3 details
our proposed methodology. Section 4 presents the experimental setup. Section 5 reports and analyzes

the experimental results. Section 6 concludes the paper.

2 Related Work

In the field of parameter-efficient fine-tuning, Low-Rank Adaptation (LoRA) has attracted widespread
attention due to its extremely low parameter count and competitive performance!!l. The most relevant
representative works to this paper include standard LoRA itself, DoRA, and Adal.oRA. Among them,
standard LoRA lays the foundation for efficient fine-tuning, while DoRA and AdaLoRA improve
upon it from different perspectives. Together, these works provide a clear reference for the differentiated

positioning of this paper.

Standard LoRA Standard LoRA [!! achieves efficient adaptation by superimposing a low-rank decom-
posed incremental update AW = BA onto the pre-trained weight matrix, freezing the original model
and training only a small number of parameters. However, standard LoRA adopts a uniform and fixed
rank for all adapted layers, implicitly assuming that each layer contributes equally to the downstream
task. This assumption does not hold in many practical scenarios, limiting the model’s expressiveness and
fine-tuning performance. Therefore, how to allocate ranks differentially based on layer importance has

become a key issue in improving LoRA. This paper directly addresses this limitation.

DoRA DoRA (Weight-Decomposed Low-Rank Adaptation)['3] starts from the structure of parameter
updates. Inspired by weight normalization, it decomposes the pre-trained weight matrix into magnitude
and direction components and applies low-rank updates only to the direction component. This decoupling
mechanism enables DoRA to approach or even surpass the performance of full fine-tuning on many tasks.
However, DoRA does not change the “uniform rank allocation” strategy of LoRA—all its learnable layers

still use the same rank—mnor does it answer the fundamental question of “how to differentiate configuration



based on layer importance.” In other words, DoRA improves the structure of parameter updates rather

than the rank allocation strategy.

AdaLoRA AdaLoRA (Adaptive Budget Allocation for Parameter-Efficient Fine-Tuning) (14] focuses on
dynamic rank allocation. Based on singular value decomposition, it adjusts the rank budget of each layer
during training according to importance scores: pruning unimportant singular values and reallocating the
freed budget to more important layers. This approach recognizes that different layers contribute unequally
to downstream tasks, which aligns with the core motivation of this paper. AdaLoRA’s importance
estimation mainly relies on signals such as gradients or singular values, and these methods have proven
effective in practice. However, these signals essentially capture statistical correlation rather than direct
task-relevant sensitivity, and using them as a basis for layer importance allocation may suffer from
fundamental biases. We argue that perturbation-based measures provide a useful alternative
when guiding model structure configuration. Specifically, perturbation-based sensitivity can better
capture task-specific importance than gradients: while gradients reflect the local sensitivity of parameter
changes to the loss, perturbation-based intervention actively perturbs the layer and directly observes the
resulting change in output, thereby providing a more direct measure of whether the layer’s representation

[9,10]

is genuinely important for the task This provides a useful basis for rank allocation.

Our Method: LoRA-Perturb The essential difference between our proposed LoRA-Perturb and the
above works is that we introduce perturbation-based layer importance estimation into the problem
of differentiated LoRA configuration. Unlike the gradient or singular value signals used by AdaLoRA, we
first conduct a lightweight warm-up stage (task-adaptation warm-up): a small number of LoRA
fine-tuning steps on a small set of randomly selected samples, allowing the model to initially encode
task-relevant knowledge. Subsequently, we inject small noise into the LoRA modules and measure the
drop in prediction confidence, directly quantifying the sensitivity of each layer’s representation. This
perturbation-based measure provides a practical alternative for layer importance estimation. Moreover,
through a three-fold optimization strategy (random subset downsampling, single-pass activation caching,
and localized forward reuse), we reduce the computational overhead of perturbation measurement to an
acceptable level, addressing the prohibitively high cost of traditional interventional methods.

In summary, standard LoRA lays the foundation for efficient fine-tuning but suffers from the lim-
itation of uniform fixed ranks; DoRA improves the parameter update structure but does not address
rank allocation; AdaLoRA achieves dynamic rank allocation but relies on correlational signals. None of
them adopt perturbation-based layer importance to guide configuration decisions, nor do they introduce
a warm-up mechanism to make such measurement task-aware. The work presented in this paper
demonstrates that efficient perturbation-based layer importance estimation can be effec-
tively integrated into parameter-efficient fine-tuning, offering a new and practical direction
for differentiated configuration. LoRA-Perturb serves as a concrete implementation of this direction,

providing a low-overhead, importance-driven solution for differentiated fine-tuning.

3 Methodology

In this section, we formally introduce LoRA-Perturb, our proposed efficient perturbation-based framework
for layer importance estimation and differentiated LoRA configuration. As illustrated in Figure 1, existing
LoRA variants adopt different initialization and rank allocation strategies: LoRA assigns a fixed rank
to all layers with standard Gaussian initialization for A and zero initialization for B[; AdaLoRA
dynamically prunes unimportant ranks based on importance scores during training, while retaining the

same initialization as LoRA ['4;: DoRA decomposes the pre-trained weight into magnitude and direction,
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Figure 1: Comparison of different LoRA initialization and rank allocation strategies. (a) LoRA: Fixed
rank for all layers, Ag ~ N(0,02), By = 0. (b) AdaLoRA: Dynamically prunes relatively unimportant
ranks based on importance scores during training, with the same initialization as (a). (c) DoRA:
Decomposes pre-trained weight into magnitude and direction components, allocates ranks to the direction
component, with Ag ~ N(0,02), By = 0. (d) LoRA-Perturb (Ours): Allocates ranks based on
probability variation of perturbation.

allocating ranks to the direction component only, with A initialized from a Gaussian and B set to zero '3,

In contrast, LoRA-Perturb (ours) allocates ranks based on the probability variation of perturbation,
enabling a more importance-driven differentiation.

We begin by formulating the problem of layer importance estimation and optimal rank allocation
(Sec. 3.1). We then detail our efficient perturbation-based sensitivity quantification technique, which
incorporates a lightweight warm-up stage to enable task-aware measurement (Sec. 3.2). To overcome the
prohibitive computational cost of standard interventions, we present a three-fold optimization strategy
that renders the measurement tractable (Sec. 3.3). Finally, we describe how the derived importance scores
are leveraged to generate a warm-start differentiated LoRA configuration, balancing representational

capacity and training stability (Sec. 3.4).

3.1 Problem Formulation

Consider a pre-trained large language model M consisting of L transformer layers. For a given down-
stream task, we adapt M using Low-Rank Adaptation (LoRA), where the weight update for a linear layer
with pre-trained weight W, € RdutXdin is parameterized as AW = BA, with B € RéuwX7 A ¢ Rr*din,
and rank r < min(dout, din) (1. In standard LoRA, a uniform rank r is applied across all adapted layers.

Our objective is to determine an optimal rank configuration R = {ry,rs,...,rr} for the model’s
L layers under a fixed total parameter budget Biotal, such that the fine-tuned model achieves maxi-
mal downstream performance. To this end, we first seek to quantify the importance s; of each layer [
with respect to the task via perturbation-based sensitivity. These scores will then be used to derive a

differentiated R where layers with higher s; are assigned proportionally higher ranks.

3.2 Perturbation-Based Sensitivity for Layer Importance Quantification

A purely frozen model does not yet encode any task-specific knowledge; perturbations applied directly to

its weights may reflect general linguistic sensitivity rather than task-specific relevance to the downstream



task. To bridge this gap, we introduce a lightweight task-adaptation warm-up stage that instills prelim-
inary task-specific information before perturbation measurement. Our quantification then proceeds by

measuring the impact of minimal perturbations on the warm-up LoRA modules.

Task-Adaptation Warm-up on a Random Subset of Samples. We first perform a brief, few-
step LoRA fine-tuning using only the selected random subset D (described in Sec. 3.3). This warm-up
stage updates the LoRA matrices A;, B; for all adapted layers [ with a small number of iterations (e.g.,
50-100 steps) and a moderate learning rate. The resulting model Myarm retains the standard LoRA
structure but now encodes preliminary task knowledge. Formally, for each layer [, the weight update is
AWrarm = pramm gvarm “and the layer’s output becomes:

B = Wou hioy + AW by, (1)

Intervention via Noise Injection. After the warm-up, we freeze all LoRA parameters and apply
targeted perturbations to quantify the contribution of each layer. For a given sample = € Ds, let
Pp,.... (y|z) denote the probability assigned to the correct label by the warm-up model. We introduce a
perturbation do(h; = ﬁl) at layer [ by injecting a small isotropic Gaussian perturbation exclusively into
its LoRA output:

A = Wo hy_y + AW by + e N(0, 021, (2)

where o controls the noise scale and € ~ Bernoulli(pmask) applies structured sparsity (e.g., masking out a
fraction of token positions). This design isolates the perturbation to the task-specific adaptation captured
by AW,¥*™ while leaving the pre-trained base model’s contribution Wy h;—1 untouched. By intervening
solely on the LoRA pathway, we ensure that the measured effect reflects the sensitivity of the learned

task knowledge in that layer, rather than generic representational sensitivity.

Perturbation Sensitivity Estimation. We measure the perturbation sensitivity AP;(z) as the drop

in prediction confidence caused by the perturbation:
AP(2) = Pryarn (U | ) = Pt (v | do(By = BF™™)). (3)

We use the notation do(h; = h;) to denote a direct perturbation of the hidden state at layer [, following the
interventional notation common in interpretability literature, without implying formal causal inference.
Intuitively, a larger drop indicates that the layer’s task-relevant adaptation (acquired during the warm-up)
is more fragile, and therefore more important for maintaining correct predictions. The raw importance

score for layer [ is the average over all samples in D;:

5= O AR, (4)

z€Dg

Task-Specific Score Definitions. The above definition assumes a classification task with a clear
correct label. For regression or generative tasks, we generalize AP;(x) as the change in the model’s

task-specific objective caused by the perturbation. Specifically:
e Classification: AP(z) = Py (y|z) — P, (yldo(hy = hy)), as in Eq. (3).

e Regression (e.g., STS-B): We use the change in predicted similarity score: AP/(x) = | —y| —
|Upert — y|, where § and gpery are the model’s scalar predictions before and after perturbation, and

y is the ground-truth score.



e Generative reasoning (e.g., GSM8K): We compute the change in log-likelihood of the ground-
truth final answer token(s) conditioned on the prompt and previously generated tokens: AP(x) =
1og P(Yans|®, Y<ans) =108 P(Yans| T, Y<anss do(hy)). The expectation is taken over the token position(s)

of the final answer.

e Open-ended dialogue (e.g., MT-Bench): Since no single correct label exists, we do not use
per-layer importance scores for this benchmark. Instead, we apply the rank allocation derived from
a related task (e.g., GSM8K) or use a uniform rank configuration. In our experiments, we use the

same layer-wise rank allocation obtained from the GSM8K warm-up probe.

Score Rectification and Normalization. To ensure numerical stability and non-negative importance

scores, we apply a rectification step:

s; < max(0,s;) for all [,

and if Z]-L:l s; = 0, we fall back to a uniform distribution s; = 1/L. The normalized scores are then
computed as:

_ S

St == (5)

Zj:l 8j

which will guide the differentiated configuration for the subsequent full-scale fine-tuning stage.

3.3 Three-Fold Optimization for Low-Overhead Measurement

A naive implementation of the perturbation-based measurement described above would require L x N
full forward passes, rendering it computationally intractable for large models. To reduce this overhead,
we introduce a three-fold optimization strategy that substantially lowers the constant factor of the mea-

surement cost.

3.3.1 Random Subset Downsampling

The first optimization reduces the number of evaluated samples N. We observe that the relative impor-
tance of layers stabilizes quickly with a small number of diverse samples. Specifically, we randomly sample
a subset D; from the training set, with a size capped between 100 and 500 instances (approximately 5%
of the data). The random selection is stratified by label where applicable to maintain class balance. We
found that this sample size is sufficient for stable layer importance estimation, making clustering-based

selection unnecessary.

8.8.2 Single Full-Forward-Pass Activation Caching

The second optimization eliminates redundant computation of activations preceding the intervened layer.

For each sample = € D;, we perform exactly one full forward pass through the entire warm-up model

Marm Without any intervention. During this pass, we cache the input hidden states to every LoRA-
ache

adapted layer [, denoted as hj*q

With these cached inputs, any subsequent measurement for layer [ can be performed by:
1. Loading h§*"® from memory.

2. Executing a localized forward pass through layer [ only, including its LoRA modules and subsequent

normalization or residual connections.

3. Applying the perturbation do(h;) and continuing the forward pass through the remaining layers
(I+1to L).



This approach reduces the computational cost from L x N full passes to 1 x N full passes plus L x N
localized passes.

3.3.8 Localized Forward-Pass Reuse

The third optimization further reduces the cost of the localized passes. The forward pass from layer
Il + 1 to L requires only the perturbed hidden state Efvarm and is independent of the earlier layers.
However, computing Paq,..... (y | do(h;)) for each [ individually still involves Zle(L —1) = O(L?) layer
computations in total, which is quadratic in model depth.

In practice, however, the constant factor is significantly reduced because the prefix layers (embeddings
and early transformer blocks) are computed only once and cached. Furthermore, interventions can be
batched according to their insertion depth to improve GPU utilization and memory efficiency, reducing
wall-clock time. Thus, the practical speedup is substantial (as shown in Table 4) even though the asymp-
totic complexity does not become linear. We therefore describe our method as providing low-overhead

measurement through caching and batching, rather than claiming a change in asymptotic complexity.

3.4 Differentiated LoRA Warm-Start Configuration

Once the normalized importance scores 5 = s;/ 25:1 s; are obtained, we translate them into a differ-
entiated LoRA configuration consisting of per-layer ranks r; and learning rates 7; for the subsequent

full-scale fine-tuning.

Rank Allocation. Given a total rank budget Riota1 = ZZL:1 r; and a desired rank range [Fmin, "'max] (we
USe T'min = 4, Fmax = 16), we first compute a raw allocation proportional to the normalized importance

scores:

,r,;aw = Tmin + (Tmax - Tmin) . gl- (6)

Then we round each 7;*¥ to the nearest integer and adjust the resulting ranks to satisfy the total budget
Riotal. Specifically, we compute the difference A = Ryota1 — >, round(r}*") and distribute A by adding
or subtracting one rank from layers with the largest fractional remainders until the budget is met. This

ensures the average rank remains approximately 8 (the uniform baseline rank).

Learning Rate Modulation. Layers with higher rank receive proportionally smaller learning rates to

maintain stable updates:

Tb
M = Mbase * ase7 (7)
8]

where Thase is the reference rank (we use rpase = 8, the uniform baseline rank). This inverse-rank scaling
ensures that layers with larger update magnitudes (due to higher rank) are updated more cautiously,
while lower-rank layers can take larger steps. No additional hyperparameter is introduced.

The resulting configuration C = {(r;, ;) } £, serves as a warm-start initialization for LoORA fine-tuning.
After this one-time perturbation measurement preprocessing step, the model is fine-tuned using standard

LoRA optimization with these differentiated settings.

3.5 Summary of the Algorithm

The overall procedure of LoRA-Perturb is summarized in Algorithm 1.



4 Experimental Setup

In this section, we describe the datasets, baseline models, evaluation protocols, and implementation de-
tails used to validate the proposed efficient perturbation-based framework for differentiated Low-Rank
Adaptation (LoRA). Our experimental design aims to answer two primary questions: (1) whether our
perturbation measurement technique can efficiently identify layer importance, and (2) whether the re-
sulting differentiated rank and learning rate configuration (denoted as LoRA-Perturb) yields superior

performance compared to standard uniform LoRA and full fine-tuning across diverse benchmarks.

4.1 Datasets and Tasks

We evaluate on a broad spectrum of natural language understanding and generation tasks to ensure the
generality of our findings. For encoder-based architectures, we employ the General Language Understand-
ing Evaluation (GLUE) benchmark subsets ('], specifically focusing on MRPC (paraphrase detection),
CoLA (linguistic acceptability), STS-B (semantic textual similarity), SST-2 (sentiment analysis), and
QNLI (natural language inference). These tasks cover single-sentence classification, pairwise sentence
comparison, and regression, providing a comprehensive testbed for evaluating representation quality.
For decoder-based large language models, we assess multi-turn conversational ability and complex
reasoning using MT-Bench !9l and GSM8K['7]. MT-Bench evaluates the model’s capacity to handle
open-ended, multi-turn dialogues across diverse topics, while GSM8K measures mathematical reasoning
through grade-school math word problems. All datasets are preprocessed according to their standard

splits (train, validation, and test) with the exact evaluation metrics described in Section 4.3.

4.2 Baselines and Compared Methods

We compare our proposed LoRA-Perturb against two principal baselines and several representative ad-

vanced LoRA variants. All methods are summarized below.

Principal Baselines.

e Full Fine-Tuning (Full-FT): Conventional full-parameter fine-tuning where all model weights

are updated. This serves as the performance upper bound.

e Standard LoRA: The baseline low-rank adaptation method with uniform rank assignment across
all targeted linear layers!!). Both the rank r and the scaling factor « are kept constant for every

adapted module.

Advanced LoRA Variants.

e DoRA: A variant that decomposes pre-trained weights into magnitude and direction components,

applying low-rank updates to the directional component to improve learning capacity [13].

e LoRA+: An enhanced version of LoRA that employs different learning rates for the A and B

matrices to improve convergence speed and final performance*8.

e AdaLoRA: An adaptive approach that dynamically allocates the rank budget across layers based

on importance scores derived during training, pruning less important ranks while expanding critical

ones 14,



Our Method.

e LoRA-Perturb (Ours): Our proposed approach that first quantifies layer-wise importance via
efficient perturbation-based intervention, then warm-starts fine-tuning with a differentiated config-
uration: higher ranks paired with lower learning rates for high-impact layers, and conversely for

low-impact layers.

For all LoRA variants, adapter modules are applied exclusively to the query (W,) and value (W,) pro-
jection matrices in all transformer layers, a convention that balances parameter efficiency and adaptation

capacity 1.

4.3 Evaluation Metrics

Task-specific metrics follow the standard GLUE benchmark protocols. For MRPC and QNLI, we report
accuracy; for CoLA, we report Matthews correlation coefficient (MCC); for STS-B, we report the average
of Pearson and Spearman correlations; for SST-2, we report classification accuracy. The “Avg” column
for GLUE tasks represents the arithmetic mean of the respective primary metrics across all five tasks.
For MT-Bench, we adopt the GPT-4-based pairwise scoring framework to assign a score ranging from
1 to 10, reflecting response quality and coherence, and report the mean score over multiple evaluation
runs. For GSM8K, we employ strict match accuracy, where a prediction is considered correct only if the
final numerical answer exactly matches the ground truth after normalization. All results are averaged
over five independent random seeds to account for stochasticity, with standard deviations reported to

indicate stability.

4.4 Implementation and Hyperparameter Configuration

All experiments are conducted using the HuggingFace Transformers library and the PEFT framework.
The shared hyperparameters across all methods are summarized in Table 1. Notably, the perturbation
strength parameter is specific to the perturbation measurement phase of LoRA-Perturb and is not used

during the main fine-tuning stage.

Table 1: Shared hyperparameter configuration for all methods.

Parameter Value Description

Base learning rate 3x107° Constant across all methods
Training epochs 10 Constant across all methods

Initial rank 8 Uniform baseline starting point

LoRA « 16 Scaling factor for low-rank updates
LoRA dropout 0.05 Dropout rate applied to LoRA layers
Perturbation strength ~ 0.005  Perturbation noise scale (LoRA-Perturb only)
Minimum rank 4 Adaptive allocation lower bound
Maximum rank 16 Adaptive allocation upper bound

For the perturbation measurement step of LoRA-Perturb, we strictly adhere to the three-fold opti-

mization strategy outlined in Section 3:

1. Random Subset Downsampling: We randomly sample 5% of the training set (with a minimum

of 100 and a maximum of 500 instances) to form a probe set.

2. Activation Caching: A single forward pass over the probe set caches the input hidden states to

each targeted layer, eliminating redundant recomputation of lower layers.

3. Localized Reuse: For each layer intervention, we only re-execute the forward computation from

the cached layer onward, reusing the cached outputs to substantially reduce FLOPs.

10



After obtaining the normalized layer-wise importance scores, ranks are allocated linearly within the
interval [4,16] while ensuring the total sum of ranks remains equivalent to the standard uniform rank
budget (i.e., average rank = 8). Correspondingly, learning rates are scaled inversely with the allocated
rank to maintain stable gradient updates across layers with different effective step sizes.

For MT-Bench, we do not perform an independent perturbation measurement; instead, we reuse the
layer-wise rank allocation derived from the GSM8K warm-up probe, while the learning rate schedule

follows the same inverse-rank scaling rule.

4.5 Model Architectures

We evaluate our method on two representative backbone models to assess its scalability across different

architectures and scales:

e RoBERTap,se: A 12-layer encoder-only transformer with 125M parameters, used for all GLUE

benchmark tasks 9.

e Llama-2-7B: A 32-layer decoder-only transformer with 7 billion parameters, evaluated on MT-
Bench and GSMSK 20,

For both models, we adopt the AdamW optimizer with a linear learning rate warmup over the first
10% of training steps followed by linear decay?!l. For RoBERTa tasks, we use a batch size of 32; for
Llama-2-7B, we employ a per-device batch size of 4 with 8 gradient accumulation steps to fit within the
memory budget of a single 80GB NVIDIA A100 GPU. All experiments are conducted on a cluster of
NVIDIA A100 (80GB) GPUs.

5 Experimental Results and Analysis

In this section, we present a comprehensive empirical evaluation of the proposed LoRA-Perturb frame-
work. We structure our analysis around three axes: (1) overall performance comparison against Full
Fine-Tuning (Full-FT) and standard uniform LoRA across diverse benchmarks, (2) efficiency analysis
of the low-overhead perturbation measurement phase, and (3) ablation studies examining the individual

and synergistic impacts of differentiated rank allocation and learning rate scaling.

5.1 Main Results on Encoder-Only Architectures

Table 2 reports the performance of ROBERTap,se fine-tuned with Full-FT, standard LoRA, and several
representative advanced LoRA variants, including DoRA, LoRA+, AdaLLoRA, and our LoRA-Perturb, on
five GLUE benchmark tasks!'®. All LoRA-based methods use an identical trainable parameter budget
of merely 0.29M parameters—Iless than 0.25% of the 125M parameters required for full fine-tuning—yet

deliver highly competitive results.

Table 2: Performance comparison on GLUE benchmark subsets using RoOBERTay 5. Results are averaged
over five random seeds; standard deviations are shown as subscripts for LoRA methods. The best result
among LoRA variants is highlighted in bold, and the second best is underlined.

Model MRPC CoLA STS-B SST-2 QNLI Avg
Full-FT 90.2 80.7 91.2 94.8 92.8 89.9
LoRA 89.1406 69.4401 91.2402 9434103 93.0402 874102
DoRA 89.5405 T72.0+1.0 91.1402 945403 929402 88.0+0.2
LoRA+ 89.74+0.4 T77.54+02 911102 94.6103 92.9+02 89.240.2
AdaLoRA 89-2i0.6 69.2i0,3 91.0i0A3 94.2i044 92.8i0,3 87.3i0A3

LoRA-Perturb 89.9405 78.5101 91.1102 94.8403 92.8401 89.44101

11



Experimental Settings: We maintain their experimental parameters for fair comparison: Adam
optimizer (87 = 0.9,82 = 0.999, weight decay = 0), batch size 32, cosine decay learning rate with a
warmup ratio of 0.03[21. We trained all linear layers except the language head using a peak learning rate
of le-4, a maximum sequence length of 128, and FP32 precision.

Several key observations emerge from Table 2:

1. Competitive Performance of Perturbation-Based Allocation: LoRA-Perturb achieves the
highest average GLUE score (89.4) among all LoRA variants, surpassing standard LoRA by 2.0
points. On CoLA, LoRA-Perturb achieves the best result among LoRA variants (78.5), clearly
exceeding LoRA+ (77.5) and DoRA (72.0). On SST-2, LoRA-Perturb matches the full fine-tuning
upper bound (94.8), indicating that differentiated allocation can effectively compensate for the
capacity reduction inherent in low-rank adaptation. On QNLI, several methods achieve nearly

identical scores (92.8-93.0), with no method clearly dominating.

2. Training Stability: LoRA-Perturb generally exhibits lower or comparable standard deviations
compared to other methods. On CoLA, its std is £0.1, comparable to LoRA (£0.1) and lower than
DoRA (£1.0), LoRA+ (£0.2), and AdaLoRA (£0.3). On MRPC, its std is 0.5 vs. £0.6 for LoRA
and AdaLoRA. On the other tasks, its variability is comparable to the strongest baselines. Thus,
the warm-start configuration appears to reduce variance in several cases, though the differences are

not uniformly large across all tasks.

3. Task-Specific Sensitivity: The gains over the strongest baseline (LoRA+) are most pronounced
on CoLLA (78.5 vs. 77.5) and MRPC (89.9 vs. 89.7), tasks that heavily rely on syntactic and semantic
nuance. This aligns with our perturbation sensitivity hypothesis: layers identified as highly sensitive
for linguistic acceptability and paraphrase detection receive proportionally higher rank budgets,

thereby preserving the model’s capacity to capture fine-grained linguistic phenomena.

5.2 Main Results on Decoder-Only Architectures

To assess scalability to billion-parameter generative models, we evaluate on Llama-2-7B using the MT-

£ [16,17]

Bench conversational benchmark and the GSM8K mathematical reasoning datase Table 3 reports

the performance of Full Fine-Tuning (Full-FT), standard LoRA, several representative LoRA variants
(DoRA, LoRA+, AdaLoRA), and our proposed LoRA-Perturb.

Table 3: Performance comparison on Llama-2-7B. MT-Bench scores reflect conversational quality judged
by GPT-4 (1-10 scale); GSM8K accuracy reflects strict-match solving rate. All results are averaged
over three independent runs with standard deviations reported. The best and second-best results among
LoRA variants are highlighted in bold and underlined, respectively.

Model MT-Bench GSMSK

Full-FT 5.30 £ 0.11 59.36 £ 0.85
LoRA 5.61 £0.10 42.08 £ 0.04
DoRA 5.87+0.7 52.07 £0.95
LoRA+ 5.71 £0.08 52.11 +0.62
AdaLoRA 5.57 £0.05 50.72 £ 0.39

LoRA-Perturb 5.88 +£0.3 52.20 + 0.62

Several key observations emerge from the Llama-2-7B experiments:

1. Conversational Capability (MT-Bench): All LoRA-based methods consistently outperform
Full-FT on MT-Bench, corroborating prior findings that LoRA acts as a beneficial regularizer,
preventing overfitting to the fine-tuning data distribution and better preserving the model’s general
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conversational fluency. Among the LoRA variants, LoRA-Perturb achieves the highest MT-Bench
score (5.88), slightly above DoRA (5.87). LoRA-Perturb surpasses standard LoRA (5.61), LoRA+
(5.71), and AdaLoRA (5.57). The difference between LoRA-Perturb and DoRA is small relative
to the reported standard deviations (£0.3 and +0.7, respectively), so the numerical advantage
should be interpreted with caution. Nevertheless, LoRA-Perturb attains the top position among

the compared LoRA variants, and its lower variance suggests stable behavior on dialogue tasks.

2. Mathematical Reasoning (GSM8K): On the mathematically rigorous GSM8K benchmark,
standard LoRA suffers a substantial drop of over 17 points compared to Full-FT (42.08 vs. 59.36),
highlighting the severe limitation of uniform low-rank constraints for complex, multi-step reasoning.
Among LoRA variants, LoRA-Perturb achieves the highest accuracy (52.20), slightly above LoRA+
(52.11) and DoRA (52.07), and clearly exceeding AdaLoRA (50.72). LoRA-Perturb improves upon
standard LoRA by more than 10 points. The differences among LoRA-Perturb, LoRA+, and DoRA
are within the reported standard deviations, so the numerical advantage is not statistically signif-
icant under the current number of runs. These results indicate that perturbation-based allocation
provides a competitive signal for rank assignment, yielding performance that is on par with or

slightly above the strongest baselines.

3. Training Stability: LoRA-Perturb exhibits relatively low variance across runs. On MT-Bench,
its standard deviation (£0.3) is smaller than that of DoRA (£0.7). On GSMSK, its standard
deviation (£0.62) is lower than DoRA (£0.95) and comparable to LoRA+ (£0.62). While these
observations are consistent with a stabilizing effect of the differentiated configuration, the number
of runs is limited (three), and the differences are not tested for statistical significance. Therefore,

the stability claim should be interpreted cautiously.

5.3 Computational Efficiency of Perturbation Measurement

A central claim of our proposed framework is the low-overhead nature of layer-wise importance quan-
tification via perturbation, achieved through the three-fold optimization strategy: random subset down-
sampling, activation caching, and localized forward-pass reuse. To validate this claim, we compare the
wall-clock time of our optimized measurement protocol against a naive baseline that performs indepen-
dent full forward passes for each layer perturbation. The experiment is conducted on the RoBERTay e
architecture using a fixed probe set of 500 samples. Measurements are taken on a single NVIDIA A100

(80GB) GPU under identical batch size and numerical precision settings.

Table 4: Computational cost comparison between the naive full-forward approach and our optimized
localized forward measurement. Relative FLOPs are estimated based on the proportion of recomputed
transformer layers.

Method Time (s) Relative FLOPs Speedup
Naive full forward 73.53 100% 1.00%
Localized forward (Ours) 45.50 49.3% 1.66x

As reported in Table 4, our localized measurement protocol completes the entire layer-wise profiling
in 45.50 seconds, compared to 73.53 seconds for the naive full-forward approach. This corresponds to
a 1.66x wall-clock speedup and a relative FLOPs reduction of approximately 50.7%. The efficiency
gain stems from the elimination of redundant forward passes through lower layers: activations from
the embedding and early transformer blocks are computed once, cached, and reused for all higher-layer
interventions. It is important to note that this measurement was performed on RoBERTa-base (12 layers);

the absolute time will be larger for larger models, but the relative reduction is expected to hold due to the
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same caching principle. On RoBERTa-base, this overhead constitutes less than 2% of the total fine-tuning
wall-clock time for a standard 10-epoch GLUE task run, making the profiling step a minor addition to
the full adaptation pipeline.

5.4 Ablation Studies on Configuration Strategies

Having demonstrated the competitive performance of LoRA-Perturb on both encoder-only and decoder-
only benchmarks, we now dissect the individual contributions of its two core components: (1) the rank
allocation criterion and (2) the learning rate scheduling scheme. All experiments in this subsection are
conducted on a 2000-sample subset of the SST-2 training set using RoBERTap.se, under the shared
hyperparameter configuration detailed in Table 1. Note that the main GLUE results in Table 2 use the
full training set; therefore, absolute accuracy values in this section are not directly comparable to those

in Table 2, and the ablation results are intended to reveal relative trends across configuration strategies.

5.4.1 Rank Allocation Criteria

We compare three rank allocation strategies under a unified learning rate of 3 x 10~° applied uniformly

across all adapted layers:
e Uniform Rank (Fixed LoRA): All layers receive the baseline rank r = 8.

e Gradient-based Allocation: Ranks are distributed proportionally to the Fisher information trace

estimated from a small subset of training data, following the approach of AdaLoRA [14].

e Perturbation-based Allocation (Ours): Ranks are distributed proportionally to the importance

scores derived from our efficient perturbation framework.

Table 5: Comparison of rank allocation strategies on SST-2 accuracy (2000-sample subset) under a unified
learning rate.

Strategy SST-2 Accuracy
Uniform rank (Fixed LoRA) 0.915
Gradient-based allocation 0.922
Perturbation-based allocation 0.928

Settings: All experiments in this section use the shared hyperparameters in Table 1 on a 2000-sample
subset of SST-2.

Table 5 reveals a clear hierarchy in allocation effectiveness. Uniform assignment yields the lowest
accuracy (0.915), underscoring the fundamental inefficiency of treating all layers equally. Gradient-
based allocation improves performance to 0.922, confirming that sensitivity-based heuristics provide a
meaningful, albeit partial, signal for rank distribution. Our perturbation-based method further elevates
accuracy to 0.928, achieving higher accuracy than the gradient-based alternative by a meaningful margin.
We attribute this gain to the perturbation-based nature of our measurement: whereas gradient norms
capture correlational sensitivity, the perturbation provides a more direct measure of the sensitivity of a
layer’s adapted representation for producing correct predictions, offering a more principled foundation

for architectural resource budgeting.

5.4.2 Effect of Differentiated Learning Rates

We next examine the impact of learning rate differentiation. For each rank allocation strategy, we contrast

two learning rate policies:
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e Single Learning Rate (SLR): All layers share the global learning rate n = 3 x 1075,

e Differentiated Learning Rate (DLR): For each layer 4, the learning rate is scaled inversely
with its allocated rank: 7; = 7Mhase + (Tbase/7i), Where Thase = 8. This ensures that layers with
higher rank—and thus larger effective update magnitude—receive proportionally smaller step sizes,

promoting stable optimization dynamics.

Table 6: SST-2 accuracy (2000-sample subset) under combinations of rank allocation strategy and learning
rate policy.

Strategy SLR (Unified) DLR (Differentiated)
Uniform rank 0.915 0.923
Gradient-based allocation 0.922 0.925
Perturbation-based allocation 0.928 0.932

Several important observations emerge from Table 6:

1. Consistent Benefit of DLR: Across all three allocation strategies, transitioning from a unified to
differentiated learning rate yields a consistent accuracy improvement (gains of +0.008, +0.003, and
-+0.004 for Uniform, Gradient-based, and Perturbation-based, respectively). This demonstrates that
aligning optimization step sizes with layer-wise representational capacity is beneficial, independent

of the specific rank assignment mechanism.

2. Synergistic Effect with Perturbation-Based Allocation: The highest absolute accuracy
(0.932) is achieved by pairing perturbation-based rank allocation with differentiated learning rates.
This combination jointly leverages the importance scores derived from perturbations—placing ca-
pacity precisely where it is most needed—and prudent optimization control that prevents unstable

updates in high-capacity layers.

3. Robustness of the Uniform Baseline: Notably, even the uniform rank configuration benefits
substantially from DLR (0.915 — 0.923). This suggests that a considerable portion of the instability
inherent in LoRA fine-tuning can be mitigated purely through learning rate scaling, even in the

absence of explicit rank differentiation.

In summary, the ablation results substantiate that both components of LoRA-Perturb—perturbation-
informed rank allocation and differentiated learning rate scaling—are essential for realizing the full per-
formance gains observed in our main experiments. The perturbation-based allocation provides a useful
signal for where to allocate capacity, while the differentiated learning rate governs how that capacity

should be optimized.

5.5 Training Dynamics: Gradient Norm Analysis

The ablation results in Section 5.4.2 established that differentiated learning rates (DLR) consistently
improve final task performance when combined with our perturbation-based rank allocation. To elucidate
the underlying optimization mechanisms responsible for this gain, we analyze the training dynamics of
models fine-tuned with identical perturbation-based rank configurations but contrasting learning rate
policies: a single global learning rate (SLR, 7 = 3 x 10~° for all layers) and our proposed differentiated
learning rate (DLR, 7; o« 1/r;). We monitor the gradient norms of the adapted LoRA matrices, the
training loss trajectory, and validation performance throughout the fine-tuning process on the SST-2
task. All metrics are logged every 10 training steps over the first 125 steps (approximately one epoch),
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Figure 2: Training dynamics comparison between unified (SLR) and differentiated (DLR) learning rates
under perturbation-based rank allocation. (a) Evolution of the mean gradient norm across all adapted
LoRA layers over the first 125 training steps. (b) Histogram and kernel density estimate of gradient norm
values aggregated over the monitored steps. (¢) Training loss curve. (d) Final test accuracy on the SST-2
validation set. All experiments in this figure are conducted on 2000 samples from the SST-2 training set.
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providing a high-resolution view of early-stage optimization behavior. Same configuration as in Section 5.4
is used.

Figure 2 presents a four-panel visualization of the optimization process. Panel (a) traces the mean
gradient norm computed over all LoRA parameter matrices at each sampled step. The SLR curve
exhibits more pronounced fluctuations than the DLR curve. While these fluctuations may reflect less
stable updates, we do not have direct evidence linking them to inferior local minima. The DLR curve is
smoother, which is consistent with the design intent of DLR: smaller step sizes for high-rank layers may
prevent disproportionately large updates.

The stabilizing effect is further illustrated in Panel (b), which displays the frequency distribution
of gradient norm values aggregated across all sampled steps and layers. Under SLR, the distribution is
broader with a higher standard deviation (o = 3.44) and a longer tail; under DLR, it is more concentrated
(o0 = 3.33). A tighter gradient norm distribution is often associated with more consistent parameter
updates, but we cannot directly measure catastrophic forgetting or loss surface exploration from these
plots alone.

Panel (c) shows that both learning rate schedules drive the training loss downward. The DLR trajec-
tory descends more rapidly in the early phase and maintains a lower loss value than SLR. This observation
is consistent with smoother optimization, but the causal link between this smoothness and final perfor-
mance remains correlational.

Panel (d) shows a +0.92% absolute improvement in SST-2 accuracy for DLR over SLR under
perturbation-based rank allocation. We note that this improvement, while consistent across repeated
runs, is small, and we did not perform formal statistical testing across a large number of seeds; therefore,
it should be interpreted as preliminary evidence of benefit rather than conclusive proof.

Collectively, the gradient norm analysis suggests that the perturbation-informed rank allocation iden-
tifies layers requiring additional capacity, and the inversely scaled learning rate helps control the update
magnitudes in those layers. The resulting optimization process is characterized by smoother gradient

flow in the monitored early phase, which may contribute to the observed performance gains.

6 Conclusion

In this paper, we addressed a fundamental tension in the landscape of parameter-efficient fine-tuning:
while differentiated rank allocation has emerged as a promising strategy to overcome the uniformity
constraint of standard LoRA, existing methods for quantifying layer importance typically rely on corre-
lational proxies that may not reliably inform architectural decisions. Concurrently, perturbation-based
intervention techniques from the interpretability literature offer a practical alternative, yet their direct
application to large-scale fine-tuning has been impeded by prohibitive computational overhead.

To bridge this gap, we introduced LoRA-Perturb, an efficient perturbation-based framework for layer
importance estimation that enables differentiated LoRA configuration. Our approach makes three core
contributions. First, we proposed an efficient perturbation-based protocol that quantifies the importance
of each transformer layer by measuring the drop in prediction confidence following minimal noise injection
into its LoRA matrices. Second, we developed a three-fold optimization strategy—comprising random
subset downsampling, single-pass activation caching, and localized forward reuse—that reduces measure-
ment FLOPs by approximately 50% and wall-clock time by about 38% on a 12-layer encoder. Third,
we leveraged the resulting layer-wise importance scores to warm-start fine-tuning with a differentiated
configuration: layers with higher perturbation sensitivity receive higher ranks paired with lower learning
rates, while less sensitive layers are assigned lower ranks and correspondingly higher learning rates.

Through experiments spanning encoder-only (RoBERTap,s.) and decoder-only (Llama-2-7B) archi-

tectures, we demonstrated that LoRA-Perturb improves over standard uniform LoRA on average and
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achieves competitive performance among LoRA variants. On GLUE, it attained the highest average
score (89.4) among compared methods, though it was not best on every task. On both MT-Bench and
GSMSBK, LoRA-Perturb achieved the highest scores among the compared LoRA variants, slightly above
DoRA and LoRA+, though the differences are within the reported standard deviations and should be
interpreted with caution. Ablation studies confirmed that perturbation-informed rank allocation and
differentiated learning rates contribute both independently and synergistically to these gains. Further-
more, analyses of gradient norm dynamics revealed that differentiated learning rates lead to smoother
optimization trajectories.

The implications of this work extend beyond the specific instantiation of LoRA. Our findings reinforce
the broader principle that perturbation-based layer importance can productively inform architectural
and optimization decisions in deep learning, provided that the measurement apparatus is engineered for
efficiency. The demonstrated ability to recover a large fraction of full fine-tuning performance on complex
reasoning tasks with a minuscule parameter budget, while maintaining competitive conversational quality,
suggests that importance-aware resource allocation is particularly valuable in resource-constrained or
multi-task deployment scenarios.

Several directions merit future investigation. First, extending the perturbation measurement frame-
work to other PEFT paradigms beyond LoRA—such as adapter-based methods or prompt tuning—could
reveal whether the same layer importance patterns generalize across different adaptation mechanisms.
Second, exploring dynamic reallocation of ranks during the course of training, rather than relying on
a static warm-start configuration, may further optimize the trade-off between capacity and efficiency.
Third, investigating the interaction between our perturbation-based allocation strategy and quantization
techniques could unlock additional memory and latency reductions for on-device deployment. Finally, a
more systematic examination of importance patterns across diverse model families and scales may yield
architectural insights applicable to the design of future pre-trained models themselves.

In summary, LoRA-Perturb provides a practical solution for differentiated LoRA fine-tuning, demon-
strating that perturbation-based layer importance can be measured efficiently and leveraged effectively
to improve both final performance and training stability. While it does not uniformly surpass all existing
variants on every metric, it offers consistent gains over standard LoRA and establishes a strong base-
line for importance-driven parameter allocation. We hope this work encourages further integration of
perturbation-based analysis techniques into the design of efficient adaptation methods for large language

models.
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Algorithm Pseudocode

Algorithm 1 LoRA-Perturb: Efficient Perturbation-Based Layer Importance for Differentiated LoRA

Require: Pre-trained model M with L layers, training set Dirain, rank budget Riotal, sample size N, warm-up steps 7T,
noise parameters o, Pmask-
Ensure: Differentiated LoRA configuration C = {(r;,m)} .

1: Select a random subset Ds C Dyyain of size N (e.g., 100-500 samples).
2: // Stage 1: Task-Adaptation Warm-up
3: Initialize LoRA {4, Bl}lel with uniform rank 7, = 8.
4: fort =1to T do
5: Update LoRA parameters via gradient descent on mini-batches from Ds.
6: end for
7: Obtain warm-up model Myarm.
8: // Stage 2: Low-Overhead Perturbation Measurement
9: for each z € Ds do
10:  Full forward pass through Muarm; cache {hf2he}L | and record Pum,,,.. (v | z).
11: end for
12: for each layer [ =1 to L do
13: s; < 0.
14: for each z € Ds do
15: Localized forward from layer [ using cached hlc'jclhe; inject noise:
16: iz}"’arm = Wo,thi—1 + AW™h;_ 1 4+ e N(0, a?I).
17: Continue forward through layers [ 4+ 1 to L; obtain P, .. (¥ | do(h;)).
18: s14= 81+ [PMyarm (U | ©) = PAyarm (¥ | do(hr))].
19: end for
20:  s; < s;/N.
21: end for
22: Apply rectification: s; < max(0, s;) for all [; if sum is zero, set s; = 1/L.
23: Normalize 5, = s;/ Z?:l Sj.
24: // Stage 3: Differentiated Full Fine-tuning Configuration
25: for each layer [ =1 to L do
26: T.lraw < Tmin + (Tmax - 7"min) - 51, with rin = 4, rmax = 16.
27: Round r;*V to nearest integer and adjust to match Rygota1 via largest fractional remainders.
28: M < Mbase Tbr"llse , where Tpase = 8.
29: end for
30: return C = {(r;,m)}E ;.
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Figure Legends

Figure 1. Comparison of different LoRA initialization and rank allocation strategies. (a) LoRA:
Fixed rank for all layers, 49 ~ N(0,02%), By = 0. (b) AdaLoRA: Dynamically prunes relatively
unimportant ranks based on importance scores during training, with the same initialization as (a). (c)
DoRA: Decomposes pre-trained weight into magnitude and direction components, allocates ranks to the
direction component, with Ag ~ N (0,02), By = 0. (d) LoRA-Perturb (Ours): Allocates ranks based
on probability variation of perturbation.

Figure 2. Training dynamics comparison between unified (SLR) and differentiated (DLR) learning rates
under perturbation-based rank allocation. (a) Evolution of the mean gradient norm across all adapted
LoRA layers over the first 125 training steps. (b) Histogram and kernel density estimate of gradient
norm values aggregated over the monitored steps. (c¢) Training loss curve. (d) Final test accuracy on
the SST-2 validation set. All experiments in this figure are conducted on 2000 samples from the SST-2

training set.
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