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Abstract—Low-Rank Adaptation (LoRA) efficiently adapts
pre-trained models to downstream tasks by freezing the original
parameters and introducing low-rank decomposable trainable
matrices. Although this approach significantly reduces computa-
tional costs, it suffers from limited performance gains and poor
generalization on downstream tasks. To address this challenge,
inspired by knowledge distillation that mitigates overfitting risks
through soft labels conveying inter-class relationships, we propose
Robust-LoRA, a robust low-rank adaptation framework that
integrates knowledge distillation with margin-based constraints.
Specifically, during fine-tuning, Robust-LoRA leverages knowl-
edge distillation to enable the trainable LoRA components to
retain the model’s general representations, while simultaneously
employing a margin loss function to widen the probability gap
between correct and incorrect predictions, thereby stabilizing
the decision boundary. Experimental results across multiple pre-
trained backbone models and benchmark datasets demonstrate
that Robust-LoRA consistently outperforms conventional low-
rank adaptation methods, and exhibits superior generalization
capabilities in cross-task transfer and few-shot learning scenarios.

Index Terms—Parameter-efficient fine-tuning, low-rank adap-
tation, knowledge distillation, margin loss, robustness

I. INTRODUCTION

Large Language Models (LLMs) have demonstrated re-
markable capabilities across various natural language pro-
cessing tasks. To effectively adapt these pre-trained models
to downstream tasks, Parameter-Efficient Fine-Tuning (PEFT)
methods have garnered substantial research attention. Among
these approaches, Low-Rank Adaptation (LoRA) [1] has
emerged as a particularly popular strategy due to its simplicity
and effectiveness: it preserves the original pre-trained param-
eters while introducing trainable low-rank matrices to capture
task-specific adaptations, thereby significantly reducing mem-
ory footprint and computational overhead compared to full
fine-tuning.

Despite the efficiency advantages of LoRA and its vari-
ants [2], [3], the limited parameter capacity and reliance on
fixed-rank incremental matrices constrain its representational
potential, typically resulting in suboptimal performance gains
(e.g., compared to full fine-tuning) and limited generalization
capabilities on downstream tasks [4]–[6].

To address these limitations and enhance representational
capacity, we propose Robust-LoRA, which tackles the afore-
mentioned issues from two perspectives. First, inspired by
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Fig. 1. Architectural overview of the Robust-LoRA framework. The frame-
work comprises a teacher model, a low-rank adapted student model, and a
multi-objective loss function that combines task-specific learning, margin-
based robust loss, and knowledge distillation. Only the low-rank matrices
are updated during adaptation, preserving parameter efficiency.

knowledge distillation [7]–[9], which transfers knowledge
from teacher models to student models to improve general-
ization performance, we employ a distillation mechanism to
transfer robust representations from a teacher model to a low-
rank adapted student model, thereby enhancing its represen-
tational capacity. Second, building upon this foundation, we
design a margin-based loss function that explicitly enlarges the
probability margin between correct and incorrect predictions,
stabilizing the decision boundary. Consequently, Robust-LoRA
exhibits substantial performance improvements and strong
generalization capabilities.

The main contributions of this paper are as follows:
• We propose Robust-LoRA, a robust and parameter-

efficient fine-tuning framework that integrates knowledge
distillation with margin-based constraints, enabling LoRA
to achieve substantial performance improvements and
enhanced generalization capabilities.

• We design a unified distillation protocol that transfers
knowledge from teacher models to low-rank student
models through temperature-scaled probability matching,
thereby enhancing prediction confidence without sacrific-
ing parameter efficiency.
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• We conduct comprehensive experiments on six natu-
ral language understanding benchmark datasets using
LLaMA-2-7B and RoBERTa-large as backbone mod-
els. Experimental results demonstrate that Robust-LoRA
consistently outperforms strong PEFT baseline methods,
with particularly pronounced advantages in few-shot and
cross-task transfer scenarios.

II. RELATED WORK

A. Parameter-Efficient Fine-Tuning

Parameter-efficient fine-tuning (PEFT) has emerged as a
key paradigm for adapting large-scale pre-trained language
models to downstream tasks with minimal computational over-
head. Among various PEFT strategies, Low-Rank Adaptation
(LoRA) [1] stands out due to its simplicity and efficacy.
LoRA decomposes weight updates into low-rank matrices,
enabling adaptation with fewer than 1% of trainable param-
eters while preserving performance comparable to full fine-
tuning. Subsequent variants, such as QLoRA [10], further
reduce memory consumption by integrating 4-bit quantization.
In parallel, adapter-based approaches [11] insert lightweight
modules between transformer layers, while prefix tuning [12]
optimizes continuous task-specific prompts. Despite their effi-
ciency, these methods primarily focus on parameter reduction
and lack explicit mechanisms to ensure robustness during
adaptation—a critical gap for reliable real-world deployment.

B. Robustness and Margin-Based Learning

Enhancing model robustness has been a longstanding goal
in machine learning. Margin-based objectives, which enforce
a separation between correct and incorrect predictions, have
proven effective in improving generalization and decision
boundary stability [13], [14]. Meanwhile, knowledge distil-
lation [15] provides a mechanism to transfer robust represen-
tations from teacher models to student models. Recent efforts
[16], [17] have further incorporated self-supervised objectives
to bolster the reliability of language models. However, these
approaches typically assume full-parameter tuning and do
not address the unique robustness challenges in parameter-
efficient settings. Notably, [18] revealed that PEFT methods
exhibit distinct vulnerabilities under distribution shifts and
adversarial perturbations. To bridge this gap, we propose a
margin-augmented loss tailored for PEFT, integrated into a
multi-objective optimization framework that jointly promotes
accuracy, stability, and confidence.

C. Knowledge Distillation for Efficient Adaptation

Knowledge distillation (KD) has been extensively studied
for model compression and efficient inference [19]. Its inte-
gration with PEFT, however, remains relatively underexplored.
Recent work has begun to incorporate KD into low-rank adap-
tation frameworks: for instance, [7], [9], [20] employ distilla-
tion to stabilize training and enhance performance in LoRA-
based adaptations. Beyond adaptation, KD has also been inves-
tigated in broader contexts such as efficient pre-training [21]
and model compression [22]. Nevertheless, existing methods

often treat distillation as an auxiliary objective isolated from
explicit robustness constraints. This decoupling may limit
model generalization under challenging conditions, such as
few-shot learning or cross-task transfer. To overcome this
limitation, our Robust-LoRA framework unifies knowledge
distillation with a margin-based robust loss within a cohesive
low-rank adaptation loop. This unified approach ensures that
the student model retains the teacher’s generalization ability
while gaining improved prediction confidence and robustness,
leading to a more reliable and adaptable PEFT solution.

III. METHODOLOGY

In this section, we first briefly revisit the standard LoRA
fine-tuning paradigm. We then introduce our proposed en-
hancements: a margin-based robust loss to increase prediction
confidence and a knowledge distillation mechanism to pre-
serve robust representations. The integrated framework, termed
Robust-LoRA, is depicted in Fig. 1.

A. Robustness-Constrained LoRA Adaptation

Following the standard LoRA formulation, we consider a
pre-trained language model M with parameters Θ. For a
weight matrix W ∈ Rd×k in M, the update is parameterized
via low-rank decomposition:

∆W = BA, B ∈ Rd×r, A ∈ Rr×k, r ≪ min(d, k) (1)

where only B and A are trainable, keeping Θ frozen. While
this design ensures parameter efficiency, the adaptation process
may still suffer from ambiguous decision boundaries and
overfitting, especially when training data is limited.

To enhance the discriminative ability and prediction con-
fidence of the adapted model, we introduce a margin-based
robust loss. For an input x with ground-truth label y, let
pθ(y|x) denote the predicted probability for class y, and
maxy′ ̸=y pθ(y

′|x) the highest probability among incorrect
classes. The robust loss is defined as:

Lrobust =
1

2
E(x,y)∼D

[
max

(
0, γ−

(
pθ(y|x)−max

y′ ̸=y
pθ(y

′|x)
))]2
(2)

where γ is a tunable margin hyperparameter. This loss
encourages the model to maintain a probability gap of at least
γ between the correct class and the most competitive incor-
rect class. By explicitly enlarging this margin, the decision
boundary becomes more stable and the model’s predictions
gain higher confidence, which is particularly beneficial in low-
data regimes and cross-task transfers.

B. Knowledge Distillation

To further preserve the robust representations learned dur-
ing pre-training, we integrate knowledge distillation into the
adaptation process. Let the fixed teacher model and the low-
rank adapted student model produce logits z(t) and z(s),
respectively, for a batch of size B with C classes. We employ
temperature scaling to soften the output distributions:
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TABLE I
PERFORMANCE COMPARISON OF ROBUST-LORA WITH BASELINE METHODS ACROSS SIX GLUE TASKS ON LLAMA2-7B AND ROBERTA-LARGE

BACKBONES (%). THE BEST RESULTS ARE IN BOLD AND THE SECOND-BEST RESULTS ARE UNDERLINED.

Backbone Method #Params CoLA SST-2 MRPC QNLI RTE STS-B Avg.

LLaMA2-7B

MultiLoRA 0.38% 61.3 96.3 86.3 95.5 91.0 91.8 87.0
MixLoRA 0.17% 73.2 96.0 88.2 93.6 87.1 91.3 88.2

MoRE 0.07% 66.9 96.9 89.2 94.4 92.1 92.2 88.6
LoRA-MT 0.24% 65.9 97.1 86.0 96.0 91.7 91.9 88.1
MoELoRA 0.24% 63.7 96.6 91.2 95.7 87.8 92.2 87.9

LoRA 0.25% 68.5 96.5 90.9 93.5 90.3 90.7 88.4
QLoRA 0.25% 68.4 96.3 90.7 92.9 90.1 91.6 88.3

Robust-LoRA 0.25% 71.1 96.9 91.3 94.5 91.0 92.3 89.5

RoBERTa-large

Full FT 100.00% 68.0 96.4 91.5 94.7 86.6 92.5 88.3
LoRA-XS 0.01% 67.0 95.9 90.7 93.9 88.1 92.0 87.9
VB-LoRA 0.05% 68.3 96.1 91.4 94.7 86.6 91.8 88.2
Tied-LoRA 0.02% 64.7 94.8 89.7 94.1 81.2 90.8 85.9
Uni-LoRA 0.01% 68.5 96.3 91.3 94.6 86.6 92.1 88.2

RED* 0.01% 68.1 96.0 90.3 93.5 86.2 91.3 87.6
VeRA 0.02% 68.0 96.1 90.9 94.4 85.9 91.7 87.8

LoReFT* 0.01% 68.0 96.2 90.1 94.1 87.5 91.6 87.9
RoAd1 0.06% 66.1 96.3 91.0 94.4 89.2 91.7 88.1

WGLoRA 0.17% 68.4 96.2 90.3 94.5 86.3 91.8 87.9
AdapterFNN* 0.23% 64.4 96.1 90.5 94.3 84.8 90.2 86.7

Adapter* 0.25% 65.4 95.2 90.5 94.6 85.3 91.5 87.1
LoRA 0.25% 68.2 96.2 90.2 94.5 85.2 92.1 87.7

Robust-LoRA 0.25% 70.6 96.5 91.4 94.6 88.1 92.4 88.9

p(t)
τ = softmax

(
z(t)

τ

)
, p(s)

τ = softmax

(
z(s)

τ

)
(3)

where τ is the temperature hyperparameter. Increasing τ
raises the entropy of the output distribution, spreading prob-
ability mass from the dominant class to other classes. This
provides richer, softened supervisory signals that help the
student model learn the teacher’s implicit knowledge about
inter-class similarities.

The distillation loss is defined as the temperature-scaled
Kullback–Leibler (KL) divergence between the teacher’s and
student’s softened outputs:

LKD = τ2·DKL

(
p(t)
τ

∥∥p(s)
τ

)
=

τ2

B

B∑
i=1

C∑
c=1

p
(t)
τ,i,c log

(
p
(t)
τ,i,c

p
(s)
τ,i,c

)
(4)

Through LKD, the student model inherits not only the
teacher’s categorical predictions but also its implicit inter-
class relational structure, which enhances generalization and
mitigates overfitting.

C. Integrated Optimization

The final training objective of Robust-LoRA is a weighted
combination of three loss terms:

Ltotal = α · Ltask + β · Lrobust + (1− α− β) · LKD (5)

where Ltask = 1
B

∑B
i=1 CE

(
yi,p

(s)
i

)
is the standard cross-

entropy task loss, and α, β are fixed coefficients that balance
the contributions of task accuracy, margin enforcement, and
distillation guidance.

This multi-objective formulation enables simultaneous op-
timization of task performance via Ltask, prediction robust-
ness via Lrobust, and representation inheritance via LKD. All
gradients flow exclusively through the low-rank matrices B
and A, thereby preserving the parameter efficiency inherent to
the LoRA framework. The combined loss function not only
stabilizes the training dynamics and accelerates convergence,
but also yields a model that exhibits both high accuracy and
enhanced reliability across diverse downstream scenarios.

IV. EXPERIMENTS

This section presents a comprehensive empirical evaluation
of the proposed Robust-LoRA framework. We begin by detail-
ing the experimental setup, including datasets, baseline meth-
ods, and implementation specifics. Subsequently, we report
and analyze the main results across multiple benchmark tasks,
followed by in-depth investigations into its few-shot learn-
ing capability, parameter sensitivity, cross-task transferability,
training stability, and representational properties. Ablation
studies are also conducted to validate the contribution of each
core component.

A. Datasets and Evaluation Metrics

The evaluation is conducted on six natural language under-
standing tasks from the GLUE benchmark: CoLA (linguistic
acceptability), SST-2 (sentiment analysis), MRPC (paraphrase
detection), STS-B (semantic textual similarity), QNLI (infer-
ence), and RTE (inference). Following common practice, we
use the Matthews correlation coefficient for CoLA, the Pearson
correlation for STS-B, and accuracy for the other tasks. For
STS-B, we discretize the continuous similarity scores into
5 equal-width bins, and treat it as a 5-class classification
problem. Results are averaged over three random runs.
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Fig. 2. Few-shot learning performance of Robust-LoRA compared to baseline methods (LoRA) across four GLUE tasks.

B. Baselines

We compare Robust-LoRA with a broad range of state-of-
the-art PEFT methods. To ensure a direct comparison within
the same family of techniques, we include several advanced
variants of LoRA. These consist of the standard LoRA method,
its quantized counterpart QLoRA [10], and extensions such
as MultiLoRA [23], MixLoRA [24], MOELoRA [25], MoRE
[18], and LoRA-MT [25], which respectively explore strate-
gies involving multiple parallel adaptations, mixture mecha-
nisms, expert ensembles, and multi-task regularization.

To contextualize the results within the wider PEFT field, we
also evaluate against several prominent alternative adaptation
techniques on the RoBERTa-large backbone. This set includes
Adapter, which inserts trainable bottleneck modules; and sev-
eral recent efficient variants like Uni-LoRA [26], VB-LoRA
[27], Tied-LoRA [28], WGLoRA [29] and LoRA-XS [30].

C. Experimental Setup

We evaluate Robust-LoRA on two widely adopted pre-
trained language models: LLaMA 2-7B [31] and RoBERTa-
large [32]. We use the same pre-trained model as the teacher
in the distillation framework.

To comprehensively assess the impact of low-rank rank
selection, we conduct experiments with multiple rank values:
for LLaMA 2-7B, we set the rank r to 8 and 16; for RoBERTa-
large, we set r to 2 and 4. We use a batch size of 32 and a
maximum sequence length of 128 across all experiments. All
models are trained for 15 epochs. The model is optimized
with the AdamW optimizer, and the learning rate is selected
from {1 × 10−4, 2 × 10−4, 3 × 10−4} based on validation
performance, with linear decay applied during training.

The hyperparameters for the loss components were deter-
mined as follows. The margin parameter γ was set to 0.3,
and the distillation temperature τ to 2.0 to appropriately
smooth the probability distributions. The weighting coeffi-
cients α and β were selected via grid search over the set
{0.1, 0.2, 0.3, 0.4, 0.5} on the validation set to balance the
contributions of the task loss, robust loss, and distillation loss.
All experiments were conducted on a single NVIDIA A6000
GPU with 48 GB of memory.

D. Main Results

Table I summarizes the performance of Robust-LoRA
and competing PEFT methods on six GLUE tasks across

LLaMA2-7B and RoBERTa-large backbones. Robust-LoRA
achieves the highest average score on both architectures while
maintaining competitive parameter efficiency.

On the LLaMA2-7B backbone, Robust-LoRA attains an
average score of 89.5%, outperforming all compared PEFT
methods. It exceeds standard LoRA [1] by 1.1% and sur-
passes competitive variants such as MoRE [18] (88.6%) and
MixLoRA [24] (88.2%). Notably, Robust-LoRA demonstrates
substantial improvements on linguistically challenging tasks:
on CoLA, it achieves 71.1% (Matthew’s correlation), a gain of
2.7 points over standard LoRA; on STS-B, it reaches 92.3%,
outperforming LoRA by 1.6%.

On the RoBERTa-large backbone, Robust-LoRA again
achieves the highest average performance (88.9%) among all
PEFT methods. Crucially, it outperforms not only standard
LoRA (by 1.2 points) but also several ultra-efficient variants
that train far fewer parameters, such as LoRA-XS [30] (0.01%
of parameters), Tied-LoRA [28] (0.02%), and Uni-LoRA [26]
(0.02%). While these methods achieve extreme parameter
efficiency, their performance remains substantially lower—by
0.7 to 3.0 points. In contrast, Robust-LoRA attains a more
favorable balance between parameter count and predictive
performance, using only 0.25% of trainable parameters while
delivering robust, state-of-the-art results across all six tasks.

Beyond aggregated scores, Robust-LoRA demonstrates
stronger generalization in cross-task and few-shot settings
(Sections IV-G and IV-E), as well as improved training sta-
bility and representation fidelity (Sections IV-H and IV-I),
confirming its well-balanced design for robust and efficient
adaptation.

E. Few-Shot Learning Analysis
We further evaluate the efficacy of Robust-LoRA under

data-scarce conditions through few-shot learning experiments
on four representative GLUE tasks: MRPC, RTE, CoLA, and
SST-2, using the RoBERTa-large backbone. The training data
is subsampled to ratios ranging from 1% to 50% of the original
datasets.

As illustrated in Fig. 2, Robust-LoRA consistently out-
performs standard LoRA across all data ratios and tasks.
The performance advantage is especially pronounced in ex-
tremely low-data regimes (1%–10% training data). On MRPC
(Fig. 2a), Robust-LoRA sustains higher F1 scores throughout
the training progression, demonstrating a more stable perfor-
mance curve across varying data scales. On RTE (Fig. 2b),
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our method yields more accurate and stable predictions, par-
ticularly when only a few labeled examples are available. On
CoLA (Fig. 2c), Robust-LoRA achieves significantly better
Matthews correlation coefficients, indicating its enhanced ca-
pacity for linguistic acceptability judgment even with minimal
supervision. Similarly, on SST-2 (Fig. 2d), Robust-LoRA
maintains higher accuracy across all data subsets, demonstrat-
ing robust sentiment classification capability in low-resource
settings.

F. Parameter Sensitivity Analysis

We investigate Robust-LoRA’s sensitivity to hyperparame-
ters α (task loss weight) and β (robust loss weight) across two
model architectures and six GLUE tasks. Robust-LoRA main-
tains strong performance across all tasks (Fig. 3). Heatmaps
(Fig. 3(a,b)) show limited performance degradation across a
wide range of parameter combinations. On SST-2, LLaMA2-
7B accuracy remains above 96.2% for most α and β choices,
peaking at 96.9% with (α = 0.5, β = 0.2); RoBERTa-
large exhibits similar stability (96.0%–96.5%). Radar charts
(Fig. 3(c,d)) reveal task-dependent optimal configurations. For
tasks requiring fine-grained semantic discrimination, such as
CoLA and RTE, the optimal α lies in a lower range (0.3–0.4),
allowing the robust loss to play a more prominent role in
stabilizing the decision boundary. In contrast, for tasks with
well-separated categories, such as SST-2, a slightly higher
α (0.4–0.5) is preferred, placing greater emphasis on task-
specific optimization. Across all tasks, β consistently falls
within the narrow range of 0.1–0.3. These results demonstrate
Robust-LoRA’s robustness to hyperparameter choices and its
adaptability to diverse tasks, supporting practical deployment
with minimal tuning.

G. Cross-Task Transferability Analysis

We evaluate the cross-task transferability of Robust-LoRA
by fine-tuning on RTE and directly testing on MRPC using
the RoBERTa-large backbone, without task-specific retraining.
As shown in Fig. 4(a), Robust-LoRA achieves an F1 score
of 48.1% on MRPC, outperforming standard LoRA by 9.7
percentage points (38.4%). Accuracy follows a similar trend:
41.2% versus 37.5%. This consistent improvement across
metrics indicates that Robust-LoRA learns more transferable
representations. Fig. 4(b) presents a heatmap comparing both
methods across F1 score, accuracy, and a cross-task gener-
alization score, defined as the weighted average of F1 and
accuracy:

Generalization Score = 0.5 · F1 + 0.5 ·Accuracy (6)

Robust-LoRA consistently achieves higher scores across all
metrics, with a generalization score of 44.7% compared to
38.0% for LoRA. These results suggest that the advantage of
our method stems from enhanced representation quality rather
than a single-metric improvement.

H. Training Stability Analysis

To assess the optimization stability of Robust-LoRA, we
monitor the gradient norm dynamics during fine-tuning on
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Fig. 4. Cross-task transfer results for the RTE → MRPC scenario using
RoBERTa-large.

two GLUE tasks, RTE and MRPC, using the LLaMA2-7B
backbone. Gradient norms reflect the magnitude of parameter
updates; consistent and bounded gradients typically indicate
stable training, whereas large fluctuations may hinder conver-
gence and final performance.

As shown in Fig. 5, Robust-LoRA exhibits significantly
smoother gradient trajectories compared to standard LoRA. On
RTE (Fig. 5(a,b)), Robust-LoRA reduces gradient fluctuations
substantially, with the norm converging more steadily. On
MRPC (Fig. 5(c,d)), a similar stabilization effect is observed,
where gradient variance is markedly lower and the descent
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Fig. 5. Gradient norm dynamics during fine-tuning on RTE and MRPC
datasets (LLaMA2-7B). (a,b) RTE dataset showing reduced gradient fluctu-
ations with Robust-LoRA. (c,d) MRPC dataset demonstrating similar stabi-
lization effects. Red lines indicate average gradient norms.
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Fig. 6. Distributions of cosine similarity between teacher and student CLS
embeddings on the RTE dataset. Robust-LoRA shows higher alignment with
the teacher model, indicated by a higher mean and median similarity. Red
and blue dashed lines mark the mean and median, respectively.

is more monotonic. These quantitative improvements indicate
that our method not only achieves smoother convergence but
also mitigates the risk of unstable updates that could degrade
model performance.

I. Representation Alignment Analysis

We quantify the representational shift induced by parameter-
efficient fine-tuning by measuring the cosine similarity be-
tween the CLS token embeddings of the pre-trained teacher
and the fine-tuned student models on the RTE and MRPC
datasets using RoBERTa-large.

As shown in Fig. 6, Robust-LoRA maintains significantly
higher cosine similarity with the pre-trained teacher than stan-
dard LoRA. On RTE, Robust-LoRA achieves a mean similarity
of 0.611 (median: 0.636), compared to 0.439 (median: 0.450)
for LoRA. This superior alignment results from the combined
effect of the margin-based loss and knowledge distillation.
The margin loss anchors the decision boundary close to the
teacher’s robust configuration, while distillation directly trans-
fers stable representations. Together, they mitigate catastrophic
forgetting and preserve semantic knowledge from pre-training.

J. Representation Visualization Analysis

To visually assess the quality of learned representations, we
compare t-SNE projections of sentence embeddings obtained
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(b) Robust-LoRA

Fig. 7. t-SNE visualizations of [CLS] token embeddings on the SST-2 dataset.
(a) Full fine-tuning yields overlapping clusters between positive (yellow) and
negative (purple) sentiments. (b) Robust-LoRA produces more compact and
well-separated clusters, indicating more discriminative representations.

TABLE II
ABLATION STUDY ON LLAMA2-7B BACKBONE (%).

Configuration CoLA SST-2 MRPC QNLI RTE STS-B Avg.

Robust-LoRA (Full) 71.1 96.9 91.3 94.5 91.0 92.3 89.5
w/o Distillation 70.3 96.3 90.6 93.7 90.6 91.4 88.8
w/o Robust Loss 70.6 96.2 90.5 94.0 90.3 91.9 88.9

TABLE III
ABLATION STUDY ON ROBERTA-LARGE BACKBONE (%).

Configuration CoLA SST-2 MRPC QNLI RTE STS-B Avg.

Robust-LoRA (Full) 70.6 96.5 91.4 94.6 88.1 92.4 88.9
w/o Distillation 70.0 96.2 90.6 94.0 87.3 91.6 88.3
w/o Robust Loss 69.7 96.0 90.5 94.1 87.1 91.9 88.2

from full fine-tuning and Robust-LoRA on the SST-2 senti-
ment analysis task using RoBERTa-large.

Fig. 7 shows the t-SNE visualization of [CLS] embeddings.
While full fine-tuning (Fig. 7(a)) results in partially overlap-
ping sentiment clusters, Robust-LoRA (Fig. 7(b)) generates
tighter and more distinct clusters with minimal overlap. The
enhanced cluster separability demonstrates that Robust-LoRA
learns more discriminative representations despite updating
only a minimal set of parameters. These visual findings align
with quantitative results: the clearer separation corresponds to
a higher classification accuracy. This confirms that Robust-
LoRA not only maintains parameter efficiency but also learns
representations that are more effective for downstream tasks.

K. Ablation Studies

We perform ablation experiments to examine the contri-
bution of each component in Robust-LoRA: the knowledge
distillation (KD) mechanism and the margin-based robust loss.
Results on the LLaMA2-7B and RoBERTa-large backbones
are given in Tables II and III.

Removing either component consistently degrades perfor-
mance, validating their individual necessity. On LLaMA2-7B,
discarding KD reduces the average score by 0.7 percentage
points, with the largest drop observed on CoLA (0.8%) and
STS-B (0.9%). Removing the robust loss leads to a milder
average decline of 0.6 percentage points, with the most pro-
nounced degradation on MRPC (0.8%). A similar pattern holds
for RoBERTa-large: omitting KD lowers the average by 0.6
percentage points, with notable drops on CoLA (0.6%), SST-2
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(0.3%), and RTE (0.8%); removing the robust loss yields an
average reduction of 0.7 percentage points, primarily driven
by CoLA (0.9%) and MRPC (0.9%). In all cases, the full
Robust-LoRA model attains the best performance, confirming
that both KD and the robust loss contribute complementarily.

V. CONCLUSION

We present Robust-LoRA, a parameter-efficient fine-tuning
framework that integrates margin-based robustness constraints
and knowledge distillation into low-rank adaptation. The
method enhances the discriminative ability and preserves
robust representations, addressing the limited generalization
of standard LoRA. Comprehensive evaluations on GLUE
benchmarks with LLaMA2-7B and RoBERTa-large backbones
demonstrate that Robust-LoRA consistently outperforms ex-
isting PEFT methods, particularly in few-shot and cross-task
transfer scenarios. The framework achieves stable optimiza-
tion, minimizes representational shift, and improves prediction
confidence without sacrificing parameter efficiency. Future
work may extend the approach to multimodal, continual, and
domain-specific learning settings.
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