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Abstract

Class imbalance remains a major challenge
in Natural Language Processing (NLP), of-
ten leading models to underperform on mi-
nority classes. Existing solutions typically
assume shared parameters across all classes,
limiting their ability to distinct class-specific
characteristics. Inspired by approaches in com-
puter vision and parameter-efficient tuning, we
propose a class-aware LoRA expert routing
framework that dynamically selects adaptation
modules based on input class. This enables
class-specific adaptation without significantly
increasing computational overhead, improving
performance on minority classes while main-
taining efficiency.

1 Introduction

Natural Language Processing (NLP) face the chal-
lenge of class imbalance, where certain classes ap-
pear significantly less frequently than others. This
imbalance leads to biased model performance, as
deep learning models tend to prioritize the majority
class by sacrificing the accuracy of the minority
class (Henning et al., 2023), as shown in Fig.1.
However, in applications such as hate speech de-
tection (Waseem and Hovy, 2016) and rare dis-
ease classification (Mullenbach et al., 2018), minor-
ity class instances often carry greater significance,
where class imbalance can severely impact the re-
liability and fairness of these critical tasks. The
issue of bias in language models is often attributed
to class imbalance in the training data.

Several approaches have been proposed to ad-
dress class imbalance, including data resampling
(Pouyanfar et al., 2018; Tepper et al., 2020), data
augmentation (Zhang et al., 2022; Li et al., 2024b),
loss function modifications (Tepper et al., 2020)
and staged training strategies (Jang et al., 2021).
While these approaches offer improvements, they
also have limitations. Resampling can introduce
distributional bias, data augmentation methods rely
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Figure 1: An example of class imbalance. Although the
overall classification accuracy appears high (88.89%),
the model performs poorly (66.67%) on the negative
class due to insufficient training.

on additional annotations or synthetic data genera-
tion, and loss function modifications often require
careful hyperparameter tuning.

Most existing approaches to class imbalance as-
sume that all classes share the same model param-
eters. As a result, it fails to capture the distinct
data distributions and semantic features associated
with minority classes. In vision domain, Kang et al.
(2020) addressed the class imbalance by decou-
pling the representation and classification compo-
nents and assigning separate classifiers to differ-
ent classes, effectively mitigating the dominance
of majority classes. Inspired by this insight, we
argue that NLP models can also benefit from class-
specific parameterization to better capture minority
class characteristics.

However, allocating different parameters for
each class is computationally expensive, particu-
larly for large-scale language models. To balance
flexibility and efficiency, we draw inspiration from
MixLoRA (Li et al., 2024a), which introduces a
parameter-efficient fine-tuning framework that dy-
namically routes inputs to LORA modules based on
input features. We propose a class-aware LoRA ex-
pert routing framework, where inputs are directed
to class-relevant adaptation modules. This design
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Figure 2: An example of data resampling applied to the
dataset shown in Fig.1.

enables selective parameter optimization tailored
to class-specific characteristics, without replicating
the full parameter set for each class. As a result,
our method enhances learning on imbalanced data
while maintaining a low computational overhead.

Our experiments on the imbalanced dataset cre-
ated from CIFAR10 and CoNLL-2003 datasets
demonstrate that class-aware LoRA improves
macro and weighted F1 scores, particularly benefit-
ing the minority classes, while maintaining compu-
tational efficiency.

2 Related Work

Class imbalance is a long-standing challenge in
both computer vision and NLP. Class imbalance
in NLP is especially challenging because textual
data is high-dimensional and discrete (Henning
et al., 2023). Moreover, rare classes often lack
sufficient labeled examples (Waseem and Hovy,
2016). Several solutions have been proposed to
tackle this issue.

Data resample. One of the most widely adopted
techniques is data resampling. Oversampling du-
plicates minority class samples to balance class dis-
tribution, while undersampling reduces the number
of majority class samples (Pouyanfar et al., 2018;
Tepper et al., 2020), as shown in Fig.2. Pouyan-
far et al. (2018) used dynamic sampling strategies
for convolutional networks, showing that adaptive
sample balancing can mitigate overfitting. How-
ever, such methods often introduce distributional
shifts or remove potentially informative samples
as minority class samples often carry unique and
diverse semantic information.

Data augmentation. Data augmentation aims to
increase the diversity and quantity of training data
by generating additional synthetic examples from
existing samples, as shown in Fig.3. Easy Data
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Figure 3: An example of data augmentation applied to
the dataset shown in Fig.1.

Augmentation (EDA) (Wei and Zou, 2019) apply
synonym replacement, random insertion, and sen-
tence shuffling to generate new training samples.
Adam (Zhang et al., 2022) is an attentional aug-
mentation method tailored for extreme multi-label
classification, while RePrint (Li et al., 2024b) gen-
erates samples by randomized extrapolation based
on principal components. Despite their effective-
ness, these methods often rely on heuristics or syn-
thetic generation, which may not fully capture the
complexity of minority class semantics.

Loss function modification. Modifying the loss
function helps the model focus on minority classes
by assigning higher penalties to their misclassifica-
tions. For example, Tepper et al. (2020) combined
synthetic data generation with a reweighted loss
to better match class distributions in multi-class
text classification. Focal loss (Lin et al., 2018)
emphasizes hard-to-classify examples and class-
balanced loss (Cui et al., 2019) adjusts weights
based on the effective number of samples per class.
However, these approaches often require careful hy-
perparameter tuning, such as choosing appropriate
class weights or focusing factors.

Staged training stragies. Staged training strate-
gies progressively adjust the model’s focus from
majority to minority classes. Jang et al. (2021) pro-
posed Sequential Targeting, a continual learning
framework that fine-tunes models on difficult sub-
sets to improve performance on underrepresented
classes. A common approach follows three stages:
initial training on the full dataset, focused fine-
tuning on the minority class, and a final refinement
on the entire dataset to retain generalization. These
methods can be effective but increase training com-
plexity and may require dataset-specific schedules.

Existing methods often assume shared parame-
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Figure 4: The architectures of the original framework (left) and the proposed class-aware LoRA framework (right).
Our method dynamically routes inputs to class-specific LoORA modules by a lightweight router, allowing each class

to have its own dedicated adaptation parameters.

ters across all classes, which overlooks the distinct
characteristics of different classes. To better cap-
ture the unique features of minority classes, we
introduce class-specific parameterization for NLP
models. To avoid the overhead of maintaining sep-
arate parameters, we adopt a design inspired by
MixLoRA (Li et al., 2024a) that dynamically routes
inputs to a set of LoRA experts. This enables class-
aware adaptation while maintaining parameter effi-
ciency.

3 Proposed Methodology

In standard architectures, it is assumed that all in-
puts share a common set of parameters W), and the
output for a given input = is computed as:

h = Woyx ey

However, this design has limitations under class
imbalance, where certain classes are significantly
underrepresented. In such cases, the model tends to
focus on majority classes during training, resulting
in poor generalization on minority classes.

To address this issue, we propose a lightweight
and extensible module that provides class-specific
adaptation with low computational overhead. The
architecture of the proposed framework is shown on
the left side of Fig.4. Given an input z, the router
outputs a selection signal, which activates the cor-
responding class-specific LORA module. The se-
lected module then calculates the input using its
own set of parameters to produce the final output.

3.1 Class-Adaptive LoRA module

Our design follows the LoRA-based method (Hu
et al., 2021), extended to assign different adapta-

tion matrices to different data points based on their
class.

Consider a pretrained weight matrix Wy € R%x¢
in a linear transformation layer and an input x; be-
longing to class i. Instead of being updated directly,
the pretrained weight matrix W is kept frozen, and
a trainable low-rank residual AW is added. The
output is computed as:

h = W()wi + AWzZL‘z
= Wox; + B Asx; )

where 4; € R™*% and B, € R%" are low-rank
trainable matrices specific to class 7. The rank r is a
hyperparameter that determines the size of the low-
rank adaptation, offering a trade-off between fine-
tuning performance and computational efficiency.
Only A; and B; are updated during training, while
the pretrained weight Wy remains frozen.
This design has three key advantages:

* Focus on class-specific features: By assign-
ing separate adaptation modules to each class,
the model can learn minority class indepen-
dently (Ren et al., 2020). This can reduce
interference among minority classes and al-
low the model to better capture their unique
features.

* Parameter efficiency: Since only low-rank
matrices are trained while the backbone re-
mains frozen, the approach is well-suited
for resource-constrained environments. Com-
pared to full fine-tuning, it updates only a
small fraction of parameters.



* Plug-and-play design: Our approach intro-
duces minimal modifications to the model ar-
chitecture, allowing it to function as a plug-in
that can be easily integrated with other meth-
ods.

3.2 Rank Router Design

In practical, class labels are not available during
inference. And in some cases, class labels may
even be inaccessible during training. To enable
class-specific adaptation without relying on explicit
labels, the model must learn to automatically select
which set of parameters to apply for each input.

To achieve this, we draw inspiration from the
mixture-of-experts framework (Li et al., 2024a),
where a routing mechanism is used to assign inputs
to one or more specialized expert sub-networks.
In our case, a router is used to dynamically se-
lect the appropriate class-specific LORA module.
Specifically, We consider three increasingly flexi-
ble routing strategies:

Pseudo Labels. The simplest routing strategy
uses the prediction from the origin model as the
pseudo label 7 to select the class-specific LoRA
module. Each input is routed to a single module
that corresponds to the most likely class i. Then
the h would be:

h = Woz; + BiA%x%. 3)

Although this routing strategy is simple and ef-
ficient, it introduces a risk that incorrect pseudo-
labels driving the model away from the optimal
solution, potentially leading to suboptimal perfor-
mance.

Top-k selection. To improve robustness, the
router can be extended to select the top-k most
likely classes. Instead of selecting only the highest-
scoring class, the router activates the adaptation
modules corresponding to the top-k predicted
classes.

The outputs of the selected modules are com-
bined based on a diagonal mask that controls which
class-specific parameters contribute to the final out-
put. Specifically, the output is computed as:

h = Wyx; + BM Ax;

1 if j =kandj € Top-k(x;
My = . PR 4
0 otherwise

where B € Routxc A ¢ Re¥din and M € REXC
is a diagonal binary mask matrix, where only M;;

is set to 1 if j is among the top-k predicted classes
for input x;. k is a controlled hyperparameter that
trades off between adaptation specificity and ro-
bustness.

Compared to a single pseudo-label, the top-k se-
lection reduces the risk of misrouting due to noisy
or uncertain predictions. It also allows smoother
learning in early stages of training when class deci-
sion boundaries are less stable.

Routing at the Final Layer. Prior research
(Kang et al., 2020) suggests that, except in cases of
extreme imbalance, the classifier is the primary un-
derperforming component in imbalanced datasets.

Motivated by this observation, we apply class-
specific LoORA modules only at the final classifi-
cation layer. This avoids modifications to earlier
layers and enables efficient, single-pass inference.

4 Experiments

Datasets: We have examined the performance of
our algorithm on two datasets: a computer vision
dataset CIFAR-10-LT, and an NLP dataset CONLL-
2003. Both datasets have imbalanced classes.
Metric: We evaluate the results using six metrics:
weighted and macro averages of precision, recall,
and Fl-score. The weighted average computes
per-class metrics weighted by the number of true
instances in each class, giving more influence to
frequent classes. In contrast, the macro average
calculates the unweighted mean of the per-class
metrics, treating all classes equally. For imbal-
anced datasets, the weighted average metrics are
typically higher, while the macro average metrics
tend to be lower due to the greater influence of
minor classes with inferior model performance.

4.1 Results for CIFAR-10-LT

CIFAR-10-LT (CIFAR-10 Long Tail) dataset is
an imbalanced dataset created from the origi-
nal CIFAR-10 dataset (Krizhevsky et al., 2009).
CIFAR-10 is a dataset composed of 60,000 tiny
images of size 32 x 32 with 10 non-overlappig
classes, 50,000 for training and 10,000 for test-
ing. To create an imbalanced dataset, we keep
the original validation set, but resample the train-
ing set, such that the number of samples in each
class decreases exponentially, and the degree of
imbalance can be controlled by the imbalance ra-
tio p, which defines the ratio between the size of
the most frequent class and the least frequent class,
ie., p = max;{n;}/ min;{n;}, where n; is the



number of samples belonging to class ¢. In our ex-
periment, we choose p = 50 so that class 0 would
have 5000 samples for training while class 9 only
has 100 samples to train.

The backbone model we use for this experiment
is ResNet18 (He et al., 2015). We only add class-
adaptive LoRA in the last classification head, which
have been shown to be effective enough in prior
works (Yang et al., 2022). The rank for each class
is 1. We choose the top 2 classes as the pseudo
labels according to the outputs of the pre-trained
classifier.

Results are as shown in Fig 5 and Table 1.
Results show that our Class-Adaptive LoRA
(CALoRA) achieves higher accuracy on minor
classes (e.g., Class 4-9), and better precision and
F1 score, compared with the backbone ResNet18
model.

Accuracy Comparison: ResNet18 vs LoRA-ResNet18

LoRA-ResNet18

Figure 5: The accuracy of different classes in the
CIFAR-10-LT dataset. Results show that our method
can achieve higher accuracy on minor classes.

Metric ResNet18 | CALoRA
macro-precision 0.6310 0.6396
macro-recall 0.5386 0.5340
macro-F1 score 0.5129 0.5131
weighted-precision | 0.6310 0.6396
weighted-recall 0.5386 0.5340
weighted-F1 score | 0.5129 0.5131

Table 1: The macro and weighted averages of preci-
sion, recall and F1 score of ResNetl18 and ResNet18
with class-adaptive LORA (CALoRA) in CIFAR-10-LT
dataset. Results show improvements on precision and
F1 score.

4.2 Results for CoNLL- 2003

CoNLL-2003 is a dataset (Tjong Kim Sang
and De Meulder, 2003) for language-independent
named entity recognition, containing sentences col-
lected from English and German articles. Each

word in the dataset is annotated with a part-of-
speech (POS) tag, a syntactic chunk tag, and a
named entity tag, which can be roughly classified
into four types: persons, locations, organizations,
and entities that do not belong to previous three
groups. These four types can be further categorized
into 11 labels for our classification task including
"0", "B-MISC", "[I-MISC", "B-PER", etc. Since a
sentence sample includes many tokens, it is hard
to sample a certain number of tokens in one class
as what we do in image multi-class classification.
Therefore, we sample 100 sentences including both
"B-MISC" and "I-MISC" tokens, and drop other
sentences which includes only either of them. Then
we append the rest of the training data, which in-
cludes none of the tokens above, to these 100 sam-
ples, hence creating an imbalanced dataset.

The backbone model for this task is BERT (De-
vlin et al., 2019) with a linear classifier head to
classify each token. We only add class-adaptive
LoRA in the classification head. The rank of each
class is 8. We choose top 2 pseudo labels gener-
ated by the vanilla model. Results show that our
CALoRA show improvements on all metrics com-
pared with the backbone model.

Metric BERT | CALoRA
macro-precision | 0.8031 | 0.8319
macro-recall 0.8752 | 0.8830
macro-F1 score 0.8321 | 0.8542
weighted-precision | 0.8207 | 0.8632
weighted-recall 0.8867 | 0.8925
weighted-F1 score | 0.8462 | 0.8761

Table 2: The macro and weighted averages of precision,
recall, and F1 score of BERT and BERT with class-
adaptive LoRA in CoNLL 2003 dataset. Results show
improvements on all metrics.

4.3 Ablation Study

We conduct ablation studies to explore the influ-
ence of model hyperparameters, including the rank
chosen for each class, and the number of used
pseudo labels k. We fix all other settings and vary
only the targeted hyperparameters to isolate its ef-
fect. All experiments are conducted on CIFAR-10
dataset.

Rank: Firstly, we explore the influence of rank
in our experiments. Higher rank means the class-
specific adapter can have more extensive represen-
tation on the minority class. We show the model
performance associated with different ranks in Ta-
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ble. 3. Metrics include the macro, micro, and
weighted averages of the F1 score. From increas-
ing rank from 1 to 4, the F1 score also increases.
But when the rank is higher than 8, the F1 score
can slightly decrease. One possible reason is that a
higher adapter rank increases the model’s capacity,
making it more prone to overfitting, which can lead
to poorer performance on the test set.

rank | macro-F1 | micro-F1 | weighted-F1
1 0.5051 0.5280 0.5051
2 0.5157 0.5363 0.5157
4 0.5249 0.5398 0.5249
8 0.5228 0.5397 0.5228

Table 3: The macro, micro, and weighted averages of
F1 score under different rank

Top-k: The selection of k is important in our ex-
periments due to the following reasons: if k is too
large, in the extreme case, the CALoRA would
degenerate to another linear layer in the model;
however, if k is too small, the chosen top-k pseudo
labels may not include the ground truth label.

We first explore the average index of the true
label among predictions sorted by confidence. Re-
sults are shown in the Fig. 6. It can be observed
that, for minority classes, the average position of
the true label is around 4. Therefore, if k is setto a
smaller value, such as 2 or 3, the correct label may
not be included in the candidate set. As a result,
some samples may not be routed to the appropri-
ate CALoRA module, limiting its effectiveness in
fine-tuning and performance enhancement.

Furthermore, we choose three minority classes
(Class 7, 8, 9) to show the true label position and ac-
curacy on the trained models, with k ranging from
3 to 6. The results are shown in Fig. 7. When &
increases from 3 to 4, which is the average position
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Figure 7: The experiment results of class 7, 8, 9(mi-
nority class) in average ranking and accuracy. (a)Avg
prediction Rank of different k in the 3 minority classes;
(b)Accuracy of different k in the 3 minority classes

index of samples in Class 9, the accuracy shows
the greatest improvement. When k increases from
4 to 5, the average position index shows significant
decrease. This indicates that it is important to make
sure the ground truth label included in the top-k
predictions. In comparison, when £ = 3, which
makes the ground truth label of Class 9 very likely
to be excluded from the top-£ predictions, the cor-
responding accuracy drops significantly. Table 4
shows the macro, micro, and weighted averages of
F1 score under different & in Class 9. When k=4,
the trained model achieves the optimal results on
all three metrics.

k | macro-F1 | micro-F1 | weighted-F1
3| 0.5405 0.5572 0.5405
41 0.5508 0.5646 0.5508
51 0.5490 0.5630 0.5490
6 | 0.5466 0.5621 0.5466

Table 4: The macro/micro/weighted and accuracy of

different k



5 Discussion and future work

Although our current design has shown promising
results, there remain important aspects to be further
explored.

5.1 Validate Fairness Issues in Finetuning

To learn the fairness implications of class imbal-
ance, we plan to conduct the experiments to illus-
trate that training data with imbalanced classes can
compromise model performance.

Specifically, we assume a pretrained classifier
classifier fp on dataset Dg, which is composed two
datasets, D¢ and D5, with imbalanced number of
samples (|D1| > | D2|). Fine-tuning f, on D; and
Dy yield model f; and fo, respectively. Denote the
accuracy of model f; regarding dataset D; as a;;.
We expect to observe:

* ag1 > age, indicating that a pre-trained model
has better performance on the major class.

* ajp < agg, a1 < ag1, meaning that fine-
tuning model on one class can compromise its
performance on another class.

These results would indicate that fine-tuning
model purely on minor class samples can poten-
tially harm the performance on major group, which
can be undesirable in applications like health care.
Such observation illustrating the necessities of us-
ing decoupled LoRA matrices to mitigate cross-
class interference.

5.2 Evaluation on Additional Datasets

We also plan to validate our proposed method on
two NLP binary classification tasks with significant
class imbalance:

¢ Incident detection. Evaluated on Incident-
Related Tweet3 (IRT) dataset (Schulz et al.,
2016). IRT dataset contains tweets not related
or related with incidents.

* Sentiment classification. Conducted on
Amazon Review dataset (He and McAuley,
2016), which collects reviews that are either
positive or negative.

Both dataset have a highly skewed distribution
regarding samples from different classes.

We still need to compare our method against two
baselines:

* SetConv (Gao et al., 2020), which uses repre-
sentation learning to form a balanced distribu-
tion.

¢« EDA (Wei and Zou, 2019), which uses data
augmentation to mitigate class imbalance.

Two metrics will be collected to compare model
performance: Accuracy and F1-measure (F1).

6 Conclusion

In this work, we present Class-Adaptive LoRA,
a lightweight and flexible framework designed to
address class imbalance. By dynamically routing
inputs to class-specific low-rank adaptation mod-
ules, our approach enables better specialization for
minority classes with low overhead.

Our experimental results on imbalanced datasets
demonstrate that Class-Adaptive LoRA benefit un-
derrepresented classes. In future work, we aim
to further investigate the fairness implications of
fine-tuning under imbalanced settings, validate our
method on a broader range of real-world tasks.
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