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Abstract

Few-sample model compression aims to compress a large pre-trained model into a compact
one using only a few samples. However, previous methods typically assume a balanced
class distribution, which is costly under severe data scarcity. In the presence of imbal-
ance, the compressed model exhibits significant performance degradation. We propose a
novel framework named OOD-Enhanced Few-Sample Model Compression (OE-FSMC), in-
troducing out-of-distribution (OOD) samples with dynamically assigned labels to prevent
bias during the compression process. To avoid overfitting the OOD samples, we incorporate
a joint distillation loss and a class-dependent regularization term. Extensive experiments
on multiple benchmark datasets show that our framework can be seamlessly incorporated
into existing few-sample model compression methods, effectively mitigating the accuracy
degradation caused by class imbalance.

Keywords: Few-shot learning, Network compression, Class imbalance, Image classifica-
tion
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Figure 1: Overview of introduction. Left: Illustration of few-sample model compression
workflow for deployment in small hospitals. Right: Class imbalance in disease
cases.

1 Introduction

As deep learning models have grown in size and complexity, they require increasing com-
putational and storage resources, which limits their deployment on edge devices such as
cameras or smartwatches. To compress the model, network pruning methods [8, 13] try
to remove less significant weights or channels, while knowledge distillation methods [10]
let the compact model learn from soft labels of the pre-trained model, and quantization
methods [18, 21] try to reduce the precision of model weights and activations. However,
they typically rely on large datasets to maintain performance, which is often impractical in
real-world scenarios constrained by privacy, security, or data acquisition limitations.

In domains such as healthcare and finance, where sensitive data are strictly limited,
few-sample model compression methods [2, 14, 23, 24, 27] have gained prominence as a
compromise between privacy and performance. For example, a small hospital that aims to
deploy an intelligent diagnostic system may lack sufficient local data to train a high-quality
model from scratch. With few-sample compression techniques, it can adopt a pre-trained
model from a larger institution and use its limited data to compress and fine-tune that
model (c¢f. Fig. 1). This paradigm enables lightweight deployment on edge devices while
avoiding direct data usage.

Although previous few-sample model compression strategies have shown promising re-
sults in optimizing model performance with limited data, they have not considered the high
likelihood of class imbalance occurring under the few-sample setting. These methods as-
sume balanced class distributions under N-way K-shot settings (i.e., K samples per class),
which rarely reflect real-world conditions. For example, in medical diagnosis (cf. Fig. 1),
common diseases like flu dominate, while rare conditions such as cancer lack sufficient sam-
ples. This imbalance introduces training bias and distorts the compression process, often
reducing the model’s ability to retain information from the minority class. Moreover, the
complexity of the compression process causes the impact of class imbalance to accumulate
across stages. As shown in Table 1, these challenges make most traditional class imbalance
mitigation strategies ineffective under few-sample compression scenarios.

To resolve these challenges, we propose a novel framework, OOD-Enhanced Few-Sample
Model Compression (OE-FSMC), which incorporates out-of-distribution (OOD) samples
during the compression process to achieve dynamic balance. Inspired by Open-sampling [25],



for each OOD instance, we sample the label from a predefined complementary distribution to
rebalance class priors. Differently, we dynamically adjust this distribution strategy at every
stage to accommodate the complexity of compression. To handle extreme scenarios with
few or even zero samples, we incorporate Laplace smoothing. Furthermore, we introduce a
joint distillation loss and a class-dependent regularization term to prevent the model from
overfitting OOD samples. Our main contributions can be summarized as follows:

e To the best of our knowledge, we are the first to point out and address the class
imbalance problem in the few-sample model compression.

o We propose a novel framework, OOD-Enhanced Few-Sample Model Compression (OE-
FSMC), that leverages out-of-distribution data to mitigate the class imbalance prob-
lem during the compression process.

e Our method readily integrates with mainstream few-sample model compression ap-
proaches, enhancing their robustness against class imbalance. Moreover, it is agnostic
to the specific model architecture.

2 Related Work

2.1 Few-sample model compression

Few-sample model compression aims to derive compact models from pre-trained overparam-
eterized networks using few samples. Bai et al. [2] developed cross distillation (CD), which
interleaves the teacher and student hidden layers to suppress inter-layer error propagation.
FSKD [14] introduces learnable 1 x 1 convolutions on student network blocks, optimizing
auxiliary parameters to bridge block-level representation gaps with teacher model. MiR, [24]
aligns outputs at the penultimate layer of teacher and pruned student models, then sub-
stituted all layers except the head before the penultimate layer in the teacher model with
the trained student model. Block dropping methods [23, 27| replace traditional filter prun-
ing with block dropping. However, these methods overlook the risk of class imbalance in
few-sample scenarios.

2.2 Class imbalance

In classification tasks, class imbalance occurs when the sample sizes of different classes
vary significantly [19], causing the model to focus on majority classes and neglect critical
minority-class information. Current solutions for addressing class imbalance problems can
be classified into three main categories: data-level, algorithm-level, and hybrid approaches.
Data-level methods achieve class balance by either removing majority-class samples [15-17]
or generating additional minority-class samples [1, 4, 22]. Algorithm-level methods [6, 9, 28]
attempt to mitigate the preference for majority classes by modifying existing machine learn-
ing algorithms. Hybrid methods typically combine data-level or algorithm-level strategies
with ensemble learning [5, 7]. Although the class imbalance problem has been extensively
studied across various tasks, research on the generalization performance of these methods
in the context of few-sample model compression remains limited.
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Figure 2: Hlustration of OE-FSMC. Left: Label assignment strategy for OOD samples,
where labels are dynamically assigned based on the complementary distribution.
Right: Framework of OE-FSMC. The framework consists of three stages: (1)
Pruning: The pre-trained teacher model is pruned using OOD samples to better
retain channels associated with minority classes; (2) Knowledge Distillation:
The student model learns from the teacher with a joint loss function balancing
original and OOD data; (3) Fine-tuning: The model is fine-tuned with a class-
dependent regularization term to mitigate overfitting.

3 Method
3.1 Problem definition

Few-sample Model Compression aims to get a compact model from the pre-trained
redundant model with few samples for multi-class classification tasks, where the input space
is represented by X C R? and the label space Y is {1,...,K}. The pre-trained model
is trained on the full dataset Dgp = {(azi,yi)}f\il, x; € X, y; € Y, consisting of N
samples. Under the few-sample setting, the dataset used for compression is denoted as
Drew = {(xi,y:) M|, i € X, y; € Y, consisting of M samples, where M < N. Let m;
denote the number of samples of class j in Dg, , such that M = ZJK: 1m;. We consider
the Class Imbalance problem in Dyy. Let Pr(X,Y) and Prew(X,Y) denote the data
distributions corresponding to the full dataset and the few-sample dataset, respectively.
When suffering from class imbalance, the class-conditional distribution on the few-sample
dataset remains the same as that of the full dataset (i.e., Prw(X|Y) = Paun(X]Y)), while
the class prior differs (i.e., Piw(Y) # Pru(Y)). In addition, we assume that both the
class-conditional distribution and the class prior on the test set are identical to those of the
full dataset (i.e., Ptest(X’Y) = Pfuu(X|Y), -Ptest(Y) = Pfuu(Y)).



Table 1: Top-1 accuracy of rebalancing methods when compressing VGG-16 on CIFAR-10
using cross-distillation [2] with a few-sample dataset of 10 samples.

Method Accuracy (%)
Baseline (no rebalance) 70.34
SMOTE [4] 67.28
Undersampling [16] 63.73
ROS [11] 69.79
ROS+ [11] 69.82
SSP [26] 71.05
LDAM-RAW [3] 65.54
LDAM-DRW |[3] 67.39
Balanced Softmax [20] 66.07
Open-sampling [25] 70.80

3.2 The urgent need to address class imbalance in few-sample model
compression

In few-sample scenarios, it is inherently difficult to maintain class balance due to the scarcity
of training data. Consequently, class imbalance becomes a common and often unavoidable
issue. As research on few-sample model compression advances, it is imperative to recognize
and address this issue. Unlike in the general case, the impact of class imbalance in few-
sample compression amplifies as the compression process proceeds. Therefore, we consider
this to be a more severe and complex problem. Specifically, pruning methods are more likely
to remove channels associated with minority classes, and in knowledge distillation, the stu-
dent model tends to absorb more information from majority classes. This leads to severely
degraded performance on minority classes and poor generalization of the compressed model.
Furthermore, fine-tuning exacerbates this bias, pushing the model even further toward the
majority classes. The results in Table 2 have confirmed the existence of this problem and
demonstrate its severe impact, thus urgently requiring effective solutions.

3.3 Feasibility of using OOD data

Ochal et al. [19] have demonstrated that some traditional imbalance mitigation methods
can generalize well to few-shot learning. However, our experimental results in Table 1
show that these methods do not yield comparable effectiveness in the context of few-sample
model compression. Traditional undersampling techniques inevitably discard already scarce
data, which is especially detrimental in low-data regimes. Oversampling methods [11], on
the other hand, are prone to overfitting on the minority class. Methods that rely on high-
dimensional and continuous feature spaces [3, 20] also tend to fail, as the compression pro-
cess reduces feature representation complexity. Approaches that incorporate in-distribution
unlabeled data [26] perform relatively better, but they often incur high costs in few-sample
model compression scenarios. Therefore, it remains a significant challenge to mitigate the



impact of class imbalance when both data availability and model capacity are severely
constrained.

Under such circumstances, although the Open-Sampling method [25] does not achieve
the highest accuracy, it has drawn our attention for its low data requirements and high
computational efficiency. By leveraging out-of-distribution (OOD) samples to rebalance
class priors, this method offers a lightweight yet effective solution. Furthermore, Theorem 1
provides a rigorous theoretical guarantee that incorporating OOD samples into the training
process is provably non-toxic:

Theorem 1 (Wei et al. [25]). When labels are uniformly sampled from the label space
within the distribution, augmenting the training set Dmix = Diew UDoop does not affect the
prediction of the Bayesian classifier:

arg max Puix (2|y) Pmix(y) = arg max P (x|y) Pran () (1)
yey yey

where Ppix(X,Y) represents the underlying data distribution of Dyix.

Theorem 1 indicates that when OOD samples are assigned uniformly random labels
(i.e., each class has an equal probability of being selected), these labels do not introduce
systematic bias to the prior distribution Pg(Y) of the original task. Even if the OOD
data samples are unrelated to the target task, the uniformity of their labels ensures that
their influence on the Bayesian decision boundary is effectively canceled out. There is
no inherent limitation preventing this theorem from being generalized to the few-sample
model compression scenario. This implies that the feature space of the student model
remains aligned with that of the teacher model after incorporating OOD instances during
the compression process. These theoretical results provide a solid foundation for us to
design a framework based on OOD data to tackle the class imbalance problem during the
few-sample model compression process.

3.4 Our method: A framework using OOD data

In this section, we propose a novel framework called OOD-Enhanced Few-Sample Model
Compression (OE-FSMC), as illustrated in Fig. 2. It leverages the Open-sampling [25]
technique to address the class imbalance problem in the few-sample model compression.

3.4.1 LABEL ASSIGNMENT STRATEGY FOR OOD DATA

Open-sampling [25] employs a complementary distribution as the label assignment strategy
for OOD samples. This strategy allocates more OOD instances to the minority class while
ensuring the stability of the Bayesian classifier’s prediction. Specifically, the complementary
sampling rate I'; for class j is defined as:

a— B
I;=— " 2

J K -a—1 ) ( )
where 3; = m;/M represents the original distribution weight for class j, Zfil I'; = 1 ensures
that the sampling rates are normalized. The hyperparameter o controls the label assignment
strategy. When a = max;(f;), the assignment is biased toward minority classes, effectively



allocating more labels to minority classes, thus achieving the strongest rebalancing effect. In
contrast, as a — oo, the label distribution approaches uniformity, with each class receiving
a probability of approximately 1/K, thereby minimizing the potential toxicity of OOD data.
However, in few-sample settings, certain classes may have extremely limited or even
zero samples. This situation often introduces bias into the original class prior estimation
Bj = mj/M, which in turn causes I'; in Eq. (2) to assign all OOD samples to that class,
injecting significant noise. To address this, we apply Laplace smoothing to adjust the class
prior estimate:
m; + 1)

ChTEvers ®)

where § = 1 serves as the smoothing factor. This correction ensures that even when m; = 0,
the smoothed prior ﬂ]s > 0, which avoids instability during complementary distribution
computation. The final complementary sampling rate for class j is defined as:

a— 3
rs=—~>_. 4
I K-a—1 (4)

3.4.2 OOD-ENHANCED FEW-SAMPLE MODEL COMPRESSION

OOD-enhanced pruning: We first prune the pre-trained teacher model. In this stage,
class imbalance weakens the significance of minority classes, causing the pruning algorithm
to incorrectly remove channels associated with them. Omnce pruned, these channels are
difficult to recover in later stages, leading to irreversible loss.

To address this, we introduce OOD samples during pruning to rebalance the class prior.
The label assignment strategy for OOD samples follows Eq. (4), where we set o« = max; (Bjs)
to retain as many minority-related channels as possible. Although this leads to more aggres-
sive pruning of majority-class channels, they are relatively easier to recover in subsequent
stages.

OOD-enhanced knowledge distillation: We distill knowledge from the teacher into the
pruned student model. In this stage, class imbalance causes the student’s logits for minority
classes to update less aggressively.

To force greater emphasis on minority classes, we inject OOD data during distillation
and apply the label assignment strategy from Eq. (4). We observe that OOD data exhibits
heightened toxicity during the distillation stage, likely due to a mismatch between com-
plementary distribution labels and the teacher’s logits. Interestingly, this “toxic” signal
enhances model robustness. Empirically, we find the balance point o = 3 man(ij) reduces
the toxicity of OOD samples while maximizing the robustness of the model.

To further prevent overfitting to OOD samples during distillation, we compute a joint
distillation loss over the original few-sample dataset and the auxiliary OOD samples:

L =X\ LxpFew + (1 =) Lxp,00D , (5)

where A is a balancing coefficient that adjusts the relative contributions of the original
dataset and the OOD instances to the knowledge distillation process.



Algorithm 1 OE-FSMC.
Input: Pre-trained teacher model 7', Imbalanced few-sample dataset Diey = {(x4,v:)}
OOD dataset Doop-
Output: Compact student model S.
1: Initialization: Calculate class prior distribution 3;, smoothed prior (Eq. (3)), and
smoothed complementary sampling rate I'; (Eq. (4)).
// Stage 1: OOD-enhanced pruning
Set o < max;(5).
Sample OOD batch and assign labels using I'*(«).
Obtain the initial student S by pruning a copy of 7" using mixed minibatches from Diey,

M
=1

and DOOD-

// Stage 2: OOD-enhanced knowledge distillation
Set a < 3max; ().
for epoch =1 to Exp do

Sample (x,y) from Dy and & from Doop.
10:  Assign complementary labels g ~ I'*(«) to Z.
11:  Compute Joint Distillation Loss £ (Eq. (5)).
12:  Update S by back-propagation.
13: end for
14: // Stage 3: OOD-enhanced fine-tuning
15: Set a < max;(7) + min;(55).
16: for epoch =1 to EpT do
17:  Sample (x,y) from Dy, and Z from Doop.
18:  Assign complementary labels § ~ I'*(«) to Z.
19:  Compute Regularized Loss Liota (Eq. (8)).
20:  Update weights of S.
21: end for
22: return Student model S.

The distillation losses for the original few-sample dataset and the OOD samples can be
expressed as:

Pr(ylz;)

M
1 T
LKD Few = 77 > Pr(ylm:) log Ps(ylas)
i=1 y !

)

Lxp,00D = S DiciD'ZPT(@ | 5')10gw
’ [Doon| = 4 VT Pe(y | &)

where |Doop| is the size of OOD samples, &; is the ith OOD sample, 7 is sampled from
the complementary distribution I'}, Pr(y|x) is the teacher model’s predicted probability of
label y for input = and Pg(y|x) is the student model’s predicted probability of the same.

OOD-enhanced fine-tuning: To mitigate class imbalance during fine-tuning, we in-
troduce OOD samples and apply the label assignment strategy from Eq. (4). We set
a = max; (Bj) + minj(ﬂ;), which represents the “sweet spot” between OOD toxicity and

8



imbalance correction [25] and we find that this choice remains optimal under the current
condition.

Directly applying standard cross-entropy loss in this setting may result in overfitting to
the OOD samples, leading to convergence issues. To address this, we introduce a regular-
ization term for the OOD instances:

Lieg = Egop, .x) g - £ (f(2;0),9)] , (7)

where £(-) is the cross-entropy loss and v = I'; - K is a class-dependent weight factor. The
overall loss function is:

Liotal = IE((m,y)r\szew(X,Y)) [ﬂ (f(ﬂﬁ, 0)7 y)]
+ 1 E@)~pooax) [y - £ (f(2:0),9)] (8)

Here, 1 controls the strength of the regularization term.
Relation to open-sampling: In this work, we extend the Open-sampling [25] algorithm
to the few-sample model compression setting by incorporating Laplace smoothing for class-
prior correction, replacing the fixed “sweet-spot” « with a dynamic, stage-wise OOD label
assignment strategy, and drastically reducing the required OOD sample count by adopting
|Doop| = M instead of the original |Doop| > M. Our framework unifies pruning, distil-
lation, and fine-tuning under strict data constraints, yielding a generic, extensible solution
for few-sample model compression.

To clarify the multi-stage workflow of OE-FSMC, we provide the pseudocode in Algo-
rithm 1.

4 Experiment

To address the following research questions, we conduct extensive experiments on three
publicly available datasets:

« RQ1: Is class imbalance a significant issue for few-sample model compression meth-
ods?

« RQ2: Can our framework effectively mitigate the issue of class imbalance in few-
sample model compression, and is it compatible with current state-of-the-art few-
sample model compression methods?

o« RQ3: How effective is each component of our framework?

4.1 Experiment setting

Data description: To validate that our framework effectively alleviates the class imbalance
issue in few-sample model compression, we select image classification datasets CIFAR-10
(K = 10), CIFAR-100 (K = 100), and ILSVRC-2012 (K = 1000), where K denotes
the number of classes. In the few-sample setting, to facilitate comparison with balanced
scenarios, we sample a total of C' x K examples, where C' € {1,2,3,5,10}, corresponding to
balanced configurations with C' samples per class. For each class, the number of samples is
set according to the imbalance standard in the long-tailed CIFAR-10 / 100 [12], adopting a



Table 2: Test accuracy (%) of VGG-16 on long-tailed CIFAR-10 under balanced and im-
balanced conditions. | indicates the accuracy loss in the imbalanced case.

Num 10 20 50 100

Method Balance Imbalance Balance Imbalance Balance Imbalance Balance Imbalance
CD 73.89 70.34(3.55) 81.65 76.39(5.26.) 82.86  80.47(2.39]) 83.56  82.24(1.32))
FSKD 76.18 73.51(2.67]) 84.20  81.66(2.54]) 88.63  86.31(2.32)) 89.18  87.41(1.77))
MiR 75.42 72.84(2.58]) 79.18 76.57(2.61)) 84.27  82.49(1.78)) 85.71 83.85(1.86))
PRACTISE  76.91 75.78(1.13]) 82.07  81.26(0.81)) 86.35 85.98(0.37]) 89.71 89.35(0.35])
DC-ViT 70.47  67.62(2.85)) 77.58 74.39(8.19)) 83.77  81.85(1.92}) 85.46  84.12(1.34))

long-tailed distribution with an imbalance ratio of 100. OOD samples are randomly sampled
from the Tiny Images dataset and filtered to remove those that overlap with the training
data.

Compared methods: To demonstrate the effectiveness of the proposed OE-FSMC in
mitigating the class imbalance, it is integrated with the most authoritative few-sample model
compression methods at present. These include the cross-distillation approach CD [2], the
block-level alignment method FSKD [14], the layer-replacement strategy MIR [24], and
block dropping approaches PRACTISE [23] and DC-ViT [27].

Evaluation metric: As in previous work, we evaluate the effectiveness of our framework
based on top-1 accuracy. For each method, we conduct five independent experiments and
report the mean and standard deviation.

Parameter setting: In our experimental setup, the number of incorporated OOD samples
is configured to match the size of the few-sample training set, with a batch size of 128 and
a learning rate of 0.0005. It is important to emphasize that we retain the pruning rate,
learning rate, and other hyperparameter settings as specified in the original source code
and corresponding papers [2, 14, 23, 24, 27]. Our goal is to analyze the shared challenges
across different methods, rather than to compare their relative performance. This setup
enables a fair evaluation of model behavior under class imbalance and highlights both the
effectiveness and generalizability of the proposed OE-FSMC approach. All experiments are
conducted on an RTX-4090 24GB GPU and an 19-13900KF CPU.

4.2 Validation and analysis (RQ1)

The results in Table 2 show that when the dataset suffers from class imbalance, the perfor-
mance of existing few-sample model compression methods significantly decreases. Among
them, the PRACTISE method is less affected, likely because the block-dropping strategy is
less sensitive to imbalance. However, under imbalance conditions, its latency increases sig-
nificantly, and since "latency-accuracy” is the key evaluation metric emphasized by PRAC-
TISE, its performance is also affected by the imbalance issue in some ways.

4.3 Effectiveness and generalizability (RQ2)

In this experiment, we evaluated the effectiveness of the OE-FSMC method on different
model architectures and datasets, specifically including VGG-16 on long-tail CIFAR-10,
ResNet-32 on long-tail CIFAR-100, and ResNet-34 on long-tail ILSVRC-2012. Table 3
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Table 3: Test accuracy (%) of VGG-16 on long-tailed CIFAR-10, ResNet-32 on CIFAR-100
and ResNet-34 on long-tailed ILSVRC-2012 with different training set sizes.

Dataset Long-tailed CIFAR-10 Long-tailed CIFAR-100 Long-tailed ILSVRC-2012

Num 10 20 50 100 200 500 1000 2000 3000

CD 70.34+1.31  76.39+0.84 80.47+045 53.38+0.95 62.71+0.40 67.40+£0.27 69.494+0.34 70.07+0.19  70.14 £0.22
+ Ours 78.90+0.33 81.02+0.28 82.80+0.24 56.33+047 6518+0.35 68.84+0.16 69.84+0.22 70.56+0.20 70.58+0.18
FSKD 73.51+0.85 81.66+£0.72 86.31+£0.54 57.78+0.39 6329+£0.26 68.15+£0.05 68.5440.15 69.95+0.17  70.27 £0.19
+ Ours 7593 +046 84.67+0.32 88.24+0.25 5946+0.21 6588+0.19 69.17+0.07 69.06+0.16 70.18+0.10 70.60+0.09
MiR 72.84+0.35 7657 +0.41 8249+0.22 57.69+0.18 64.92+0.30 68.70+£0.13 66.36+0.17 67.23+0.15 67.48 £0.07

+ Ours 75.25+042 77.93+0.35 83.60+0.27 60.37+033 66.53+024 69.83+0.17 66.85+0.20 67.97+0.11 68.12+0.05
PRACTISE  75.78 £0.24 81.26+0.21  85.98+0.19 5842+0.13 65.14+0.18 69.02+0.05 70.90+£0.12 71.89+0.08 72.41+0.03
+ Ours 76.59 £0.15 81.77+0.08 86.25+0.12 59.57+0.09 66.08+0.05 69.62+0.10 71.52+0.11 72.17+0.06 72.85+0.09
DC-ViT 67.62+0.76 74.39+0.35 81.85+0.41 57.83+0.30 64.40+0.28 68.38+0.26 72.044+0.19 73.35+0.02 74.714+0.10
+ Ours 69.02+0.31 7594+0.25 8327+020 5833+045 64.96+029 69.01+0.16 72.97+0.03 74.094+0.05 75.25+0.02

Table 4: Results of ablation study.
PR KD FT CD FSKD MiR PRACTISE DC-ViT

70.34 73.51 72.84 75.78 67.62
v 73.18 73.97 73.39 76.03 68.13
v v 75.54 74.61 73.98 76.26 68.45

v v v 7890 75.93 75.25 76.59 69.02

presents the performance of several mainstream few-sample model compression strategies
before and after combining with OE-FSMC, with a focus on addressing the class imbalance
problem. The results clearly show that after incorporating the OE-FSMC method, the accu-
racy of each few-sample model compression strategy improved significantly, sometimes even
outperforming the results obtained under balanced conditions. Notably, the performance
improvement brought by OE-FSMC is more pronounced when the number of samples is
small, suggesting that OE-FSMC is particularly effective in mitigating class imbalance in
scenarios with limited data.

4.4 Ablation study (RQ3)

As detailed in the Methods section, OE-FSMC can be divided into three components, PR,
KD, and FT, corresponding to our enhancement strategies in the pruning, knowledge distil-
lation, and fine-tuning stages, respectively. To evaluate the effectiveness of each component,
we conduct ablation experiments on VGG-16 with the CIFAR-10 dataset and adopt five
popular few-sample compression methods as baseline compression architectures. Table 4
presents the quantitative results for different combinations of the components. As shown,
each component independently improves performance under class imbalance, and the re-
sults are optimal when all three components are combined, demonstrating the strongest
robustness to class imbalance.

4.5 Hyperparameter sensitivity analysis

To investigate the impact of the size of OOD samples on model performance, we conducted
experiments under three different training set sizes. The results in Fig. 3(a) demonstrate

11
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Figure 3: Results of hyperparameter experiments. In this figure: a) Influence of the number
of OOD samples. b) Sensitivity analysis of A € [0,1]. ¢) Sensitivity analysis of
n € [0.1,5].

that the model achieves the best performance when the size of the OOD samples is compa-
rable to the original training set. This differs from the conclusion in [25], which suggests
that the number of OOD samples should significantly exceed that of the training set. This
discrepancy may arise because OOD samples exhibit stronger toxicity under few-sample
conditions.

Fig. 3(b) illustrates the effect of different values of A in Eq. (5) on model accuracy. We
vary its value in {0, 0.2, 0.4, 0.5, 0.6, 0.8, 1.0}, and the result indicates that the model
achieves the best performance when A = 0.5. This indicates that assigning equal weight
to the original training data and the OOD samples during knowledge distillation achieves
a balanced outcome, effectively preserving the features of minority classes while avoiding
over-reliance on OOD samples.

To further explore the effect of n in Eq. (8), we search in {0.1, 0.5, 1.5, 2.5, 3.5, 5}. From
Fig. 3(c), we observe that the model performance improves significantly when n = 2.5. This
finding suggests that moderate regularization effectively constrains the model’s parameter
search space, thereby enhancing generalization. When 7 is too large, the regularization term
dominates, suppressing the model’s ability to learn features from both the training and OOD
samples, leading to a decline in performance. Overall, our ablation experiments provide
additional evidence for the effectiveness of our proposed method, further demonstrating
that it can achieve strong performance under reasonable parameter configurations.
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Table 5: Test accuracy (%) of VGG-16 on long-tailed CIFAR-10, ResNet-32 on long-tailed
CIFAR-100, and ResNet-34 on long-tailed ILSVRC-2012 under different class im-
balance ratios.

Dataset Long-tailed CIFAR-10 Long-tailed CIFAR-100 Long-tailed ILSVRC-2012
Imbalance Ratio IR=10 IR=50 IR=100 IR=10 TIR=50 IR=100 IR=10 TR=50 IR=100
CD 82.874+0.38 82.37+0.27 8224+0.30 69.63+£0.22 68.52+0.13 68.44+0.15 70.98+0.14 70.40+0.11 70.35+0.07
+ Ours 83.62+0.31 83.53 +£0.30 83.50+0.25 70.37+0.16 70.01+0.10 69.97 +£0.12 71.35+0.12 70.84 +0.08 70.81 +0.05
FSKD 88.124+0.27 87.59+0.31 87.41+0.24 70.89+£0.13 69.47+0.06 69.254+0.08 71.12+0.19 70.71+£0.16 70.60£0.15
+ Ours 89.01 +£0.26 88.92+0.18 88.84+0.16 71.94+0.10 71.23+0.05 71.05+0.02 71.53 £0.17 71.41+0.09 71.27+0.12
MiR 84.594+0.21 84.04+0.19 83.85+0.14 71.03+£0.15 69.91+0.17 69.79+0.14 69.67+0.05 68.82+0.04 68.68+0.07
+ Ours 85.50 +0.18 85.32+0.20 85.25+0.16 72.18+0.13 71.77+0.08 71.70+0.08 69.85+0.08 69.16 +0.06 69.09 + 0.04
PRACTISE 89.494+0.13 89.39+0.05 89.35+0.02 71.28+0.08 70.29+0.05 70.144+0.03 73.91+0.14 73.37+£0.12 73.29+0.10
+ Ours 89.71+0.09 89.65+0.02 89.61+0.04 72.35+0.04 70.86+0.06 70.78 +0.04 74.12+0.11 73.84+0.07 73.72+0.08
DC-ViT 84.66 +0.26 84.25+0.28 84.12+0.27 70.42+0.29 69.60+0.18 69.47+0.23 75.81+0.15 75.32+£0.14 75.25+0.11
+ Ours 85.90 +£0.22 85.73 £0.23 85.66 +0.22 71.28+0.16 70.21+0.09 70.13 +£0.11 76.17+0.12 75.76 £0.10 75.73 +0.07

Table 6: Training-time overhead.

Method Inference FLOPs Training Time (min) Overhead
FSKD 1x 102 -
FSKD+OE-FSMC 1x 115 +12.7%

4.6 Robustness under different imbalance ratios

We further investigated the robustness of our method by varying the imbalance ratio and
summarizing the results in Table 5. Overall, the change in accuracy induced by increasing
the imbalance ratio is modest under a fixed extreme few-sample budget, because the very
limited number of labeled samples constrains the granularity of the data distribution, so
that the per-class sample counts under different imbalance ratio settings remain statistically
similar. Nevertheless, across all datasets and baseline methods, our approach consistently
yields performance gains at all considered imbalance ratios, indicating stable generalization
across imbalance levels. Moreover, compared with the original baselines, OE-FSMC mit-
igates the performance degradation caused by higher imbalance ratios, providing further
evidence of its robustness to varying degrees of class imbalance.

4.7 Computational cost analysis

We compare the end-to-end training time of OE-FSMC with a strong few-sample com-
pression baseline (FSKD) under identical settings, and summarize the results in Table 6.
Since OE-FSMC only introduces additional OOD samples during training, the inference-
time FLOPs and memory footprint of the students remain identical to their baselines. On
CIFAR-100 with IR = 100, OE-FSMC takes 115 minutes compared to 102 minutes for
FSKD, representing a 12.7% increase. This additional cost mainly stems from OOD sam-
pling and complementary label generation, but remains modest because the OOD set is
reused across all three stages and has the same size as the few-sample training set. Given
the consistent accuracy improvements reported in Tables 3 and 5, this overhead appears
acceptable for practical deployment.
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5 Conclusion

In this paper, we proposed OE-FSMC, a novel few-sample model compression framework
that enhances robustness against class imbalance during the compression process by lever-
aging OOD samples. To the best of our knowledge, we are the first to identify and resolve
the class imbalance problem in the context of few-sample model compression. We followed
the label assignment idea of Open-sampling [25], but we further integrated Laplace smooth-
ing for few-shot scenarios and dynamically adjusted the assignment strategy at each stage.
In addition, we employed a joint distillation loss and a class-dependent regularization to
prevent overfitting.
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