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A. Implementation Details
In our experiments, SGD with momentum 0.9 is employed
as the optimizer, the weight decay rate is 5e-4, and the co-
sine annealing scheduler is utilized to gradually decrease
the learning rate. For fair comparisons, ResNet-32 [2] is
selected as the backbone for CIFAR-100/10-LT, ResNeXt-
50 [5] for ImageNet-LT, and ResNet-50 [2] for iNatural-
ist2018, in line with most of the baselines.

For the CIFAR-10-LT and CIFAR-100-LT datasets, a
data transform strategy is applied, involving random crop-
ping of a 32× 32 region from images padded with 4 pixels
on each side and flipping with a 0.5 probability. Training
runs for 200 epochs with a mini-batch size of 64 and an ini-
tial learning rate (lr) of 0.01. The hyperparameter β is set
2.0. In the Alternating Curriculum Sampling (ACS) strat-
egy, tcurl and tjump are set to 10 and 185, respectively, while
k′, critical for Data Augmentation (DA), is set to 3 by de-
fault. For the adaptively adjust parameters, the initial num-
ber of images in each mix k0 is set to 3, and the initial class
weighting coefficient α0 is set to 0.5 for CIFAR-100-LT and
0.7 for CIFAR-10-LT.

For ImageNet-LT and iNaturalist 2018, we adopt the data
transformation strategy from Li et al. [4], scaling the shorter
dimension to 256 and randomly cropping a 224×224 patch
from the augmented image or its horizontal flip. The train-
ing lasts 135 and 120 epochs, respectively, with mini-batch
sizes of 128 and 512. The learning rate is initialized to
0.1 for both datasets. β is also set to 2.0 for both datasets.
Hyper-parameters tcurl and tjump are set to 10 and 110. For
ImageNet-LT, k0 and α0 are set to 3 and 0.4, while for
iNaturalist2018, these values are 3 and 0.1. The hyper-
parameter k′ is fixed at 2 by default.

The basic parameter settings used for different datasets
are summarized in Table 1. We validate the stability of
the newly introduced ACS parameters by varying them
within a reasonable range. These results demonstrate that
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the proposed method is robust to hyperparameter settings,
enabling its application to diverse scenarios in reality.

B. Additional Ablation Studies
B.1. Analysis of Progressive Training
B.1.1. Minority Class Adaption
As depicted in Eq. (8) in the main paper, αt represents
the class weighting coefficient, indicating the importance
of minority classes, with a larger αt assigns greater impor-
tance to them. Table 2 summarizes the experimental results
for different methods across various αt values, with Fig. 1
providing a visual illustration for clarity. The solid line in
Fig. 1 represents our proposed method that gradually in-
creases the class weighting coefficient αt during training,
i.e., from α0 to α0+1.0. In contrast, the dashed lines repre-
sent static methods that maintain fixed class weighting coef-
ficients at the maximum, average, or minimum values, i.e.,
α0 + 1.0, α0+1.0

2 and α0.
In our ablation experiments, we vary α0 from 0.1 to 0.6.

As shown by the yellow line, compared with the green and
red lines, consistently using larger class weighting coeffi-
cients, namely giving higher importance to minority classes,
adversely affects the model’s performance. Additionally,
comparing the green and red lines with the blue line re-
veals that small class weighting coefficients fail to ade-
quately emphasize the importance of minority classes, re-
sulting inferior performance to that of our proposed pro-
gressive method.

B.1.2. Model Focus Transition
Fig. 2 illustrates the performance under different loss
weighting coefficients β. β is a hyper-parameter that con-
trols the transition speed from representation learning to
classifier fine-tuning. 0 < β < 1 means the classifier fine-
tuning dominates, while β > 1 means the visual represen-
tation learning dominates. β = 1 means that the classifier
fine-tuning and the visual representation learning are bal-



Table 1. Summary of parameter setting on different datasets.

Type Parameter Values

CIFAR-100-LT CIFAR-10-LT ImageNet-LT iNaturalist 2018

GLMC
[1]

Backbone ResNet-32 ResNet-32 ResNeXt-50 ResNet-50
Batch size 64 64 128 512
Initial lr 1e-2 1e-2 1e-1 1e-1

Weight decay 5e-4 5e-4 5e-4 5e-4
Momentum 0.9 0.9 0.9 0.9

Epochs 200 200 135 120
β 2.0 2.0 2.0 2.0

ACS

α0 0.5 0.7 0.4 0.1
k0 3 3 3 3
tcurl 10 10 10 10
tjump 185 185 110 110

DA k′ 3 3 2 2

Table 2. Results under different initial class weighting coefficients.
The second column represents results with our proposed progres-
sive method (α0 → α0 + 1.0), while the other three columns
represent results with static methods that keep the class weight-
ing coefficients at maximum (α0 + 1.0), average (α0+1.0

2
), and

minimum (α0) values, respectively.

α0
Progressive

Increase
Keep at

Maximum
Keep at
Average

Keep at
Minimum

0.1 54.67 56.08 50.14 52.05
0.2 55.03 56.38 50.36 52.35
0.3 55.85 56.18 50.88 52.57
0.4 57.28 52.31 51.90 52.85
0.5 57.95 45.00 52.02 53.07
0.6 54.23 38.58 52.35 53.44

Figure 1. Ablations with different class weighting strategies.

anced, with linear transition from the former to the latter.
As shown in Fig. 2, the model achieves optimal perfor-

mance at β = 2, highlighting the importance of balancing
representation learning and classifier fine-tuning. Specifi-
cally, allocating more focus on representation learning in

Figure 2. Ablations with different loss coefficients.

the early stages proves beneficial, aligning with the princi-
ples of two-stage learning [3, 6]. Nonetheless, proper classi-
fier fine-tuning is equally essential. As shown in the figure,
a significant increase in β drastically reduces the time allo-
cated for classifier fine-tuning, leading to a sharp decline in
model performance. Therefore, we also set β = 2.0 in our
experiments.

B.2. Analysis of the ACS Strategy
For the ACS strategy, two sampling strategies are de-
fined: Easier Image-prioritized Sampling (EipS) and Harder
Image-prioritized Sampling (HipS). In practice, the ACS
strategy is implemented by alternating between EipS and
HipS, i.e., EipS ↔ HipS and HipS ↔ EipS. The training
processes for different strategies are illustrated in Fig. 3.
Note that, training accuracies are evaluated every tcurl

epochs, leading to the step-shaped pattern in Fig. 3(c).
As shown in Fig. 3(a), EipS converges faster initially but

slows later, while HipS follows the opposite trend. This
leads to higher validation loss for EipS and lower validation
loss for HipS (Fig. 3(b)), causing underfitting and overfit-
ting, respectively (Fig. 3(c)). As shown by the red lines
in Fig. 3(a) and Fig. 3(b), the alternating sampling strate-
gies balance the convergence speed, with the curves posi-



Table 3. Results under different k′, meaning that each image in
the training set is generated k′ times by mixing different images
for model training.

k′ Accuracy(%) Training

1 40.14 1.00×
2 56.46 1.55×
3 57.95 2.12×
4 56.89 2.70×
5 55.47 3.30×

tioned between those of EipS and HipS, leading to lower
training and validation losses in the end of model training.
Additionally, as shown in Fig. 3(c), the alternating sampling
strategies avoid underfitting and effectively prevent overfit-
ting. Finally, Fig. 3(d) highlights the clear advantages of
alternating sampling strategies over independent sampling,
achieving higher validation accuracy.

Moreover, influenced by the hyperparameter kt, a step-
jumping phenomenon appears in the training and accuracy
curves at the tjump epoch, with EipS exhibiting the largest
jump and HipS the smallest. However, the smaller jump
amplitude limits HipS’s performance, while the larger am-
plitude fails to compensate for the underfitting issues in
EipS during training. Therefore, the alternating sampling
strategies effectively alleviate these issues and achieve bet-
ter model performance, particularly HipS ↔ EipS, which
outperforms the other strategies.

B.3. Analysis of Data Augmentation
The hyper-parameter k′ is crucial for CurMix’s perfor-
mance. While increasing k′ boosts model accuracy by
expanding the training data, it also significantly increases
training time and affects loss backpropagation. Table 3
quantitatively evaluates the impact of varying k′ on both
performance and time cost. As observed, increasing k′ from
1 to 2 results in a substantial improvement in model perfor-
mance (40.14% → 56.46%), though training time increases
by 0.55 times. As k′ continues to rise, the performance
peaks at k′ = 3 before declining. The potential reason may
be that augmenting the samples enhances the model’s abil-
ity to recognize mixed classes in the images, thereby affect-
ing its original classification performance.

C. Visualization and Analysis
C.1. Analysis of Mixed Images
To alleviate the issue of data imbalance, MixUp serves as
an effective data augmentation technique by blending mul-
tiple images to generate mixed samples. As illustrated in
Fig. 4, when k = 1, no additional images are mixed, cor-
responding to the original, highly imbalanced class distri-

bution. As k increases, the effective class distribution be-
comes progressively more balanced, thereby mitigating the
imbalance issue. Hence, increasing k is theoretically ben-
eficial. Ideally, when all classes are included within each
mixed image, a perfectly balanced data distribution can be
theoretically achieved, providing fairer training opportuni-
ties for all classes.

C.2. Analysis of Sampled Images
In ACS, image difficulty is assessed based on corrected
classification probabilities, with higher probabilities indi-
cating easier samples. These difficulty scores are recorded
throughout model training without incurring additional
computational overhead. Therefore, this raises an important
question: are tail-class images inherently more difficult to
classify and thus more likely to be sampled under the ACS
strategy?

To explore this, we visualize the class distribution of
sampled images in Fig. 5, where the x-axis represents the
training process (epochs), the y-axis represents classes from
the most head (0) to the most tail (99), and the color inten-
sity indicates class frequencies of sampled images in each
epoch. The visualization shows that easier images predom-
inantly originate from head classes, especially in the later
stages of training. For instance, during epochs 180–190,
when the EipS sampling strategy is applied, a higher propor-
tion of head-class images are selected as easier samples, as
indicated by the darker regions in the heatmap. In contrast,
during epochs 190–200, under the HipS strategy, the sam-
pled harder images are more evenly distributed across all
classes, with only a slight increase in head classes. There-
fore, the harder samples are not consistently associated with
tail classes across the training process. This suggests that
ACS does not introduce a systematic sampling bias toward
tail classes, but rather selects images based on difficulty re-
gardless of class frequency.
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Figure 3. Illustrations of the training process under different strategies.
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