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Abstract
Mixup-based data augmentation has achieved great success as regularizer for deep neural networks. However,
existing mixup methods require explicitly designed mixup
policies. In this paper, we present a flexible, general Automatic Mixup (AutoMix) framework which utilizes discriminative features to learn a sample mixing policy adaptively.
We regard mixup as a pretext task for classification and split
it into two sub-problems: mixed samples generation and
mixup classification. To this end, we design a lightweight
mix block to generate synthetic samples based on feature
maps and mix labels. Since the two sub-problems are in
the nature of Expectation-Maximization (EM), we propose a
momentum training pipeline to optimize the mixup process
and mixup classification process alternatively in an end-toend fashion. Extensive experiments on six popular classification benchmarks show that AutoMix consistently outperforms other leading mixup methods and improves generalization abilities to downstream tasks. We hope AutoMix will
motivate the community to rethink the role of mixup in representation learning. The code will be released soon.

1. Introduction
Recent years have witnessed great success of Deep Neural Networks (DNNs) in various tasks, such as object recognition [15, 21], semantic segmentation [26, 4, 27], natural
language processing [9], and reinforcement learning [28].
Most of these successes can be attributed to the use of complex network architectures with a numerous parameters and
sufficient amount of data. Complex network architectures
enable powerful feature extraction capabilities. However, in
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Figure 1: Visualization comparison of different mixup
methods. AutoMix generates mixed samples by a mask
learned adaptively rather than predefined mixup policies.

the case of insufficient data, models with high complexity
are also prone to suffer from overfitting, resulting in poor
generalization [29]. Moreover, this problem may be further
worsened for samples with batch effects [1].
In order to improve the generalization ability of DNNs,
several data augmentation strategies have been studied. In
particular, a series of data augmentation research aims at
mixing data via convex combination or local replacement
to increase data diversity. CutMix [35] randomly replaces
a patch of an image with a patch from another image and
then mixes the labels of the two images based on the ratio
of mixed pixels. However, since the patch is cut randomly
from the image and thus the cut patch is not guaranteed to
contain the target object. It might cause label misallocation
where the mixed label might not be in correspondence with
the mixed image. To address this problem, SaliencyMix[31]
and PuzzleMix[17] introduce more precise mixing strategies based on the saliency information of images. Besides,
ResizeMix[25] improve the cutting manner by preserving

substantial information for mixing. Despite their demonstrated effectiveness, mixup is still regarded as one of the
augmentation policies by mixing paired samples which litmits its power in classification.
To summarize, the mixing policies in existing methods
are hand-crafted to some extent and can we parameterize
the mixup process and optimize it alongside a classification
task? To answer this question, we propose a novel mixup
framework named AutoMix to unveil the power of mixup.
The proposed AutoMix allows an automatic image/label
mixup process in the mix block which is optimized together with the classification task in an end-to-end fashion rather than a hand-crafted policy. We also propose an
efficient momentum-based pipeline to optimize the mixed
samples generation task and the classification task alternatively. With the proposed pipeline, the model converges significantly faster with SGD. Extensive experiments on six
classification benchmarks including CIFAR-10/100, TinyImageNet, ImageNet, STL-10, and CUB-200, show that our
AutoMix significantly ourperforms other mixup methods.
Our main contributions are summarized as follows:
• We regard mixup as a pretext task and decompose it
into two sub-problems: mixed sample generation and
mixed label classification. Based on that, we propose a
lightweight mix block to learn the data mixing process
automatically in lieu of hand-crafted policies, as done
by previous methods.
• Propose a momentum training pipeline that uses momentum encoder and stop-gradient to optimize two
sets of parameters for the mixup and classification
tasks. The proposed pipline improves the stability and
convergence speed of the mixup training process.
• Extensive experiments on classification benchmarks
and the down-stream task show that Automix outperforms existing mixup methods by a large margin.

2. Related Works
Data augmentation methods aim to regularize the model
to avoid over-fitting and improve generalization performance. [2] Specifically, we categorize these methods into
two types: data-independent and data-dependent.

2.1. Mixup
As a data-dependent regularization method, input mixup
applies convex interpolation between two images and
its one-hot labels which makes the decision boundary
smoother and thus alleviate the over-fitting problem [36].
Manifold mixup extends input mixup to hidden spaces,
creating virtual samples between the feature maps [32].
AdaMixUp [13] aims to determine the sample’s ratio for
bilinear interpolation via network learning to alleviate the

manifold intrusion issue. In addition, CutMix [35] incorporates the dropout strategy into input mixup and design a new
sample mixup function, which randomly replaces a rectangle with the input data while the labels are mixed according
to the area. Instead, ResizeMix [25] turns the same-scale replacement into resize and paste. However, completely random mixups can sometimes be misleading to the model, especially when the mixed sample does not match the mixed
label (e.g., cropping a large background onto another image). Therefore, some recent methods introduce saliency information into the mixup policy. For example, PuzzleMix
[17] learns to find the optimal masks and transport plans for
mixup by maximizing saliency information. Similar to PuzzleMix, SaliencyMix [31] choose saliency regions in their
mixup policy. To generate synthetic samples more visually
meaningful for human, [37] trains a mixed image generator
network adversarially to fit the barycenter. Moreover, Fmix
[14] utilizes a mask obtained from Fourier space by setting
a threshold to mixup. Unlike these methods, our approach
does not require a predefined mixup policy but updates the
mixup strategy online alongside the classification task.

2.2. Automatic data augmentation
As for data-independent augmentations, some simple
image transformations are often used as augmentation operations, such as rotate, flip, crop, etc [19]. Recently, thanks
to the development of neural architecture search (NAS), automatic data augmentation has emerged with some influential works [38, 23, 11]. For example, AutoAugment [7]
searches optimal combinations of augmentation operations
and scales applicable to a given dataset. To improve computational efficiency, PBA [16] and FastAA [20] strives to
reduce the computation effort without trading off performance. Furthermore, RandAugment [8] reduces the search
space to only two parameters, but still achieves decent results. In this paper, the AutoMix framework learns to generate mixed samples by the mix block and employs the momentum pipeline to optimize both the mixup sample generation and classification tasks.

3. AutoMix
In this section, we first describe mixup as a pretext task
for classification and introduce the proposed AutoMix in
Sec. 3.1. We then detail the proposed momentum training
pipline in Sec. 3.2. Finally, we show how to generate mixed
sample adaptively by the mix block in Sec. 3.3.

3.1. MixUp as Pretext Task
3.1.1

Preliminaries

Let x ∈ RW ×H×C be the input data and y be its one-hot
label. Let D be the joint distribution over X × Y. Given a
sample mixup function h( · ), a label mixup function g(·),
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Figure 2: Overview of momentum training pipeline in AutoMix. The solid and dashed lines denote different gradient
states, with the former requiring the gradient backpropagation for updating while the latter does not. Similarly, the
blue modules is active and can be updated by the backpropagation, whereas the green encoder k is frozen and only updated by the momentum from q. The total process is divided
into three steps: (1) using the momentum encoder k to genetate feature map; (2) using mix block M and two factors λq
q
k
and λk to generate Xmix
and Xmix
, shown in green and
q
k
yellow; (3) forward X, Xmix and Xmix
through the two
encoders. For inference, only the encoder k will be used.
and a mixing distribution q ∈ Beta(α, α), the goal of
mixup is to optimize the loss ` as below:
min
θ

E

E `((h(xi , xj ), g(yi , yj ); θ), (1)

(xi ,yi ),(xj ,yj )∈D λ∈q

where λ is a mixing ratio scalar sampled from q and θ is
a set of variables of the classification network F. The label mixup function is g(yi , yj ) = (1 − λ)yi + λyj , while
the data mixup function varies in different algorithms. For
examples, Input mixup uses h(xi , xj ) = (1 − λ)xi + λxj ;
Manifold mixup extends it to hidden representation; CutMix combines dropout and mixup to define h(xi , xj ) =
(1 − IB ) xi + IB xj , where IB is a binary rectangular mask with the value of λ is proportional to the area of
mask; PuzzleMix utilizes
and employs
QTsaliency information
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x
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h(xi , xj ) = (1 − s)
i
j
i
j
P
1
represents
Q
Q a mask and sk ∈ [0, 1] with ratio λ = n k sk .
i and
j are the W × H transportation plans which maximize the saliency information on h(xi , xj ).

boundaries learned by F which provides extra prior knowledge. In other words, one-hot labels describe the intra-class
relationship, while mixup labels describe the prior interclass relationship. Therefore, mixup can be regarded as a
pretext task complementary to classification. There are two
characters of mixup pretext task: (1) mixup tries to embed the prior knowledge of inter-class relationship into F
when given one-hot labels and (2) mixup indirectly optimizes F by mixed samples which correspond to mixup labels. We can split the mixup into two relevant sub-problems:
(i) mixed samples generation and (ii) mixup classification.
Both sub-problems can be parameterized and optimized
end-to-end with mixup labels.
To solve the sub-problem (i) adaptively, we parameterize the sample mixup function h( · ) as a sub-network M
with another set of variables φ. M can be discarded after
training. We formulate h( · ) in AutoMix as
h(xi , xj ) = (1−u(M(zil , zjl ))) xi +u(M(zj )) xj , (2)
where z l is the output feature of F(x) at the l-th layer, u is
an up-sampling function, and represents the element-wise
product. The output of u(M (zil )) is a mask s ∈ RW ×H and
s(w,h) ∈ [0, 1] where (w, h) represents the coordinate on
x. Unlike previous mixup methods, the label mixup function g(·) is the same as input mixup which does not require
adjusting according to the mask s, as M captures the relationship between the mixed label and the mask.

3.2. Momentum Training Pipeline
With Eq. 2, we can optimize F using a multi-task loss,
i.e. the conventional one-hot classification loss Lce and
mixup classification loss Lmixup . They are jointly optimized as following:
L(θ, φ) = Lce + Lmixup .

(3)

However, the mixup labels generated by Eq. 2 in Lmixup
involve both θ and φ. We can regard θ as the explicit variables for classification in Eq. 3 and φ as the implicit variables for the mixup task in Eq. 2, which is an ExpectationMaximization (EM) like problem. It can be addressed by
optimizing in an alternating fashion, fixing one set of variables and solving for the other set. Therefore, we can optimize both θ and φ by solving the following alternately:
θ ← argmin L(θ, φt−1 ),

(4)

θ

φt ← argmin L(θt , φ),

(5)

φ

3.1.2

Mixup as Pretext Task

Notice that the label mixup function g(·) generates soft labels based on two hard labels to model the characters between two classes. These soft labels directly affect decision

where t is the alternation step. Inspired by
MeanTeacher[30] and BYOL[12], we adopt a momentum
training pipeline that contains a Siamese network and a mix
block M, as shown in Fig. 2. The active encoder fq and

Algorithm 1 Pseudocode AutoMix in Pytorch style.
#
#
#
#

f_q, f_k, M: encoder networks and mix block
lam_q, lam_k: sampled from Beta distribution
idx_q, idx_k: rearrange index
m: momentum coefficient

f_k.params = f_q.params # initialize
for x, y in loader: # load a minibatch
# two different permutation of data and label
x_q, x_k = x[index_q],x[index_k]
y_q, y_k = y[index_q],y[index_k]

Conv (1x1)

Conv (1x1)

Conv (1x1)

# hidden representation and logits: NxCxWxH
lat_f = f_k(x)
# generate mixing sample, no gradient to q
m_q, m_k = M(x,[lam_q, lam_k],[idx_q, idx_k],lat_f)
# mixed and cls logits: NxC
logits_mix_k = f_k(m_k)
logits_cls_q,logits_mix_q = f_q(x),f_q(m_q)
# cross entropy losses for q and M
loss_cls_q = CELoss(logits_cls_q,y)
loss_mix_q = MIXLoss(lam_q,logits_mix_q,y)
loss_mix_k = MIXLoss(lam_k,logits_mix_k,y)
loss = loss_cls_q+loss_mix_q+loss_mix_k
# SGD update (q and M)
loss.backward()
update(f_q.params)
update(M.params)
# momentum update
f_k_params = m*f_k+(1-m)*f_q.params

Figure 3: Architecture of the mix block. The shape of feature maps are shown in gray, e.g. C ×H ×W for C channels,
H height and W width. ⊗ represents matrix multiplication.
The softmax operation is performed on each row. The scalar
λ is sampled from Beta(α, α) and spread out into a twodimensional tensor for embedding into the input features Z.
Zs is a batch rearrangement of Z. The blue boxes represent
1 × 1 convolutions.

CELoss: cross entropy loss; MIXLoss: mixed label weighted cross entropy loss

the momentum encoder fk predict the class of the original
and mixed samples, while the mix block M generates
mixed samples at the same time. Specifically, the mix block
M takes the output features of the specified layer of the
encoder k as input to generate mask h by training and
transforming the features at different granularity levels.
Formally, during training, we apply a multi-task loss
on the encoder fq as L = Lcls + Lmix , where Lcls and
Lmix are standard cross-entropy loss and cross-entropy
with mixed labels. For the encoder fk , only loss Lmix takes
effects, and its parameters are frozen, which are momentum updated from fq . The encoder fk focuses on training
the mix block M. Correspondingly, the encoder fq solely
concentrates on training the backbone without affecting M.
Our mix block M allows the generation of adaptive mixing masks for every sample pairs. In this end-to-end system, we rely on dedicated encoders to focus on individual
tasks. It decouples the training between the mix block module and backbones. Moreover, this training approach brings
a significant gain in the convergence speed. We later show
by experiments that this formulation is key for sound mask
generation and classification performance.
Momentum Update Optimizing the mix block and encoder simultaneously without decoupling strategy yields
poor results. We hypothesize that such failure is due to the
number of parameters of M is excessively small relative to

the encoder and thus causes the mixing block to not converge under gradient oscillations. Therefore, on the basis of
the Siamese structure, we propose to use momentum update
to address this issue.
θk ← g(m)θk + (1 − g(m))θq ,

(6)

where the parameters of fq and fk are denoted as θq and θk ,
and m ∈ [0, 1) is the momentum decay coefficient. g( · )
is the scheduler function, which adjusts m in a predefined
pattern during training. Only θq requires gradient for optimization. The momentum update makes the training of mix
block more stable and smooth, while the convergence speed
is significantly accelerated, the complete experiments are
conducted in Sec. 4.

3.3. Mix Block M
Here we discuss the proposed mix block M in detail,
which learns to generate mixing masks based on input features and mixup labels. We design the mix block based on
an important intuition: modeling the global information of
two samples according to the given λ. As shown in Fig. 3,
the mix block takes two feature maps and the mixing scalar
λ as the input. The global information between the feature
pair z l and zsl in the condition of λ is modeled as
I(z l , zsl |λ) = Sof tM ax(

W [z l , λ] ⊗ Ws [zsl , 1 − λ]
), (7)
C(z l , zsl )

where W and Ws denote linear transform matrices (e.g.,
1x1 concolution), [·] represents concatenation operation, ⊗

is matrix multiplication, and C(z l , zsl ) is a normalization
factor. I(z l , zsl |) denotes the normalized pairwise relationship between every spatial position on z l and zsl . The information of the mixup label is embedded by the concatenation. Based on I(z l , zsl |), the score map h for z l can be
produced as
h = Sigmoid(I(z l , zsl |λ) ⊗ Wz z l ),

(8)

where h devotes a two-dimensional tensor. Since the mix
block only uses 1x1 concolution, it is lightweight to be optimized online. The choice of layers and computational costs
of the mix block are discuss in Sec. 4.4.
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α

lrmin

ResNet-18

ResNeXt-50

Vanilla
MixUp
CutMix
ManifoldMix
FMix
SaliencyMix
ResizeMix
PuzzleMix
AutoMix

1
0.2
2
0.2
0.2
1
0.2
2

0
0
0
0
0
0
0
0
1e-3

95.50
96.62
96.68
96.71
96.58
96.53
96.76
97.10
97.14

96.23
97.30
97.01
97.33
96.76
97.18
97.21
97.84

Table 1: Top-1 accuracy (%) on CIFAR-10 with ResNet-18
and ResNeXt-50 (32x4d).

4. Experiments
In this section, we evaluate AutoMix for its adaptive
mixup capability and great generalizability on various tasks.
We first study the effectiveness of AutoMix on supervised
image classification in Sec. 4.1. To further demonstrate the
broad applicability of AutoMix, we test AutoMix under the
few-shot classification scenario in Sec. 4.2. Next, we show
the transferability of AutoMix as a pre-trained model on object detection task in Sec. 4.3. We also show that AutoMix
can improve training stability as well as accelerate training convergence speed. Finally, we prove the effectiveness
of AutoMix with respect to each proposed innovation thorough ablation study.

Methods

α

lrmin

200 ep

400 ep

800 ep

1200 ep

Vanilla
MixUp
CutMix
ManifoldMix
FMix
SaliencyMix
ResizeMix
PuzzleMix
AutoMix

1
0.2
2
0.2
0.2
1
0.2
2

0
0
1e-3
0
1e-3
1e-3
0
0
1e-2

76.42
78.52
79.45
79.18
78.91
79.75
79.56
79.18
79.31

78.08
79.32
79.88
79.80
79.91
79.63
79.19
80.00
80.24

78.04
79.12
78.17
80.25
79.69
79.12
80.01
80.14
81.63

78.55
79.24
78.29
80.21
79.50
77.66
79.23
80.64
80.95

Table 2: Top-1 accuracy (%) on CIFAR-100 with ResNet18 trained with various epochs.

4.1. Evaluation on Image Classification
The performance of AutoMix is evaluated on six image classification datasets including CIFAR-10, CIFAR-100
[18], Tiny ImageNet [5], ImageNet [19], STL-10 [6] and
CUB-200 [33]. To demonstrate the applicability of AutoMix to different network architectures, we implement AutoMix on two residual neural networks with different parameter scale: ResNet and ResNeXt (32x4d) [34]. Besides,
SGD optimizer with the cosine annealing schedule [24] is
used for all experiments. For a fair comparison, grid search
is performed for several key hyper-parameters of all mixup
algorithms on the basis of vanilla classification, including
α ∈ {0.2, 0.5, 1, 2} and cosine scheduler lrmin ∈ {5e-2,
1e-2, 5e-3, 1e-3, 0}; the rest of the hyper-parameters are
set the same as the original paper. Spesifically, the momentum decay coefficient m start from 0.999 and is gradually
increased to 1 in a cosine curve. AutoMix reports the results of optimal feature layer among l ∈ {0, 1, 2, 3} on each
dataset. All experiments were conducted three times and the
averaged median performances of last 10 epochs during
training are reported.
4.1.1

CIFAR

Hyper-parameter settings. The CIFAR dataset contains
50K training images and 10K validation images with 32 ×

32 resolution. In our experiments, the RandomCrop and
Flipping augmentations are applied as preprocessing. The
following hyper-parameters are set the same for all mixup
approaches on the both CIFAR-10 and CIFAR-100 dataset:
the SGD weight decay is set to 0.0001, the SGD momentum is 0.9, the initial learning rate is 0.1, and the batch
size is 100. Then, we perform the grid search to determine
the relative optimal hyper-parameters, α and lrmin for each
mixup algorithm, and report the averaged result. As shown
in Tab. 1, on the CIFAR-10 dataset, we set lrmin to 0 for every method except AutoMix. In addition, Manifold Mixup
and AutoMix adopt larger α, but other compared methods
produce better performance with smaller α values. On the
other hand, as shown in Tab. 2 and Tab. 3, the lrmin of
CutMix, FMix and SaliencyMix are raised to 1e-3 on the
CIFAR-100 dataset, and their α are the same as CIFAR-10.
Conparison and analysis. The top-1 test accuracy comparisons of CIFAR-10 dataset are shown in Tab. 1. We compare the results of our method with other state-of-the-art
mixup methods on ResNet-18/RexNext-50. On the CIFAR10 dataset, we outperform all existing mixup algorithms,
which shows the effectiveness of the proposed AutoMix.
In particular, we improve the performance over the vanilla
model by 1.61% on the ResNext-50. Moreover, as shown
in Tab. 2, we can observe a slight oscillation in the per-

Methods

α

Vanilla
MixUp
1
CutMix
0.2
ManifoldMix 2
FMix
0.2
SaliencyMix 0.2
ResizeMix
1
PuzzleMix
0.2
AutoMix
2

lrmin

200 ep

400 ep

800 ep

1200 ep

Methods

α

lrmin

ResNet-18

ResNeXt-50

0
0
1e-3
0
1e-3
1e-3
0
0
1e-2

79.37
81.18
81.52
81.59
79.87
80.72
82.33
81.69
82.84

80.24
82.54
78.52
82.56
78.99
78.63
80.96
82.84
83.69

81.09
82.10
78.32
82.88
79.02
78.77
79.73
82.25
83.04

81.32
81.77
77.17
83.28
78.24
77.51
78.7
82.85
83.80

Vanilla
MixUp
CutMix
ManifoldMix
FMix
SaliencyMix
ResizeMix
PuzzleMix
AutoMix

0
1
1
0.2
1
1
1
1
2

0
0
0
0
0
0
0
0
5e-2

61.68
63.39
64.4
62.76
62.28
64.95
63.50
65.63
67.33

65.04
66.36
66.47
67.30
65.08
66.55
65.77
65.02
70.72

Table 3: Top-1 accuracy (%) on CIFAR-100 with ResNeXt50 (32x4d) trained with various epochs.
formance of methods based on the lightweight ResNet-18
at different training times on the CIFAR-100 dataset. It is
worth noting that at 1200 epoch, the performance of most
mixup methods shows a deteriorating trend. However, on
the complex ResNext-50, AutoMix adapts well to all environments and shows state-of-the-art results and excellent
stability. Furthermore, AutoMix outperforms other mixup
algorithms by a large margin, with an average of 2% higher
performance compared to the vanilla, as in shown Tab. 3.
4.1.2

ImageNet

Hyper-parameter settings. We evaluate the performance
of the proposed AutoMix on the ImageNet-1K benchmark
which contains 1.28M training images and 50K validation
images from 1000 classes with 224 × 224 resolution. The
Tiny-ImageNet dataset is a subset of ImageNet, which contains 200 classes with 500 training images and 50 test images per class with 64 × 64 resolution. The standard augmentation settings including RandomResizedCrop and Flipping are used for all mixup algorithms in our experiment.
Besides, the SGD weight decay is set to 0.0001 and the
SGD momentum is set to 0.9 for both ImageNet-1K and
Tiny-ImageNet datasets. For experiments on ImageNet, we
train all models for 300 epochs with an initial learning rate
0.1 and the batch size 256. For experiments on Tiny ImageNet, we train all models for 400 epochs with an initial
learning rate 0.2 and the batch size 100. Then we briefly
describe some dataset-specific hyper-parameter settings for
all mixup methods.: we set the parameter α of Manifold
Mixup and AutoMix to 0.2 and 2, respectively. And the rest
methods’ α is set to 1. In contrast to the experimental configuration of ImageNet, the lrmin of AutoMix is set to 5e-2
on Tiny ImageNet.
Conparison and analysis. The classification performance
on the Tiny-ImageNet and ImageNet dataset are given in
Tab. 4 and Tab. 5. In both datasets, AutoMix outperforms
all other compared mixup methods in terms of the top-1
accuracy with different network structures. It is worth noting that other mixup methods cannot even match the vanilla

Table 4: Top-1 accuracy on Tiny-ImageNet dataset for
ResNet-18 and ResNeXt-50 (32x4d) trained with various
mixup algorithms.

Methods

α

Vanilla
MixUp
CutMix
ManifoldMix
FMix
SaliencyMix
ResizeMix
PuzzleMix
AutoMix

1
1
0.2
1
1
1
1
2

lrmin

ResNet-18

ResNet-50

0
0
0
0
0
0
0
0
0

71.83
71.72
70.03
71.73
70.30
70.21
71.32
71.44
71.85

77.35
78.03
78.62
78.28
77.61
78.67
78.85
78.39
79.60

Table 5: Top-1 accuracy on ImageNet dataset for ResNet18 and ResNet-50 trained with various mixup algorithms.

when training with lightweight ResNet-18 on the ImageNet
dataset, which means those mixup methods fail to work as
regularizer. On the contrary, AutoMix can still maintain a
stable accuracy in the same settings. Furthermore, as shown
in Tab. 4, AutoMix get better results with more complex network architecture. With ResNeXt-50, AutoMix is far ahead
of other compared mixup algorithms, achieving 70.72%
top-1 accuracy. Moreover, as shown in Fig. 4, AutoMix has
the fastest convergence speed, far exceeding other comparison methods on the Tiny-ImageNet dataset, which demonstrates the advantages of optimizing mixup with the momentum training pipeline, resulting in faster convergence
and more stable performance.

4.2. Experiments on Few-shot Classification
Hyper-parameter settings. We evaluate AutoMix on two
few-shot classification scenarios, CUB-200 [33] and STL10 [6] dataset. CUB-200 dataset is the most widely used
fine-grained dataset, which contains 11,788 images spanning 200 sub-species of birds. STL-10 dataset is usually
used for unsupervised learning, but we only use its labeled train set which contains 5K images of 10 classes with
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Figure 4: Comparison of the convergence speed and stability of various mixup methods with ResNet-18 on TinyImageNet dataset.

Methods

α

lrmin

ResNet-18

ResNeXt-50

Vanilla
MixUp
CutMix
ManifoldMix
FMix
SaliencyMix
ResizeMix
PuzzleMix
AutoMix

1
1
0.5
0.2
0.2
1
1
2

0
0
0
0
0
0
0
0
5e-4

77.36
78.83
78.24
79.44
77.11
77.42
78.51
78.65
79.29

83.01
84.58
85.68
86.38
84.06
83.29
84.77
84.51
86.56

Table 6: Top-1 accuracy (%) on CUB-200 with ResNet-18
and ResNext-50 (32x4d).

96 × 96 resolution. We follow transfer learning settings on
CUB-200 and follow the standard augmentation settings as
in Sec. 4.1.2. For experiments on CUB-200, we initialize
the model with the ImageNet pertained model, and train all
models for 200 epochs with initial learning rate 0.001 and
the batch size 16. For experiments on STL-10, we train all
models for 800 epochs with initial learning rate 0.1 and the
batch size 256. Besides, the SGD weight decay and SGD
momentum are set to 0.0005 and 0.9 in this experiment.
Results Comparison. The results in Tab. 6 and Tab. 7 suggest that the proposed AutoMix achieves the best performance on the complex network architecture ResNeXt-50,
and notably, we improved the vanilla model by 3.55% and
7.81% on the CUB-200 and STL-10 datasets, respectively.
Even on the lightweight ResNet-18, our method still ranks
second among all compared methods, only behind the best
method Manifold Mix.

Table 7: Top-1 accuracy on STL-10 dataset for ResNet-18
and ResNext-50 (32x4) and 800 epoch trained with various
mixup algorithms.
Methods

ImageNet
Top-1 Acc (%)
Vanilla
77.4
Mixup
78.0
CutMix
78.6
ResizeMix
78.9
AutoMix
79.6

MS-COCO
mAP (%)
38.1
37.6
38.2
38.4
38.7

Pascal VOC
mAP (%)
81.0
80.7
81.9
82.1
82.6

Table 8: Generalization ability of ResNet-50 pretrained on
ImageNet is evaluated on object detection task with FasterRCNN on both MS-COCO and Pascal VOC datasets.

4.3. Evaluation on Object Detection
The use of ImageNet pre-training is standard practice
for many downstream visual tasks. Therefore, we evaluate
the generalization ability of AutoMix by transferring the
ImageNet pre-trained model to the other object detection
framework named Faster RCNN [26]. We perform the experiments on both MS-COCO [22] and Pascal VOC [10]
datasets based on the object detection toolkit MMDetection
[3] with pre-trained ResNet-50 as the backbone network.
As shown in Tab. 8, AutoMix shows excellent generalization ability for the object detection task. In a comprehensive comparison, AutoMix results in improvements across
the board. In detail, our performance shows remarkable
mAP improvements over the baseline, e.g., 0.6% mAP on
MS-COCO and 1.6% on Pascal VOC with Faster-RCNN.

4.4. Ablation Studies
In this section, we perform a series of ablation studies
with ResNet-18 on CIFAR-100 dataset to evaluate the effectiveness of different components of AutoMix from multiple
aspects. The basic experiment setup of AutoMix is the same
as CIFAR100 in Sec. 4.1.1. We first analyze the advantage
of the momentum training pipeline, where we dive into each
component of the momentum pipeline. Then we study the

Method
ResNet-18
ResNeXt-50

Top-1 Accuracy (%)

80

L3
11.64M
27.99M

Table 10: The parameter number of the backbone, baseline
and AutoMix varying with the backbone layer index.

70

CutMix+Onehot
MixUp+Momentum
MixUp+Onehot
MixUp+Momentum+Onehot
MixBlock+Momentum
MixBlock+Momentum+Onehot

65
60

0

100

200

300

400

Epochs

500

600

700

lrmin
Top-1 Acc

800

Module
MixUp
(none)
79.12
+Onehot
80.30
+Momentum
80.82
+Momentum+Onehot 80.21

CutMix
78.17
78.25
79.54
79.56

MixBlock
78.45
79.23
81.10
81.13

Table 9: Comparison of the role of each module in the momentum training pipeline in term of Top-1 Acc on CIFAR100 dataset.
Layer Ablation
81.5

81.4

81.0

81.2

80.5

81.0

80.0

80.8

79.5

80.6
0

1

2

AutoMix Layer Index

3

0.25

0.5

1

2

AutoMix Alpha Value

1e-3
80.78

5e-3
80.50

1e-2
81.63

5e-2
80.43

to optimize the mix block. The results in Fig. 5 show that the
momentum mechanism can significantly speed up the convergence of the mixup methods which is nearly 10 times
faster and improve the classification accuracy. Moreover,
the introduction of the Onehot component brings a slight
improvement for both AutoMix and other methods.

4.4.2

Mix Block: Hyper-parametric Sensitivity

The previous results demonstrate a significant performance
improvement with the introduction of Mix Block, with a
nearly 0.92% improvement over Input Mixup. Then we
evaluate the hyper-parameter sensitivity of the proposed
AutoMix with α ∈ {0.2, 0.5, 1, 2, 4}; the results are provided in the right of Fig. 6. Four different values of α are
considered here, and the best result is achieved when α = 2.

Alpha Ablation

81.6

0.
80.46

Table 11: Comparison on the effect of different lrmin values
in AutoMix on CIFAR-100 dataset.

Figure 5: Comparison of the convergence speed and accuracy to evaluate the impact of Onehot and Momentum on
Mixup, CutMix and the mix block on CIFAR-100 dataset.

Top-1 Accuracy (%)

L2
11.44M
24.84M

75

55

4

Figure 6: Impact of α and the layer index of MixBlock on
CIFAR-100 top-1 accuracy.

mix block module with its hyper-parametric sensitivity.
4.4.1

Backbone Vanilla
L0
L1
11.17M 11.27M 11.38M 11.39M
22.97M 23.38M 23.80M 23.86M

Momentum Training Pipeline

The proposed momentum training pipeline is incorporated
into other mixup methods to verify its effectiveness. We
equip Mixup and CutMix with different modules - Momentum and Onehot, and evaluate their performance on
CIFAR-100 dataset. In this experiment, we set lrmin = 0,
α = 1 and the mix block layer = 2. As shown in Tab. 9,
optimizing the mix block directly is 0.67% lower that the
MixUp and 2.65% lower than using the momentum module, which indicates that the momentum mechanism is vital

To select the proper backbone layer for the mask generation, we experiment on the CIFAR-100 dataset with parameters configured as ResNet-18 and 800 epochs. The experimental results are shown on the left side of Fig. 6,
where we consider the first three layers in the backbone
network. We denote the index as (L0 =after the first convbn on ResNet structure, L1 =after layer1, L2 =after layer2,
L3 =after layer3). The results show that AutoMix achieves
the best performance at layer2. Moreover, according to Tab.
10, the deeper the number of layers selected, the larger the
model parameters. Therefore, the output of the second layer
is chosen as the input of Mix Block under a comprehensive
consideration.
We also explored the best lrmin hyper-parameter of cosine scheduler for AutoMix, shown as Tab. 11. From previous experiments, there is no one fixed lrmin that is optimal. Thus we choose a different lrmin value depending
on the dataset. Normally, for the CIFAR-10 dataset, we set
the lrmin to 1e-3, while for CIFAR-100, the value is 1e-2;
Tiny-imageNet 5e-2 and ImageNet 0.

5. Conclusion
In this paper, we propose a Automatic Mixup (AutoMix)
framework, which optimizes both the mixed sample generation task and the mixup classification task in a momentum training pipeline. Without adding cost to inference, AutoMix can generate out-of-manifold samples with adaptive
masks. Extensive experiments have shown the effectiveness and excellent generalizability of the proposed AutoMix
on CIFAR, ImageNet, SLT-10, and CUB-200 datasets. On
top of that, we also outperformed other Mixup algorithms
when transfering the pretrained model to detection tasks
as well. Furthermore, the proposed momentum training
pipeline serves a significant improvement in convergence
speed and overall performance.
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A. Ablation Study of AutoMix

A.2. Analysis of Feature Layers

We provide more detailed analysis of each module in AutoMix on CIFAR, Tiny ImageNet, ImageNet and STL-10
datasets. And the other not mentioned parameter settings
are the same as the corresponding dataset configuration in
Sec. 4.

We analyze the input feature layers {L0 , L1 , L2 , L3} in
the mix block with ResNet-18 on various datasets. The basic
settings of AutoMix is the same as Sec. 4. We train models
with 800 epochs on CIFAR-100, 400 epochs on Tiny ImageNet, 300 epochs on ImageNet, 400 epochs on STL-10.
Shown as Tab. A2, the feature maps of different layers
have different performance on these four datasets, but the
deeper layers usually perform better. As for large datasets
like ImageNet, the layer 1 and 2 perform better. As for the
smalle datasets, the layer 2 and 3 perform better.

A.1. Momentum Traning Pipeline
To study the effects of the momentum training pipeline
in optimizing the mix block, we perform ablation studies
on Momentum and Onehot with ResNet-18 on CIFAR100 and Tiny ImageNet datasets. In this experiment, we set
lrmin = 0, α = 1 and the mix block layer = 2. We train
models with 800 epochs on CIFAR-100 and 400 epochs on
Tiny ImageNet.
As shown in Tab. A1. Overall, the momentum pipeline
brings the most significant improvement, the accuracy was
elevated by about 2% on each of these two datasets. And On
this basis, Onehot plays a supporting role.
Module
CIFAR-100
MixBlock
78.45
+Onehot
79.23
+Momentum
81.10
+Momentum+Onehot
81.13

Tiny ImageNet
63.49
63.07
65.25
65.36

Table A1: Analysis of the momentum training pipeline in
AutoMix in term of Top-1 Acc on CIFAR-100 and Tiny ImageNet datasets.

Layer
L0
L1
L2
L3

CIFAR-100 Tiny ImageNet ImageNet STL-10
80.76
67.40
78.61
81.10
67.57
71.34
79.03
81.63
67.33
71.85
78.82
80.51
67.50
71.56
80.09

Table A2: Analysis of the momentum training pipeline in
AutoMix in term of Top-1 Acc on CIFAR-100 and Tiny ImageNet datasets.

B. AutoMix Mixed Samples Visualization
We visualize the mixed samples generated by AutoMix
with the features from layer1 to layer3 with various resolutions. Fig. A7, Fig. A8, Fig. A10 and Fig. A9 visualize
the AutoMix results on CIFAR dataset, Tiny ImageNet, ImageNet and STL-10 datasets.

Figure A7: The mixed sample visualization of different feature layers of the CIFAR dataset as input to the mix block, from
top to bottom, represents the input image a, the mix visualization from layer1 to layer3 and the input image b, respectively.

Figure A8: The mixed sample visualization of different feature layers of the Tiny-ImageNet dataset as input to the mix block,
from top to bottom, represents the input image a, the mix visualization from layer1 to layer3 and the input image b.

Figure A9: The mixed sample visualization of different feature layers of the STL-10 dataset as input to the mix block, from
top to bottom, represents the input image a, the mix visualization from layer1 to layer3 and the input image b, respectively.

Figure A10: The mixed sample visualization of different feature layers of the ImageNet dataset as input to the mix block,
from top to bottom, represents the input image a, the mix visualization from layer3 and the input image b, respectively.

