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In real-world applications, data often come in
a growing manner, where the data volume and
the number of classes may increase dynamically.
This will bring a critical challenge for learning:
given the increasing data volume or the number
of classes, one has to instantaneously adjust the
neural model capacity to obtain promising performance. Existing methods either ignore the growing nature of data or seek to independently search
an optimal architecture for a given dataset, and
thus are incapable of promptly adjusting the architectures for the changed data. To address this, we
present a neural architecture adaptation method,
namely Adaptation eXpert (AdaXpert), to efficiently adjust previous architectures on the growing data. Specifically, we introduce an architecture adjuster to generate a suitable architecture for
each data snapshot, based on the previous architecture and the different extent between current and
previous data distributions. Furthermore, we propose an adaptation condition to determine the necessity of adjustment, thereby avoiding unnecessary and time-consuming adjustments. Extensive
experiments on two growth scenarios (increasing
data volume and number of classes) demonstrate
the effectiveness of the proposed method.

1. Introduction
Deep neural networks (DNNs) have achieved state-of-the-art
results in many challenging tasks, including image classification (Hu et al., 2018; Lu et al., 2021), neural language pro*
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Figure 1. The motivation for architecture adaptation. Left: Performance comparisons of ResNets trained on different subsets of
CIFAR100. The optimal architecture varies among different subset
sizes. Right: Since data come in a growing manner and the data
distribution may dynamically change, one should adjust the model
architecture according to the shift of data distribution.

cessing (Devlin et al., 2019; Brown et al., 2020), and many
other areas (Cao et al., 2019; Zhang et al., 2020b; Guo et al.,
2020a; Zeng et al., 2020). One of the key factors behind the
success of DNNs lies in the design of effective neural architectures, including 1) the manually designed architectures
such as ResNet (He et al., 2016) and MobileNet (Howard
et al., 2017); 2) the automatically designed architectures
such as (Zoph et al., 2018; Cai et al., 2019; Tan et al., 2019).
However, these methods often design a fixed architecture
for a specific task/dataset.
In real-world applications, data often come in a growing
manner. For example, intelligent edge devices (e.g., billions of mobile phones and surveillance cameras) and medical imaging devices continue collecting new data every
day (Grantz et al., 2020; Liang et al., 2019). Specifically,
the newly collected data have the following two types: (1)
increasing data volume: the labels of new data have appeared in previous data, and the growing do not change the
label space of data; (2) increasing number of classes: the
newly arriving data have different labels from previous data,
and thus the label space of data is growing. For both two
scenarios, the data distribution may dynamically change.
Since the optimal network architecture may vary under different data distributions (Zoph & Le, 2017), when applying
DNNs to growing data, one can (and should) dynamically
adjust the architecture for better performance (see Figure 1).
To achieve the above goal, one straightforward solution
is to redesign a network architecture when new data arrive. However, the design of effective neural architectures
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substantially relies on human expertise. Moreover, human
design cannot fully explore the complete architecture space,
resulting in sub-optimal architectures (Zoph & Le, 2017).
Beyond manual design, one can also resort to automatic neural architecture search (NAS) techniques (Cai et al., 2019;
Tan et al., 2019). Nevertheless, such methods design a
new architecture for each instance of data growth separately
and from scratch, and ignore that previous architectures are
transferable, leading to inferior design efficiency. Moreover,
neither manual nor automatic design considers the necessity
of architecture adjustment to further improve the adaptation
efficiency. Intuitively, it is unnecessary to conduct adaptation if newly arrived data are very similar to previous data.
To address the above limitations, we propose a neural architecture adaptation method, called AdaXpert (Adaptation
eXpert), which consists of an architecture adjuster and an
adaptation condition. Specifically, we first adopt the Wasserstein distance to quantitatively measure the difference between current and previous data. Then, the adjuster takes
the previous architecture and data difference as inputs, and
generates a suitable architecture for the current data. Next,
the adjuster receives a reward for this adjustment, where the
reward is designed to compromise between the accuracy and
computational efficiency. The final adjusted architecture is
generated by a well-trained adjuster. It is worth mentioning
that our method aims to find a new optimal architecture for
current data rather than simply expand the previous architecture to a larger one. The architecture adjustment is elastic,
e.g., the adjustment may remove redundant layers from the
previous architecture and increase the capacity (kernel size
and/or number of channels) of certain layers, as illustrated
in Figure 4. Moreover, we propose an adaptation condition
to determine the necessity of architecture adjustment. In
this way, we avoid unnecessary adjustments if the newly
arrived data are highly similar to the previous one, thereby
further improving the adjustment efficiency. Based on the
above considerations, our AdaXpert is able to adjust an architecture automatically to obtain better performance on the
current data with as minimal computational cost as possible.
Our main contributions are summarized as follows:
• We propose a network adaptation method for growing
data. By considering the difference between the current
and previous data, our method adaptively adjusts the
model architecture to achieve better performance while
maintaining small computational cost.
• We propose an adaptation condition to determine the
necessity of architecture adjustment. With this condition, our method avoids unnecessary adaptation for
highly similar data.
• Experiments on two data growth scenarios, i.e., increasing data volume and the number of classes, demonstrate the effectiveness and superiority of our method.

2. Related Work
Neural architecture search (NAS) has attracted increasing attention to automatically design effective architectures.
The classical NAS problem (Zoph & Le, 2017) exploits the
paradigms of reinforcement learning (RL) to generate the
model descriptions of DNNs. RL-based methods (Pham
et al., 2018; Tan et al., 2019; Zoph et al., 2018) seek to
learn a controller with a policy to generate architectures.
Beyond RL, evolutionary-based (Real et al., 2019; Piergiovanni et al., 2019) and gradient-based (Liu et al., 2019; Xu
et al., 2020) algorithms also discover new architectures with
excellent performance. Recently, meta learning-based methods (Elsken et al., 2020; Wang et al., 2020) focus on the fewshot problem and automatically learn a meta-architecture
that is intended to adapt to new tasks quickly. Unlike NAS
that design a fixed architecture, we dynamically adjust the
network architecture to handle the problem of growing data.
Continual learning (CL) aims to transfer the knowledge
learned from previous tasks to future scenarios. To solve
a new task, replay-based methods (Rebuffi et al., 2017;
Chaudhry et al., 2019b; Rolnick et al., 2019) selectively
store samples of previous tasks for the training on new tasks.
To mitigate the catastrophic forgetting issue, regularizationbased methods (Kirkpatrick et al., 2017; Liu et al., 2018;
Lange et al., 2020) introduce a regularization term in the loss
function, which requires the model to not change important
parameters of previous tasks. Another parallel task is online
learning (OL) (Hoi et al., 2018; Zhang et al., 2019), which
aims to learn a well-performed model based on a sequence
of training samples. With the data growth, CL aims to
overcome the forgetting issue on previous data and conduct
adjustments to achieve better performance on new data, and
OL focuses on the parameter learning of a certain model. In
this work, we seek to instantaneously adjust the architecture
on the entire dataset for each time of data growth.
Progressive neural networks. To improve the model capacity, CL methods (Rusu et al., 2016; Chaudhry et al.,
2019a; Rosenfeld & Tsotsos, 2020) propose to dynamically
expand their network architectures. These methods fix the
layers of previous tasks and grow branches for new tasks.
Moreover, DEN (Yoon et al., 2018) first expands the architecture to a large size for a new task, and then use a pruning
method to remove the unimportant weights. Recently, some
works (Zhang et al., 2020a; Li et al., 2019) combine NAS
techniques to design architectures for each task to achieve
the goal of CL. However, these methods ignore the distribution difference between the current and previous data, and
thus are hard to determine a suitable model size of the adjusted architecture. In this work, we dynamically adjust the
architecture based on previous architectures and the properties of growing data. Moreover, beyond the expansion, our
adjustment may remove redundant layers or add new layers.
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Figure 2. An illustration of our proposed AdaXpert. (a) At time-step t, given new incoming data Dtnew and a previous model αt−1 , we
first determine whether to adjust the architecture. If necessary, the αt−1 is fed into the NAA module for architecture adaptation. (b) Our
controller takes the architecture of αt−1 and the distribution distance between current data Dt−1 ∪ Dtnew and previous data Dt−1 as
inputs, and outputs an adjusted architecture. The controller will then obtain a reward and thus can be trained via policy gradient methods.
Last, we adopt the well-trained NAA to generate the final adjusted architecture αt .

3. Proposed Method
3.1. Problem Definition
In this paper, we aim to dynamically adjust neural network
architectures along with the growth of data. Formally, we det
note a series of new incoming data as Dtnew ={(xti , yit )}ni=1
,
t
t
t=1, ..., T , where xi ∈X , yi ∈{1, ..., Ct }, X is the input image space, nt and Ct are the number of images and classes,
respectively. Moreover, we denote all the accumulated data
at time-step t as Dt = D1new ∪ · · · ∪ Dtnew .
For the above growing datasets {Dt }Tt=1 , their corresponding data distributions may dynamically change, and thus the
optimal architecture for different Dt may also vary. However, existing methods usually design a fixed architecture for
a specific task/dataset, while a single fixed network architecture may not be optimal for all {Dt }Tt=1 . To achieve better
performance, one should design different architectures for
different Dt , i.e., dynamically adjust the model architecture
along with the growth of data.
To achieve the above goal, an intuitive way is to perform
neural architecture search for each Dt separately, to obtain
a corresponding architecture αt . However, this method
ignores that the previous αt−1 are transferable for Dt , which
can improve the search efficiency of αt . Moreover, it is also
important to avoid unnecessary search processes when the
new incoming data are very similar to the previous data.
To address the above challenges, we propose a neural architecture adaptation method, namely Adaptation eXpert
(AdaXpert), which aims to automatically design dynamic
networks with minimal expert intervention. The AdaXpert
mainly consists of two key components: (1) a reinforcement
learning based neural architecture adjuster (see Sect. 3.2),
which adaptively adjusts the previous model architecture
αt−1 to a new αt according to the properties of new incoming data Dtnew ; (2) an adaptation condition that determines

the necessity of architecture adjustment (see Sect. 3.3),
thereby avoiding unnecessary adjustments. The detailed
pipeline of AdaXpert is summarized in Algorithm 1.
3.2. Dynamic Neural Architecture Adaptation
Given a previous deep model and new incoming data, we
aim to automatically adjust the model architecture to achieve
better performance while retaining small model computational cost (e.g., MAdds). To this end, we devise a Network
Architecture Adjuster (NAA) algorithm, which aims to conduct different adjustment strategies based on the distribution
difference between Dt−1 and Dt . Specifically, if new data
are very similar to the previous one, we only need to conduct a slight adjustment, i.e., keeping the MAdds growth
small for the adjusted architecture. Otherwise, we allow a
relatively large MAdds growth for the adjustment.
In the following, we address two key problems for architecture adaptation: 1) how to measure the difference between
the current data Dt and the previous data Dt−1 ; and 2) how
to design the architecture adjuster.
Quantitative measurement of data difference. Different
architecture adaptation strategies should be conducted based
on the different extent between the current data and previous
data. To quantify such difference, we compute the distribution distance between current and previous data as follows.
Formally, given the current dataset Dt and the previous
dataset Dt−1 , we first feed these two datasets to the previous
model αt−1 to obtain their feature embeddings Mt ∈ Rm×q
and Mt−1 ∈ Rn×q , respectively. Here, m and n denote
the number of samples in Dt and Dt−1 respectively, and q
denotes the feature dimension. Then, Mt and Mt−1 can be
considered as two sample matrices that are sampled from
two unknown distributions Pt and Pt−1 . To compute the
distance between Pt and Pt−1 , one can use non-parametric
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Algorithm 1 The overall algorithm of AdaXpert.

Algorithm 2 Training of Network Architecture Adjuster.

Input: Incoming datasets {Dtnew }Tt=1 ; well-trained model α1 for
D1new ; supernet N1 and controller π(·; θ1 ); threshold .
1: Let D1 = D1new .
2: for t=2,...,T do
3:
Let Dt =Dt−1 ∪Dtnew , Nt =Nt−1 and θt =θt−1 .
4:
Compute accuracy difference Ht using Eqn. (4).
5: if Ht >  then
6:
Update Nt and π(·; θt ) on Dt using Algorithm 2.
7:
Generate the adjusted architecture αt ∼ π(·; θt ).
8:
Retrain the adjusted architecture αt on Dt .
9: else
10:
Let αt = αt−1 .
11:
end if
12: end for
Output: The adjusted architectures {αt }Tt=1 .

Input: Datasets {Dt−1 , Dt }; previous architecture αt−1 , supernet Nt and controller π(·) with the parameters θt ; hyperparameters η and M .
1: Split Dt into training and validation sets {Dtrain , Dval }.
2: Fine-tune Nt on Dtrain .
3: Compute the WD (dt ) between Dt−1 and Dt using Eqn. (1);
4: // train the controller model
5: for i=1,...,M do
6:
Sample αt0 ∼π(αt−1 , dt ; θt ).
7:
Sample a batch of data from Dval .
8: Compute reward R(αt0 ) based on Nt using Eqn. (5).
9: Update θt ← θt + ηR(αt0 )∇θt logπ(·).
10: end for
Output: Supernet Nt and controller π(·; θt ).

estimation methods to compute the Kullback–Leibler (KL)
divergence (Nguyen et al., 2007) or Wasserstein distance
(WD) (Sriperumbudur et al., 2010).

the current state. In the context of NAA, as illustrated in Figure 2 for time-step t, we denote state as s = [αt−1 , dt ] ∈ S,
where dt = W(Dt , Dt−1 ) is the distribution difference between the current and previous data. Given such a state s, a
policy (controller) takes a series of actions a = πθ (s) ∈ A
to determine each layer’s operation of the adjusted architecture αt0 . Formally, the action space is defined based on
different types of architecture search space. Then, the controller receives a reward r = R(αt0 ). More details about the
reward design can be found in Sec. 3.4.

However, the above non-parametric estimation methods may
be computationally expensive. For example, computing the
KL divergence needs solving a quadratic programming problem. Luckily, our preliminary studies show that the sample
matrices Mt and Mt−1 approximately satisfy the multivariate Gaussian distribution (more details are put in the
supplementary). Therefore, in this paper, we assume that
Pt and Pt−1 are two multivariate Gaussian distributions,
and use the Maximum Likelihood Estimation method to obtain their distribution parameters, i.e., Pt ∼ N (µt , Σt ) and
Pt−1 ∼ N (µt−1 , Σt−1 ). Then, we compute the Wasserstein distance (Takatsu et al., 2011) as follows:

Training of NAA. The goal of our NAA is to maximize
an expectation reward E[R(α)], represented by solving the
following optimization problem:
max Eπθ [R(α)].
θ

(2)

W(Dt , Dt−1 ) =||µt − µt−1 ||22 +


1/2
1/2
tr Σt +Σt−1 −2(Σt−1 Σt Σt−1 )1/2 . (1)

Following policy gradient methods (Williams, 1992; Schulman et al., 2017), we update θ by ascending the gradient:

Here, one can also use other metrics to compute the distribution distance, such as KL and Jensen-Shannon divergence (Fuglede & Topsoe, 2004). More discussions about
WD are put in supplementary. Based on W(Dt , Dt−1 ), we
devise a data difference-aware controller to conduct different architecture adjustments. Due to the highly non-convex
nature of our adjustment problem, we cast it into a Markov
Decision Process (MDP), and then train the controller using
reinforcement learning methods.

The training details of NAA are summarized in Algorithm 2.

MDP reformulation for Neural Architecture Adjuster (NAA). Since the architecture adjustment process is
essentially a multi-step decision making process, we formalize the adjustment process as an MDP. Formally, the MDP
can be defined as a tuple M=(S, A, P, R), where S is a finite set of states, A is a finite set of actions, P : S×A→S is
the state transition distribution, R : S×A→R is the reward
function. Moreover, a policy πθ determines an action given

θ ← θ + ηR(α)∇θ logπθ (α).

(3)

3.3. When to Adapt Network Architecture
Given a previous model αt−1 and the current data Dt , it
should be considered whether the model architecture needs
adjustment. For example, given an optimal architecture α
that searched on the MNIST dataset, even if we receive
more incoming MNIST images, it is unnecessary to adjust
α since it is already optimal. This indicates the necessity
to consider the previous architecture’s feasibility when performing architecture adaptation. Therefore, as shown in
Figure 2 (a), for each time new data arrives, we use an adaptation condition to determine the necessity of adjustment,
and therefore improve the adaptation efficiency.
Formally, at time-step t, given the previous model αt−1 ,
current data Dt and previous data Dt−1 , we compute the
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following accuracy difference for further decision:
Ht = Φ(Dt−1 ; αt−1 ) − Φ(Dt ; αt−1 ),

(4)

where Φ(D; α) is some performance metric of model α on
dataset D. For classification models, we choose top-1 accuracy as the metric. Note that for the growing data with
new class labels, the previous model will make wrong predictions, since the classifier can not predict the new labels.
Based on the above accuracy difference, one can determine
whether to adjust the previous architecture αt−1 . Specifically, given Ht and its threshold , we only adjust the model
architecture when Ht > .
In our method, we exploit WD to measure the extent of data
difference, and adopts accuracy difference as the adaptation
condition of architecture adjustment. The reasons are as follows: (1) For adaptation condition, the accuracy difference
is more intuitive for humans. In contrast, since WD is a
distribution distance, it is hard to set a suitable threshold for
WD to determine the adjustment necessity. (2) To recognize
difference extent of data, WD has a stronger discrimination
ability than the accuracy difference. Specifically, for varying
label space, the accuracy difference is more determined by
the number of new data, while WD is computed according
to the underlying properties of the data itself.
3.4. Reward Design for NAA
The reward function R(·) is very important for training our
NAA model. In this subsection, we will provide our rewards
function. For simplicity, we only illustrate the training of
NAA for a single round, and in other rounds, the NAA can
be trained in the same way. Given the current and previous
datasets Dt and Dt−1 , we denote the WD between them as
dt = W(Dt , Dt−1 ). Then, for the current state s, the NAA
takes a series of actions to obtain an adjusted architecture
αt0 . The final reward is computed as follows:
R(αt0 )=V(αt0 )−V(αt−1 )−


λ
C(αt0 )−C(αt−1 ) ,
dt

(5)

where V(α) and C(α) denote the validation accuracy and
computational complexity of model α respectively, and λ
is a trade-off parameter. We adopt MAdds as our metric to
measure the computational complexity of α, and one can
also use other metrics, e.g., the inference latency.
To obtain the validation accuracy V(α), one can train it from
scratch and then validate it on the validation set. However,
this will result in unbearable computational burdens. In
this paper, we exploit a weight sharing technique (Pham
et al., 2018) to construct a super network, i.e., a large computational graph, where each network architecture shares
parameters. In this sense, once the super network is trained,
all architectures inherit their weights directly from the super
network, and then use these weights for further evaluation.

For the first item V(αt0 )−V(αt−1 ) in Eqn. (5), we hope that
the adjusted architecture αt0 would achieve higher validation accuracy than the original αt−1 . For the second item
λ
0
dt × (C(αt ) − C(αt−1 )) in Eqn. (5), architectures with excessive computational cost are penalized, and the dt is used
to adaptively regularize the magnitude of the adjusted architecture. If dt is small, i.e., the incoming data are very
similar to the original, the reward function will devote more
attention to constraining the computational complexity of
the adjusted architecture.

4. Experiments
In this section, we evaluate our AdaXpert with respect to two
data growth scenarios, i.e., data volume growth within the
same label space (Scenario I) and increasing label space
(Scenario II). Afterward, we conduct ablation studies to
verify the effectiveness of each component in our method.
Lastly, we compare architectures obtained by our adaptation
procedure with those obtained by existing methods. Code is
available at https://github.com/mr-eggplant/adaxpert0.
4.1. Experimental Settings
Datasets: We conduct our experiments on ImageNet, a
large-scale image classification dataset (Deng et al., 2009).
Based on ImageNet, we simulate two data growth scenarios
to verify the effectiveness of our proposed method. For convenience, we denote ImageNet-# as a subset of ImageNet,
where ‘#’ denotes the number of classes. For instance,
ImageNet-100 contains samples of the first 100 classes of
the entire ImageNet. We also name our dynamically adjusted architectures in a similar manner, e.g., AdaXpert-20
denotes the architecture obtained on ImageNet-20.
Search space for architecture adaptation: Here, we consider the architecture space based on the inverted Mobile
Block (Howard et al., 2019). To be specific, the model is
divided into 5 units with gradually reduced feature map
spatial size and increased number of channels. Each unit
consists of 4 layers at most, where only the first layer has
stride 2 if the feature map size decreases, and all the other
layers have stride 1. In our experiments, we search for the
number of layers in each unit (chosen from {2, 3, 4}), the
kernel size in each layer (chosen from {3, 5, 7}), and the
width expansion ratio in each layer (chosen from {3, 4, 6}).
Compared methods: We compare our AdaXpert with three
categories of methods. (1) Manually designed networks, including MobileNetV2, MobileNetV2 (1.4×) (Howard et al.,
2017), ResNet18, and ResNet50 (He et al., 2016). During
the entire data growth process, these models are trained
and evaluated with the same fixed architecture. (2) Neural
architecture search (NAS) methods. EfficientNet (Tan &
Le, 2019) and MnasNet (Tan et al., 2019) are searched on
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Table 1. Scenario I: Comparison on ImageNet-100 with different sizes of training set. We report Acc. (%, ↑) and #MAdds (Million, ↓).
10% training set

20% training set

40% training set

80% training set

Acc.

MAdds

Acc.

MAdds

Acc.

MAdds

Acc.

MAdds

Acc.

MAdds

MobileNetV2
MobileNetV2 (1.4×)
ResNet18
ResNet50

52.72
54.36
52.72
38.86

300
560
1,814
4,087

64.02
64.82
62.74
53.26

300
560
1,814
4,087

72.08
73.02
71.54
66.76

300
560
1,814
4,087

78.36
78.88
77.54
78.62

300
560
1,814
4,087

79.60
80.76
79.30
80.30

300
560
1,814
4,087

MnasNet-A1
EfficientNet-B0
Meta-NAS

50.30
50.56
51.00

323
398
559

61.14
62.90
60.00

323
398
559

71.46
72.32
69.30

323
398
559

78.82
79.42
77.08

323
398
559

79.66
80.38
77.48

323
398
559

D-EfficientNets
Progressive NN
DEN

49.08
54.60
54.60

145
149
149

61.42
61.72
63.50

178
181
258

71.28
71.38
72.20

203
203
315

78.26
78.78
78.85

229
244
439

80.44
80.02
80.84

278
261
515

AdaXpert (ours)

54.60

149

64.90

171

73.28

199

79.28

232

80.74

252

Methods

inverted Mobile Block search space (as ours) and achieve
state-of-the-art performance. We also compare our method
with Meta-NAS (Shaw et al., 2019), which first searches
a meta architecture on multiple tasks and then adapts it
to ImageNet. (3) Dynamic neural networks. Progressive
NN (Rusu et al., 2016) and DEN (Yoon et al., 2018) are two
methods that dynamically adjust the network architecture
from small to large with the growth of data. D-EfficientNets
is a width-multiplier method, where the networks are rescaled with different widths of EfficientNet-B0 (Tan & Le,
2019) to adapt the corresponding data. Please refer to the
supplementary for further implementation details.
4.2. I: Growing Data with Same Label Space
In this section, we conduct experiments on the data growth
scenario in which the data volume is growing while the label
space remains the same.
Simulation of growing data: We simulate the data volume
growth scenario on ImageNet-100 due to the high computational cost of evaluating all considered architectures on
ImageNet-1000. To be specific, the data come with different
ratios, i.e., {10%, 20%, 40%, 80%, 100%}, and the number
of classes remains unchanged for each data growth scenario.
Here, a dataset with a small ratio is a subset of another
dataset with a larger ratio.
Comparison with state-of-the-art methods. As shown
in Table 1, our method achieves the best or comparable
accuracy in all cases, suggesting its effectiveness. More
critically, the computational cost (i.e., MAdds) of our model
is significantly lower than that of other methods, verifying
that the proposed reward function enables the consideration of model efficiency. Specifically, our model achieves
comparable accuracy with DEN (80.74 vs. 80.84) while the
computational cost is much lower (252 M vs. 515 M). Similar phenomenons are widely observed in Table 1, indicating
that our method achieves a better accuracy/computational
efficiency trade-off than other state-of-the-art approaches.

100% training set

4.3. II: Growing Data with Increasing Label Space
In this section, we conduct experiments on a data growth
scenario in which the label space is growing, i.e., the new
data have more classes than previous data. This scenario is
more challenging since the distribution of new data may be
remarkably different (i.e., new classes) from that of previous
data. The experimental datasets are constructed as follows.
Simulation of growing data: In this experiment, we use
the entire ImageNet-1000 to construct our growing datasets.
Similar to Scenario I, the dataset grows five times and each
subset contains the first {10, 20, 40, 80, 100, 200, 1000}
classes of the entire ImageNet, respectively. Similarly, the
data of the latter case contain all the data of the former case.
Comparison with state-of-the-art methods: As shown
in Table 2, our method is able to achieve comparable performance while requiring much lower computational cost.
Specifically, for ImageNet-1000, our method outperforms
all the baseline methods in terms of accuracy. For ImageNet100, our method outperforms manual-designed networks
such as ResNet50, while requiring x15.7 fewer MAdds
(257M vs. 4087M). Notably, when the number of classes is
small, ResNet18 is significantly better than ResNet50. However, the situation turns around as the number of classes
increases, which verifies our motivation that the optimal
architecture may vary under different data distributions.
4.4. Ablation Studies
Effectiveness of the adaptation condition in Eqn. (4).
We conduct experiments to further demonstrate the effectiveness of our adaptation condition for architecture adjustment.
Specifically, we first prepare a base dataset Db (20% training
set of ImageNet-100 on Scenario I) and a model trained on
Db . To demonstrate the necessity of architecture adaptation,
we consider two different datasets, i.e., Ds (with a small difference from Db ) and Dl (with a large difference from Db ).
To construct Ds , we apply data augmetation techniques over
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Table 2. Scenario II: Comparison on ImageNet-1000 with different number of classes. We report Acc. (%,↑) and #MAdds (Million, ↓).
10 classes

Methods

20 classes

40 classes

80 classes

100 classes

200 classes

1000 classes

Acc.

MAdds

Acc.

MAdds

Acc.

MAdds

Acc

MAdds

Acc.

MAdds

Acc.

MAdds

Acc.

MAdds

MobileNetV2
MobileNetV2 (1.4×)
ResNet18
ResNet50

81.80
81.00
82.80
69.60

300
560
1,814
4,087

85.10
85.70
85.90
81.80

300
560
1,814
4,087

81.10
81.30
81.90
78.85

300
560
1,814
4,087

76.92
77.85
75.60
76.52

300
560
1,814
4,087

79.60
80.76
79.30
80.30

300
560
1,814
4,087

80.83
81.90
79.89
82.89

300
560
1,814
4,087

72.00
74.70
72.12
77.15

300
560
1,814
4,087

MnasNet-A1
EfficientNet-B0
Meta-NAS

80.60
81.40
81.20

323
398
559

84.60
86.00
85.50

323
398
559

80.80
82.10
80.75

323
398
559

77.03
77.70
75.03

323
398
559

79.66
80.38
77.48

323
398
559

81.95
82.49
80.53

323
398
559

75.20
76.30
74.30

323
398
559

D-EfficientNets
Progressive NN
DEN

81.00
81.20
81.20

145
149
149

84.20
86.10
86.10

178
181
258

80.40
81.10
81.35

203
203
315

76.63
76.43
77.60

229
244
439

80.44
80.02
80.84

278
261
515

82.03
82.20
82.09

319
329
549

76.30
77.53
72.99

398
427
672

AdaXpert (ours)

81.20

149

86.40

176

81.90

195

77.68

242

80.52

257

82.12

293

78.13

395

AdaXpert-1000

Table 3. Ablation studies on the adaptation condition. We report
the accuracy of No-adjusted and Adjusted models on new current
datasets Db ∪ Ds and Db ∪ Dl , respectively.

78

DNA-c
AdaXpert-200 GeedyNAS-A

M-V3-Large
(1.4×)

Ht (Eqn. 4)

No-adjusted (Acc. %)

Adjusted (Acc. %)

Db ∪ Ds

0.65

64.90

65.04 (+0.14)

Db ∪ Dl

7.76

72.54

73.58 (+1.04)

Table 4. Comparison with nas-for-each (NFE) on ImageNet-100.
NFE means “search from scratch for each time of data growth”.
Metric

Method

20% data

40% data

80% data

100% data

Acc. (%)

NFE
AdaXpert (ours)

64.80
64.90

73.46
73.28

78.88
79.28

80.62
80.74

MAdds (M)

NFE
AdaXpert (ours)

294
171

302
199

313
232

311
252

Search Cost
(GPU days)

NFE
AdaXpert (ours)

0.8
0.8

1.0
0.6

1.3
0.6

1.5
0.7

the base dataset Db . To construct Dl , we use samples from
another 20% training set of ImageNet-100.
As shown in Table 3, we report the accuracy differences
(based on Eqn. 4), adjusted/no-adjusted model accuracy on
new current data Db ∪ Ds and Db ∪ Dl , respectively. From
the results, for similar new data, it is unnecessary to adjust
the previous model architecture since the improvement is
limited (i.e., Acc: 64.90 vs 65.04). In contrast, adjusting the
previous architecture for new different data is able to gain a
larger performance improvement (i.e., Acc: 72.54 vs 73.58).
In this sense, it is important to use an adaptation condition
to determine whether adjustments are needed for new data.
Comparison with search from scratch. To further verify
the superiority of AdaXpert, we also compare it with “search
from scratch for each time data growth (namely NAS-forEach, NFE)”. From Table 4, our AdaXpert achieves better efficiency. At the 100% data snapshot, the architecture performance obtained by AdaXpert is superior to NFE, this mainly
benefits from the following two aspects: 1) The AdaXpert

Test accuracy (%)

77

Dataset

AdaXpert-100

M-V3-Large
(1.2×)

76

75

MnasNet-A3
OFA

AtomNAS
M-V3-Large
(1.0×)

PC-DARTS
P-DARTS

ProxylessNAS
FBNet-C
SPOS

MobileNetV2
AmoebaNet-A
ShuffleNetV2

74
Our AdaXpert
73
200

NASNet-A
DARTS

MobileNetV3-Large
250

300

350

400
450
500
MADDs (million)

550

600

650

Figure 3. Comparison between AdaXpert and state-of-the-art NAS
methods on ImageNet. ‘AdaXpert-#’ denotes our architecture
searched on ImageNet-#.

exploits the previously learned knowledge to conduct the
current learning. Similar ideas in GAN (e.g., Progressive
GAN (Karras et al., 2018)) and NAS (e.g., PNAS (Karras
et al., 2018) and CNAS (Guo et al., 2020b)) have proven to
be pretty effective. 2) The AdaXpert considers the different
extent between current and previous data, and thus to adaptively control the computational cost of adjusted models.

4.5. Comparison on ImageNet-1000
Our proposed method can also be regarded as a neural
architecture search (NAS) method, which progressively
searches for the optimal architecture on growing datasets.
In this section, we compare our intermediate architectures,
i.e., AdaXpert-100, AdaXpert-200 and AdaXpert-1000,
with existing NAS methods to further verify the effectiveness of our method. Here, AdaXpert-# is searched on
ImageNet-#. We re-train each AdaXpert-# model on the
whole ImageNet-1000, as well as baseline methods.

AdaXpert: Adapting Neural Architecture for Growing Data
Table 5. Comparison of different architectures on ImageNet-1000. Our AdaXpert-# architectures are searched on different subsets of
ImageNet and then evaluated on the entire ImageNet dataset. ”–” means unavailable results.
Test Accuracy (%)
Top-1
Top-5

Architecture

Search Time
(GPU days)

Search Method

Search Space

ResNet-18 (He et al., 2016)
MobileNetV2 (1.4×) (Sandler et al., 2018)
ShuffleNetV2 (2×) (Ma et al., 2018)

69.8
74.7
73.7

89.1
–
–

1,814
585
524

–
–
–

manual design

–

NASNet-A (Zoph et al., 2018)
AmoebaNet-A (Real et al., 2019)

74.0
74.5

91.6
92.0

564
555

1,800
3,150

RL-based
evolution

NASNet

DARTS (Liu et al., 2019)
P-DARTS (Chen et al., 2019)
PC-DARTS (Xu et al., 2020)

73.1
75.6
75.8

91.0
92.6
92.7

595
577
597

4
0.3
3.8

gradient-based
gradient-based
gradient-based

DARTS

MobileNetV3-Large (Howard et al., 2019)
FBNet-C (Wu et al., 2019)
MnasNet-A3 (Tan et al., 2019)
ProxylessNAS (Cai et al., 2019)
SPOS (Guo et al., 2020c)
OFA-GPU (Cai et al., 2020)
OFA-CPU (Cai et al., 2020)
AtomNAS (Mei et al., 2020)
DNA-c (Li et al., 2020)
GreedyNAS-A (You et al., 2020)

75.2
74.9
76.7
75.1
74.4
76.4
78.7
75.9
77.8
77.1

–
–
93.3
92.3
91.8
–
–
92.0
93.7
93.3

219
375
403
465
323
397
356
367
466
366

–
9
∼3,791
8.3
12
51.7
51.7
–
25
8

RL-based
gradient-based
RL-based
gradient-based
evolution
evolution
evolution
gradient-based
greedy search
greedy search

Mobile Block

AdaXpert-100 (ours)
AdaXpert-200 (ours)
AdaXpert-1000 (ours)

76.1
77.1
78.1

92.7
93.3
93.7

257
293
395

2.5
3.5
7

RL-based

Mobile Block

K=3
E=6

K=3
E=4

K=3
E=3

K=5
E=6

K=5
E=4

K=5
E=3

K=7
E=6

K=7
E=4

K=7
E=3

Initial
arch.

data growth

#MAdds (M)

AdaXpert100

kernel size
AdaXpert200

width

depth

AdaXpert1000

Figure 4. An illustration of the adjusted architectures of our AdaXpert. K and E denote kernel size and expansion ratio, respectively.

As shown in Table 5 and Figure 3, our AdaXpert-1000
achieves 78.1% in terms of top-1 accuracy, which outperforms existing human-designed architectures and mostly
considered state-of-the-art NAS models with different
search spaces. Surprisingly, our intermediate models,
AdaXpert-100 and AdaXpert-200, also achieve comparable
performance with most of the baseline methods in top-1 accuracy, but with fewer MAdds. One of the possible reasons
is that we exploit previous architectures and measure data
distributions’ difference of growing data, while general NAS
methods search architectures from scratch. We also provide

the visualization of our adjusted architectures in Figure 4.
According to the data difference of each data growth, out
AdaXpert adopts different architecture adjustment strategies.
Although the model capacity generally increases as the data
grow, it is observed that some redundant layers may be removed and some other layers’ kernel size and expansion
ratio may be reduced.

5. Conclusion
In this paper, we have proposed a new neural architecture
adaptation method to efficiently adapt suitable neural architectures for growing data. Unlike existing methods that neglect the knowledge from previous architectures, our method
exploits the previous architecture and the data difference
extent between current and previous data for achieving effective adaptation. Moreover, we have devised an adaptation
condition to avoid unnecessary adjustments, thus further
improving the network adaptation efficiency. Experimental results show that our method achieves state-of-the-art
performance while enjoying less computational cost in two
data growth scenarios (increasing data volume or number
of classes). More critically, compared with the architectures searched on the entire ImageNet dataset by existing
NAS methods, our architectures are able to achieve comparable accuracy/computational cost with fewer training data
(i.e., the subset of ImageNet). In future work, it would be interesting to extend our method to adapt neural architectures
for the growing data from diverse data domains.
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