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Abstract: DARTS has achieved great result in Image classification field, the accuracy predictor and computation costs are the 
key of DNAS algorithm. Searching for a high-performance architecture always costs Large amount of computation. With a 
gradient-based bi-level optimization, DARTS using one-step optimization which makes the process available within a few GPU 
day, because of the one-step optimization , there exists a great gap between the architectures in search and evaluation. In this 
paper, we propose a zero-cost DARTS method which using multi-step optimization to address the above issues. To further reduce 
the computational requirements, we use the zen-score to estimate architectures in evaluation stage. Experiments on CIFAR-10 
and our private data sets show that our algorithm play a certain role in solving the above problems. 
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1. Introduction 
With the development of the Deep Learning over the past 

few years, the focus of machine learning has shifted from 
feature design to architecture design. The quality of 
architecture has become a crucial part of machine learning. 
Generally, a high-quality architecture can not only obtain 
high-precision prediction results, but also save a lot of 
computing resources[1]. To address different computer vision 
problems, A large number of architecture has been designed 
manually[2][3][4]. Designing a man-made architecture 
requires lots of expert knowledge and take much time. Neural 
architecture search (NAS) is an automated and efficient 
algorithm which requires no specialized knowledge. The core 
idea of NAS is to search the large architecture space for an 
architecture that meets the needs of the target task[1], and 
existing NAS methods can be divided to three categories, 
including one-shot methods, reinforcement-learning (RL) and 
evolution (EA) methods[5]. 

RL and EA methods requires a lot of computation 
overheads, to improve the search cost, weight-sharing-base 
methods are proposed which named one-shot methods. The 
key of the one-shot methods is training a supernet which 
covering all the candidate network[6]. Recently, DARTS[7] 
was proposed recently, which is a differentiable NAS 
algorithm based on one-shot method, it narrowed the NAS 
search time to a few GPU days, and greatly saves computing 
resources. In some previous work, it was mentioned that 
DARTS has a performance collapse in the architecture search 
process[8][9], because of due to its one-step optimization and 
the transitional use of skip. In our engineering projects, 
DARTS 'search time was too long and not very efficient.  

In this work, we propose a novel multi-step optimized 
DARTS, which use the zero-cost proxy, dubbed Zen-Score. 
Zero-Score only required a few forward propagation, which 
using random Gaussian inputs on randomly initialized 
network[10]. In our experiment, the improved algorithm 
limits the abuse of skip, thus reducing the performance 
collapse, and the accuracy is comparable to SOTA. 

2. Related Works 
Neural architecture search[1] is a great way to automate the 

search for neural networks. Although [3][4][6][17][20] use 
weight sharing to reduce the computational cost,  we still 
need to spend a large number of computational cost on a deep 
learning task. DARTS was the first algorithm to make the 
discrete search space continuous, this differentiable search 
space can be optimized using gradient descent, ultimately 
reducing the search time to a few GPU days. DARTS uses a 
one-step optimization strategy, which has two drawbacks. 
DARTS uses a one-step optimization strategy, which has two 
drawbacks. The first is that the skip operation can be abused 
during the search process and lead to accuracy 
collapse[8][9][22]. The second is that one-step optimization 
is easy to overfit and fall into local optimal solutions. 

 In the NAS algorithm, the largest time cost comes from 
the training of the neural network, and during the search 
process, the number of candidate networks to be trained is too 
large, even with DARTS and its derivatives, it is very 
computationally expensive. The Zen score metric enables you 
to test the performance of a neural network without using 
samples for supervised learning, so using Zen scores allows 
you to avoid spending computational resources and time on 
training candidate network architectures. The most common 
metric is the Neural Tangent Kernel[11], and its derivatives 
NCN[12], F Norm[13]. 

Zen-NAS[14] uses the LGA metric to evaluate the 
performance of candidate architectures in NAS, which is a 
derived metric of NTK and uses both label information and 
NTK metric. Our approach is to use two hyperparameters to 
balance NTK and label information. 

3. Method 

3.1. Preliminaries of DARTS 
DARTS [9] uses a stack of normal cells and reduced cells 

to form the final network. There exist n nodes in the Cell, and 
each node represents a potential expression. A directed link 
edge ݁௜,௝ between every two nodes represents an information 
transfer from node i to node j. In other words, a Cell is 
represented as a DAG graph. Each edge (i,j) contains some 
candidate operations (e.g., convolution, pooling). 

DARTS applies continuous relaxation to synthesize the 
outputs of different operations. Let ݔ௜ be an input of node i 
and let ݋௜,௝ be an operation of edge (i, j). For any intermediate 
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node j, its input is the weighted sum of the outputs of all 
predecessor nodes: 

௝ݔ ൌ ∑ ௜ሻ௜ழ௝ݔ௜,௝ሺ݋                       (1) 
Let O be a set of all candidate operations, each candidate 

operation o is a function whose role is to feature map the input 
 :௜, ௜ܱ,௝ is the set of candidate operations between edge (i, j)ݔ

௜ܱ,௝ ൌ ሼo୧,୨
ଵ , o୧,୨

ଶ , . . . , o୧,୨
୬ ሽ                    (2) 

 
Let ߙ௢೔,ೕ  denote the architectural weights vector. To 

optimize with gradient descent, DARTS uses softmax over all 
candidate operations to make the search space continuous: 

ሻݔ௜,௝ሺ̅݋ ൌ ∑
௘௫௣ሺఈ೚೔,ೕሻ

∑ ௘௫௣ሺఈ೚ᇲ೔,ೕሻ೚ᇲ∈ೀ
௢∈ை  ሻ   (3)ݔሺ݋

DARTS is a bilevel optimization problem, ߙ is the upper-
level variable and w is the weight of the neural network as the 
lower-level variable:  

min
ఈ
,ሻߙሺ∗ݓ௩௔௟ሺܮ	  ሻ            (4)ߙ

s. t. w∗ሺ	ߙሻ ൌ argmin
௪

,୲୰ୟ୧୬ሺwܮ  ሻ          (5)ߙ

DARTS applies one-step optimization to update the 
architecture parameter a. Specifically, the lower-level 
variable w is-first updated using one-step gradient descent 
based on 	ߘ௪ܮ௧௥௔௜௡ሺݓ,  ሻ . Then the w parameter is keptߙ
constant and the upper-level variable a is updated using one-
step gradient descent based on 	ߘఈܮ௩௔௟ሺݓ െ
,ݓ௧௥௔௜௡ሺܮ௪ߘ	ߝ ,ሻߙ  .is learning rate ߙ ሻ. Whereߙ

Many previous works [14][15][18][21] have pointed out 
that the double optimization of DARTS causes the final model 
accuracy to collapse, and this is also true in our project. In the 
next section we describe the causes and our improvements. 

3.2. Multi-step Optimization  
Our target task is to identify the age of a person, and 

DARTS does not perform well in our task. Our target task is 
age recognition of people, and DARTS does not perform well 
in our task. We analyze the main reasons, because the single-
step optimization of DARTS is easy to fall into local optima, 
and the data of our task are all faces, which contain too many 
identical features, DARTS is not efficient to find a high 
accuracy model.  

We have made adjustments to the single-step optimization 
strategy of DARTS. We have made adjustments to the single-
step optimization strategy of DARTS. First let DARTS 
optimize the network parameters w using Equation (6) n times, 
where n is a hyperparameter. Then a one-step optimization 
strategy is used to update the architecture parameter ߙ as in 
Equation (7). Using this strategy, the architecture parameter 
 of DARTS are a slow learning process, while the shared ߙ
network parameters w of the DARTS is a fast learning process. 
The faster convergence of w ensures better learning of image 
features during the search process, thus improving the 
accuracy of the final architecture searched by DARTS. We 
refer to this approach as multi-DARTS. 

′ݓ  ൌ ݓ െ ,ݓ௧௥௔௜௡ሺܮ௪ߘ	ߝ ,ሻߙ  ሻ      (6)ߙ
ߙ ൌ ߙ െ ,′ݓ௩௔௟ሺܮఈߘ	߳  ሻ     (7)ߙ

 However, we found in our experiments that the time cost 
of DARTS with this strategy is greatly increased. Suppose 
that in one-step optimized DARTS, the time cost of training 
w is t1, while the time cost of training a architecture parameter 
 is t2, then the total time cost is t1+t2. However, in our  ߙ
method, w is trained using multi-step optimization, the total 
time cost is n*t1+t2. In other words, the time cost of w 
training is improved to n times.  

3.3. Zen-score 
Zen-score allows us to train neural networks without using 

labeled data. These methods use information inside the 
architecture to improve the accuracy of the architecture. Just 
like the Neural Tangent Kernel (NTK), it uses the number of 
linear regions inside the network as a metric. The higher the 
number of linear regions, the better the accuracy of the 
network[11]. 

Specifically, the network weights w are first randomly 
initialized. Input x is randomly sampled from a Gaussian 
distribution. Then the NTK of this network is calculated based 
on the input x, and the loss function is designed based on the 
NTK and the gradient descent algorithm is used to optimize 
the network weights w. 

Let f be f mapping function, θ  a trainable set of weight 
parameters, and θ଴ a randomly initialized weight. NTK can 
be expressed as equation (9). 

f஘ሺxሻ ൌ f஘బሺxሻ ൅ ሺθ െ θ଴ሻ׏஘f஘బሺxሻ   (8) 
NTKሺx, x′ሻ ൌ൏ ,஘f஘బሺxሻ׏ ஘f஘బሺx′ሻ׏

୘ ൐    (9) 
 
 ஘f஘బሺxሻ  is a Jacobian matrix. It can be seen that the׏ 

essence of NTK is the dot product of two gradient vectors, 
which represents the condensed expression of the gradient 
value and gradient correlation [14]. 

In our project, NTK did not perform well. Because NTK 
and network accuracy are positively correlated on the premise 
that NTK cannot change too much during training, and the 
learning rate should be small enough [16]. In our target task, 
the variation of NTK is large, so we make improvements to 
the traditional NTK. The output of the BN layer can similarly 
be used as zen-score. The output of BN layer does not need 
too many assumptions to express the classification ability of 
the network [16].  

We find through experiments that BN as Zen-score is not 
as effective as NTK in our target task, and when they are used 
together, the effect is higher than that of using one alone. Let 
βଵ,	βଶ be two hyperparameters, and the final Zen-score used 
is as in (10). 

ZenሺFሻ ൌ βଵlogሺNTKሻ ൅ 	βଶ(10)    ܰܤ 
To summarize, our algorithm first trains the searched 

subarchitectures using Zen-score and updates the shared 
weights w. After m epochs (m is a hyperparameter), the 
labeled data will be used to train the searched subarchitectures 
and the shared weights w will be updated. With this method, 
the time overhead of training the searched candidate network 
is negligible during the first m epochs. 

4. Experiments 

4.1. Datasets 
In this section, we conduct several experiments to verify 

the effectiveness of the proposed method. The datasets we 
have used include CIFAR-10 and the datasets in our project. 

4.2. Search Space 
The parameter Settings are described next. The search 

space is the same as DARTS[9], using normal cells and 
reduction cells, and the alternative operations for each 
connected edge are: 3 × 3 and 5 × 5 separable convolutions, 3 
× 3 and 5 × 5, dilated separable convolutions, 3 × 3 max 
pooling, 3 × 3 average pooling, identity, and zero. Each cell 
consists of 7 nodes, and the output node is concatenated by all 
intermediate nodes.  
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4.3. Searching on CIFAR-10 
We tested our algorithm on CIFAR-10 and achieved an 

error rate of 2.56%, a 0.44% improvement over DARTS, and 
a time cost of 2GPU days, 0.25GPU days longer than DARTS. 

4.4. Performance on the Project 
Our target task is to judge the age of a person based on an 

image, divided into four classes, child, young adult, old adult, 
and non-human. The original DARTS is for binary 
classification, so we need to make some improvements in the 
output layer. Our algorithm uses 4 fully connected layers for 
the output layer. 

In our project, DARTS has a mAP of only 78%, while using 
our algorithm it achieves 85%. Although the time cost of 
searching increased by 5-6 GPU hours, it greatly improved 
the accuracy of the final model. 

5. Conclusion 
In this paper, we use a multi-step optimization strategy to 

reduce the overfitting of DARTS, and then use Zen-score to 
reduce the time overhead of Multi-DARTS. Finally, the 
DARTS algorithm has been greatly improved in our project. 
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