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Abstract

It is of great significance to estimate the performance
of a given model architecture without training in the appli-
cation of Neural Architecture Search (NAS) as it may take
a lot of time to evaluate the performance of an architec-
ture. In this paper, a novel NAS framework called GP-NAS-
ensemble is proposed to predict the performance of a neu-
ral network architecture with a small training dataset. We
make several improvements on the GP-NAS model to make
it share the advantage of ensemble learning methods. Our
method ranks the 2nd place in the Performance Prediction
Track of CVPR2022 Second lightweight NAS challenge.

1. Introduction
With the development of Neural Architecture Search

(NAS) techniques, it becomes popular to design deep neural
network architectures automatically [1]. It is a critical part
to design a performance predictor to analyze the relation-
ship between model architecture and its accuracy evaluated
on certain tasks for NAS algorithms, as training a large net
can be fairly expensive [42].

GP-NAS-ensemble model is proposed as a novel predic-
tor in this paper. Based on GP-NAS model [16], we make
several improvements to make it more accurate and robust.
The validity of our method is verified in the Performance
Prediction Track of CVPR2022 Second lightweight NAS
challenge.

1.1. Literature Review

General NAS. In a wide range of computer vision tasks
[3, 11, 22, 38, 40], manually constructed neural networks
have had great success. Artificial designs are usually
thought to be suboptimal. Both academia and industry have
recently been more interested in neural architecture search
(NAS). Early efforts made use of reinforcement learning
[30, 43–45] and evolutionary algorithms [19, 26, 27, 29, 37]
and discovered several high-cost and high-performance de-
signs. Later work aims to lower the cost of searching while

increasing performance, which can be divided into three
categories: one-shot NAS [6, 8, 12, 41], gradient-based ap-
proaches [5, 18, 33], and predictor NAS, which differ in the
network architecture modeling process. One-Shot NAS [6]
firstly trains an over-parameterized supernet, then searches
a discrete search space that includes numerous candidate
models. The sample strategy is important during the train-
ing stage, since it determines how to train an effective su-
pernet for performance estimation. Gradient-based meth-
ods incorporate the architecture parameters for each oper-
ator and use backpropagation to jointly optimize them and
the weights of the network.

Predictor NAS. Predictor NAS approaches attempt to ac-
curately and effectively forecast the performance of a par-
ticular neural network. These procedures learns the accu-
racy predictor by sampling pairs of architectures and their
accuracies. Some works [4, 7, 13, 14] extend this line of
thought by training a predictor to extrapolate the NAS learn-
ing curves. The regression problem [35] or ranking [23,39]
can be used to describe the goal of fitting the predictor
[10, 20, 21, 34]. Moreover, feature representation and sam-
pling methods are crucial for search performance. [21] uses
acyclic graphs in a continuous space of potential embed-
dings along with performance predictors. [32] improves the
two-stage NAS with Pareto-aware sampling strategies. [28]
uses Bayesian regression as a proxy model to select can-
didates, and [36] replaces a strong predictor with a set of
weaker predictors.

Multi-task NAS. Multi-task learning refers to different
tasks sharing part of the network backbone or weights.
These tasks are often able to learn from each other to
achieve better performance and training efficiency. Re-
cent neural network architecture search methods and bench-
marks [9,13,31] for multi-task and cross-task have attracted
a lot of attention from the community. Despite being under-
appreciated in comparison to single-task NAS, there are still
several excellent algorithms. [24] uses continuous learning
to find a single cell structure that can generalize well to un-
known tasks via multi-task architecture search based on the
weight sharing technique. [17] used gradient-based NAS to



find the best cell structure for a variety of autonomous driv-
ing tasks. [15] proposed to construct graphs from datasets
in a meta-learning approach to make the methods general-
ize well across numerous tasks.

2. Proposed Method

In this paper, we introduce the GP-NAS-ensemble model
[16], which ranked 2nd in the CVPR 2022 NAS competi-
tion: performance estimation track. Based on the GP-NAS
model, we aim at establishing a model with better perfor-

mance using ensemble learning technique.

2.1. GP-NAS

GP-NAS is a powerful method to predict the perfor-
mance of a neural network given its architecture, especially
when the size of training data is small [16]. To be more
specific, the GP-NAS model uses the Gaussian process re-
gression model to predict the accuracy of a neural network
model under the assumption that the joint distribution be-
tween the training observations y and the test function val-
ues f(X∗) = f∗ is [25]
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We then have
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where K is the Gram matrix, which contains the kernel
functions evaluating on all pairs of data points, σ2

n is the
noise variance of observations.

Simply put, the Gaussian process model uses the prior
mean as an initial guess for the target value. The guess is
then corrected by a mechanism similar to Kalman filter. It
is therefore important to note that, the cores of the GP-NAS
method are two parts: (1) the estimation of the prior mean;
(2) the specific formula of the kernel function. In the orig-
inal implementation of the algorithm, the linear regression
method is used to estimate the prior mean with a variant of
the radial basis function (RBF) kernel:

m(x) = w · x,

ksrbf (x1,x2) = exp[−
√

||(x1 − x2)||/l],
(3)

where w is the coefficient vector of the linear regression
model and l is the length scale of the kernel.

2.2. Feature Engineering

In the original dataset, an ordinal encoder is used to rep-
resent each architecture. For example, the search space of
features such as depth of network, number of heads of each
layer, and MLP ratio of each layer are {10, 11, 12}. They
are encoded as {1, 2, 3}, respectively, in the feature space.

One-hot encoding is a sparse way of representing data in
a binary string in which only a single bit can be 1, while

original feature one-hot encoding two-hot encoding

0 [0, 0, 0, 0] [0, 0, 0, 0]
1 [1, 0, 0, 0] [1, 1, 0, 0]
2 [0, 1, 0, 0] [0, 1, 1, 0]
3 [0, 0, 1, 0] [0, 0, 1, 1]

Table 1. The feature engineering methods used in our framework.

all others are 0 [2]. This method is considered as a pop-
ular way to deal with catogorical features in the machine
learning community. However, the disadvantage of one-hot
encoding is that it does not contain the information of the
‘similarity” of two data points. For instance, the distance
between “3” and “1” should be larger than the distance be-
tween “2” and “1”. In order to solve this problem, we also
use the two-hot encoding method to represent the similarity
in the feature space. An example of applying one-hot en-
coding and two-hot encoding methods is shown in Table 1.

2.3. Label transformation

The dataset does not provide us with the prediction ac-
curacy of each architecture on test dataset. Instead, we only
have access to the relative rank of each data point. We be-
lieve that it is more natural to predict the accuracy of each
model architecture instead of predicting ranks through sev-
eral trials. Since we do not have enough domain knowledge
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Fig. 1. An illustration of the proposed GP-NAS-ensemble model.

Task kernel length weighted kernel ratio Label transformation method set of base learner

task 0 22 (0.18, 0.82) Normal distribution GP-NAS, KNN
task 1 28 (0.62, 0.38) Left-skewed Normal distribution GP-NAS, SVR
task 2 24 (0.02, 0.98) Left-skewed Normal distribution GP-NAS, SVR
task 3 25 (0.6, 0.4) Normal distribution GP-NAS, SVR
task 4 22 (0.7, 0.3) Left-skewed Normal distribution GP-NAS, SVR
task 5 22 (0.3, 0.7) Normal distribution GP-NAS, SVR
task 6 22 - Normal distribution GP-NAS
task 7 22 (0.3, 0.7) Normal distribution GP-NAS, SVR

Table 2. The configurations for each task.

on this field, we need to guess the probability distribution
of model performances and then assign each model with a
score by sampling from the proposed distribution. There are
two ways to guess the distribution of the accuracy: (1) they
follow a normal distribution, (2) they follow a left-skewed
bell-shaped distribution. We decide the distribution by con-
ducting trials on the public leaderboard.

2.4. Weighted ensemble kernel function

The idea behind the weighted kernel function is that in
each task, we should focus on different parts of the feature
set. The weighted kernel function is

kw(x1,x2) = exp[−
√
(x1 − x2)T Iw(x1 − x2)/l], (4)

where Iw is a diagonal matrix. In order to estimate Iw for
each task, we use the Bayesian optimization method to max-



Modifications score (public)

GP-NAS 0.668
+ feature engineering 0.787
+ label transformation 0.796
+ ensemble learning 0.798
+ weighted ensemble kernel 0.800

Table 3. The model performance on the public leaderboard.

imize the Kendall rank correlation coefficient on the train-
ing dataset. Considering the fact that only a small amount
of data is available, it may be prone to over-fitting by apply-
ing Bayesian optimization method directly. We know that if
k1, k2 are valid kernels, k1 + k2 is still a valid kernel [25].
We thus proposed a new kernel kew, which is the weighted
sum of kw and ksrbf :

kew(x1,x2) = β1k
s
rbf (x1,x2) + β2kw(x1,x2), (5)

where the values of β1 and β2 are selected by their perfor-
mances on the public leaderboard.

2.5. GP-NAS-ensemble model

In this section, we briefly introduce the structure of our
proposed GP-NAS-ensemble model. It adopts the modifi-
cations described in previous sections. The basic scheme of
the GP-NAS-ensemble model is shown in Figure 1, which
contains the following steps:

1. Weighted ensemble kernel computing. We use the
Bayesian optimization method to estimate the most
suitable weighted ensemble kernel function for each
task.

2. Base model establishment. Two GP-NAS models are
built as base models. The difference lies in that we
feed the data with one-hot encoding to the first model
and we feed the data with two-hot encoding to the
second one. In addition, several classical supervised
learning methods are also considered as parts of our
base-model set since we need to enhance the diversity
between base models.

3. Base model training. We train each base model sepa-
rately on the training dataset.

4. Ensemble model establishment. A GP-NAS-ensemble
model can be built on top of the base models men-
tioned above. To be more specific, we predict the prior
mean of a given test data by averaging the output of
each base model. The estimation of the posterior mean
is the same as the basic GP-NAS model.

3. Experiments
The configurations of our final submission except for

task 6 are shown in Table 2. Specifically, we observe that
the above-mentioned weighted ensemble kernel doesn’t not
increase the score of task 6. Therefore, we use nine-hot en-
coding method for the feature engineering step of task 6.
The configurations are tuned based on scores on the public
leaderboard.

In Table 3, we show the results of an ablation study
which compares the proposed model with the original GP-
NAS model. The GP-NAS model can achieve about 0.668
on public leaderboard. If we transform input features with
one-hot encoding or two-hot encoding, the score is in-
creased to about 0.787. After label transformation with
normal distribution, we obtain a score about 0.796. When
all modifications are applied, we get a final score close to
0.800.

4. Conclusion
Unlike most other competitors of this competition who

use deep-learning method or other classical supervised ma-
chine learning to achieve a high score, we fully explored
the potential of GP-NAS model with only small modifica-
tions on the model architecture and the feature engineering
pipeline. The score of the proposed method on the public
leaderboard increased from 0.668 to about 0.800.
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