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Abstract

Neural predictors are effective in boosting the time-
consuming performance evaluation stage in neu-
ral architecture search (NAS), owing to their di-
rect estimation of unseen architectures. Despite the
effectiveness, training a powerful neural predictor
with fewer annotated architectures remains a huge
challenge. In this paper, we propose a context-
aware neural predictor (CAP) which only needs a
few annotated architectures for training based on
the contextual information from the architectures.
Specifically, the input architectures are encoded
into graphs and the predictor infers the contex-
tual structure around the nodes inside each graph.
Then, enhanced by the proposed context-aware
self-supervised task, the pre-trained predictor can
obtain expressive and generalizable representations
of architectures. Therefore, only a few annotated
architectures are sufficient for training. Experimen-
tal results in different search spaces demonstrate
the superior performance of CAP compared with
state-of-the-art neural predictors. In particular,
CAP can rank architectures precisely at the budget
of only 172 annotated architectures in NAS-Bench-
101. Moreover, CAP can help find promising ar-
chitectures in both NAS-Bench-101 and DARTS
search spaces on the CIFAR-10 dataset, serving as
a useful navigator for NAS to explore the search
space efficiently.

1 Introduction

Neural architecture search (NAS) [Elsken et al., 2019] has
gained increasing attention for its capability to automatically
design well-performing deep neural networks in various real-
world applications [Sun et al., 2019; Ghiasi et al., 2019;
Liu et al., 2019]. However, NAS often needs to evaluate
derived architectures with the help of numerous computa-
tional resources, which are often not affordable for most re-
searchers. To tackle this issue, various methods are proposed
to reduce the search cost, such as early stopping [Ru er al.,
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Figure 1: The number of annotated architectures for evaluating all
the architectures in NAS-Bench-101 is illustrated. Trained by only
172 annotated architectures, CAP beats most existing predictors
which use 424 annotated ones for training. Moreover, CAP utilizes
10x fewer annotated architectures with marginal performance drop
compared to other predictors.

2021], using proxy dataset [Zela er al., 2020], weight shar-
ing [Pham et al., 2018], and so on. Although these methods
indeed improve the efficiency of NAS, they suffer severely
from performance degradation, making the performance of
architectures searched cannot be guaranteed in practice [Xie
et al., 2023].

Neural predictor is a promising acceleration method which
can directly estimate the performance of an unseen architec-
ture accurately [Wen et al., 2020]. In practice, it requires ex-
tensive architecture-performance pairs to learn such mapping
on the specific tasks. However, these neural predictors tend to
perform well only when enough reliable annotated architec-
tures are available, but obtaining such architectures requires
a repetitive training process, which is still time-consuming.

Several works have tried to train a well-performing predic-
tor when a small amount of annotated architectures are avail-
able. For example, Semi-NAS [Luo et al., 2020] attempts to
generate more annotated architectures in a semi-supervised
way and HAAP [Liu et al., 2021b] proposes a homogeneous
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architecture augmentation strategy for predictors to expand
the training data. However, neither focuses on improving ar-
chitecture representation to enhance the predictor. We ob-
serve that the massive unlabeled architectures in the search
space can potentially help the predictor produce expressive
representations of architectures but are rarely explored at
present. If these data are leveraged properly for training the
predictor, it is unnecessary to annotate a large amount of ar-
chitectures. Namely, the search cost for predictor-based NAS
can be greatly reduced.

In view of the observation above, we propose a context-
aware neural predictor (CAP) and design a context-aware
self-supervised task for neural predictors to make full use
of the substantial unlabeled architectures. By predicting the
contextual structure around subgraphs in each architecture,
the predictor is enabled to understand and capture its intrin-
sic topology information and node features. Specifically, we
extract the central subgraph and the corresponding context
graphs in every graph-like architecture, to construct graph
pairs. During this pre-training stage, the graph data from
the same pair can be embedded into similar representations.
Following the commonly used fine-tuning process in self-
supervised learning [Liu et al., 2021a], we apply a simple re-
gression model to map the architecture representation to the
real performance and then utilize a few annotated architec-
tures to fine-tune the predictor. Consequently, CAP can cap-
ture the topological information at the structure level and the
node features at the attribute level of architectures.

Our contributions can be summarized as follows:

* We propose a context-aware neural predictor (CAP)
which requires much fewer annotated architectures for
training. Compared with the existing neural predictors,
CAP can still rank architectures in the search space pre-
cisely even with fewer annotated architectures.

We design a context-aware self-supervised task to pre-
train the neural predictor, which is capable of generating
meaningful and generalizable representations of archi-
tectures without involving annotated architectures. This
helps predict the performance of architectures precisely
and search for well-preforming architectures in NAS.

The experimental results show that CAP can evalu-
ate the performance ranking of architectures precisely
in NAS-Bench-101 and NAS-Bench-201 search spaces
with fewer annotated architectures. Specifically, the
number of annotated architectures needed by CAP is
2.4x fewer than that of most existing predictors as
shown in Figure 1. Moreover, CAP can achieve satis-
factory search results in NAS-Bench-101, NAS-Bench-
201, and DARTS search spaces. In addition, the ablation
studies demonstrate the effectiveness of the proposed
context-aware self-supervised task for neural predictors.

2 Related Works

2.1 Neural Predictor

Neural predictor is an effective method to evaluate the perfor-
mance of architectures and consequently guides the optimal
searching direction in NAS. Generally, most of the existing
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predictors have three stages: 1) Sufficient architectures are
collected and then trained from scratch; 2) a predictor is con-
structed after utilizing these annotated architectures to learn
their mapping to the real performance; 3) the predictor can
be applied to estimate unseen architectures rapidly and accu-
rately. In these approaches, only a small portion of labeled
architectures are selected to construct the predictor due to the
unacceptable computation cost required for training. Several
works concentrate on making full use of the limited annotated
architectures from the perspective of information flow [Ning
et al., 2020], operation hierarchy [Chen et al., 2021b], and
spatial topology information [Lu er al., 2021], respectively.
In contrary to the aforementioned methods, we dive into the
substantial but less explored unlabeled architectures. After
pre-training the predictor on these highly accessible data to
learn their intrinsic features, very limited annotated architec-
tures are enough for a well-performing predictor.

We note that some previous works try to utilize unla-
beled architectures as well, which is similar to our work.
Arch2Vec [Yan er al., 2020] uses the vanilla graph reconstruc-
tion pretext task to obtain representations from architectures
in an unsupervised manner. Instead of focusing on the vanilla
graph reconstruction which simply ignores the distinctiveness
of the architectures during encoding, we propose a context-
aware pretext task to make full use of the rich contextual in-
formation from massive unlabeled architectures. To extract
node attributes among architectures, GMAE-NAS [Jing et al.,
2022] constructs a difficult graph reconstruction pretext task
by masking a large portion of nodes in the architectures to
pre-train the predictors. However, GMAE-NAS only focuses
on the attribute of operations in the architectures. In con-
trast, the CAP method further considers the structural infor-
mation by introducing a context-aware pretext task, enriching
the predictor with more valuable prior knowledge.

2.2 Context-Aware Self-Supervised Learning

Self-supervised learning is gaining mounting attention for
its successful applications in various domains. Typically,
it defines a pretext task based on unlabeled input data to
obtain descriptive representation for different downstream
tasks. Context-aware self-supervised learning is a significant
branch, which constructs pretext tasks mainly according to
contextual information inside the data. In natural language
processing, a typical context-aware task is to predict the con-
textual sentences of a given word. In this way, the model is
expected to explore the relationship of words in the text with-
out involving any label. Similarly in computer vision, [Do-
ersch et al., 2015] predicts the relative positions of contextual
patches in an image and enables the model to produce signifi-
cant feature representation. Moreover, TS-TCC [Eldele et al.,
2021] also learns time-series representation from unlabeled
data by contextual contrasting. In light of the successful ap-
plications above, we propose a context-aware self-supervised
task to predict the contextual surrounding in an architecture.
The predictor is encouraged to obtain intelligible representa-
tions of architectures and thus relies on fewer annotated sam-
ples.
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Figure 2: Overall framework of the proposed CAP method. (a) First, massive architectures are encoded into graph data. In each architecture,
operation types are represented by nodes and their connection ways are denoted by an adjacent matrix. (b) For each input graph data, the
central subgraph and corresponding context graphs are extracted to construct a graph pair. Then, the encoder is encouraged to match the graph
pairs correctly during the context-aware self-supervised task. For example, the central subgraph and context graphs from G are a positive
pair. (c) Once the pre-training stage is finished, only a few annotated architectures are used to fine-tune the predictor.

3 Methodology

As shown in Figure 2, the overall framework of the proposed
CAP method contains three parts, i.e., the architecture encod-
ing, the context-aware self-supervised task, and the perfor-
mance prediction.

3.1 Architecture Encoding

Following the conventions of predictor-based NAS algo-
rithms, a neural architecture can be viewed as a standard
graph where the nodes denote the various operation layers
and the edges denote the various connection manners. Thus,
a N-layer architecture X is naturally encoded as an operation
list Oy = {01, 09, ...,0n} and an adjacent matrix Ay . In
the operation list O, o; represents the operation type of the
i-th layer.

However, not all search spaces treat the operations of ar-
chitectures as nodes in the graph. To bridge the gap, we shift
the form of the operation-on-edge search spaces (e.g., the
NAS-Bench-201 [Dong and Yang, 2019a] and DARTS [Liu
et al., 2018] search spaces) to the standard version via a sim-
ple transformation.

Considering that an architecture could be represented as
different isomorphic graphs, we choose a variant version of
Graph Isomorphism Networks (GINs) [Xu er al., 2018] as
the encoder to obtain invariant and expressive representation
from given architectures. Generally, the update mechanism
of the k-th layer of a GIN can be formulated as follows:

h(®) = H, (1+e<’“))-hg’“—1>+ 3 Ay
ueN (v)

6]

where h, and h,, denote the features of the node v and u, Hy
is a simple MLP, N (v) indicates the set of all nodes within
the neighborhood of node v, and ¢ is a learnable weight.

3.2 Context-Aware Self-Supervised Task

Once the architectures are encoded into graph data, we con-
duct the context-aware self-supervised task to pre-train the

predictor. As for graph self-supervised learning, there ex-
ist two kinds of popular pretext tasks: predictive pretext
tasks and contrastive pretext tasks. The former aim to pre-
dict the self-generated labels to provide self-supervision for
the model. The latter produce various augmentation views
for a given graph sample and then maximize the similar-
ity of those matching pairs generated from the same sam-
ple. We select the latter to leverage the rich contextual in-
formation among architectures because contrastive learning
methods are on the ground of mutual information maximiza-
tion and predictive learning methods lack a unified theoreti-
cal framework at present [Xie ef al., 2022]. Inspired by the
application of successful context-aware self-supervised tasks
in natural language processing [Mikolov et al., 2013], com-
puter vision [Doersch et al., 2015] and times-series [Eldele
et al., 2021], we allow the encoder to predict the contextual
surrounding of any node in each architecture. The basic idea
is to first extract the central subgraph and the context graphs
from each architecture to construct graph pairs. After that, the
similarity between matching pairs which are obtained from
the same architectures is maximized.

In the context-aware self-supervised task, we randomly
choose a central node v inside the graph which denotes an
architecture. Then, we exploit its /& -hop neighborhood GX
to represent the selected node, containing all the nodes and
edges at most K hops away from node v. Once given the cen-
tral node v and its neighborhood G¥, the surrounding context
graphs are confirmed accordingly. We introduce a distance
scale R (R > K) as the higher bound of context graphs. To
be specific, all subgraphs between the K -hop neighborhood
and R-hop neighborhood of the central node are regarded as
the context graphs. Notably, some nodes are shared between
the K -hop neighborhood and the outer context graphs, which
are called anchor nodes, functioning as a bridge to convey
information from the central node v to its context graphs.

For context-aware abilities, the encoders learn to match
the neighborhood representation to the corresponding con-
text representation inside an architecture by maximizing their
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similarity. Therefore, the K -hop neighborhood and its outer
context graphs are first embedded into hS and ¢ by the en-
coders, respectively. Similar to other context-aware tasks,
these context graphs are aggregated to represent the contex-
tual information. Therefore, an auxiliary GIN is necessary
to aggregate representation from context graphs of different
sizes next to the neighborhood and generate a representative
embedding ¢ for the similarity computation.

Following the common practice in contrastive learning, we
introduce the negative sampling strategy to train a discrim-
inating GIN encoder. In the proposed context-aware self-
supervised task, we expect the encoder to predict the con-
textual structure based on the central subgraph. Hence, we
randomly choose the embeddings of central subgraphs from
other graphs as negative samples. We take the (h$, cUG/) pairs
from the same graphs as the positive ones (G = G’) and those
from different graphs as the negative ones (G # G’). To be
specific, the negative sampling ratio is set to one, achieving
the balance between positive pairs and negative ones. The
loss function of the context-aware self-supervised task can be
formulated as:

Les =Lop(I,sim(h, ) + Lep(0,sim(h{, <)), (2)

v U v U

hG. G

v U

where ( ) is a positive pair from the same graph G
while (hG cG/) composes a negative pair; Lop denotes the

v U
cross entropy loss function.
After that, a readout function is added in the tail to obtain

the graph-level representation of every architecture X:
hg?) = readout({hgf)m e X}, 3)

The readout function here can be various graph-level pool-
ing operations, we use averaging here for its simplicity.

The pre-trained main GIN model can be directly used as
the encoder for the neural predictor. Additionally, the auxil-
iary GIN model is only used in the pre-training procedure and
discarded in the following performance prediction.

3.3 Performance Prediction

After the pre-training process, a regression model is required
to evaluate the real performance based on the representations
of corresponding architectures. For simplicity, we choose a
two-layer MLP as the regression model.

To fine-tune the pre-trained predictor with limited anno-
tated architectures, we select decoder-only fine-tuning, full
fine-tuning, and partial fine-tuning methods.

Decoder-only Fine-tuning. All weights of parameters in
the encoder are fixed once pre-training is done. During the
fine-tuning, only the regression model is trained while the en-
coder is frozen. In other words, the representation of any
given architecture remains unchanged.

Full Fine-tuning. The whole pre-trained encoder and the
regression model are jointly trained with a few labeled archi-
tectures. In this way, the pre-training task helps to initialize
the encoder with better weights in comparison to random ini-
tialization.
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Partial Fine-tuning. During the fine-tuning stage, partial
fine-tuning discards the dropout layers and batch normaliza-
tion layers in the pre-trained encoder. Thus, it takes less time
to fine-tune the predictor compared with the full fine-tuning
method.

As for the loss function, mean squared error (MSE) and
ranking loss are two popular choices in previous works of
neural predictors. Intuitively, MSE between the absolute per-
formance of an architecture and the predicted value is ef-
fective. In this way, the model is expected to predict the
real performance precisely. Unfortunately, a low MSE loss
may mislead the predictors. MSE loss is unable to reflect
the correct ranking between the queried architectures when
their accuracy is close [Xu et al., 2021]. Conversely, it is
more important to focus on the relative performance ranking
of architectures considering that the goal is to search for the
best architecture instead of its absolute performance in the
NAS methods. Here, we use Bayesian personalized ranking
(BPR) [Rendle er al., 2012] loss for the sake of its popularity
in relative ranking tasks. The loss function can be formulated
as follows:

Lyp = Z

(Ai,A;)eD

logo (s(A:) — s(4;)), )

where D represents all the architecture pairs like (A;, A;) in
the training set, s(A;) is the predicted performance score of
the architecture A;, and o denotes the sigmoid function.

4 Experiments

The experiments performed contain three parts in terms of
the ranking capability, the search results, and the ablation
studies. In the first part, we verify the powerful ranking ca-
pability of CAP on NAS-Bench-101 [Ying et al., 2019] and
NAS-Bench-201 [Dong and Yang, 2019a] benchmarks, espe-
cially when the training samples are extremely limited. In
the second part, we use both closed domain search spaces
(NAS-Bench-101, NAS-Bench-201) and open domain search
space (DARTS [Liu et al., 2018]) to search for promising
architectures on CIFAR-10, CIFAR-100 [Krizhevsky, 20091,
and ImageNet16-120 [Chrabaszcz et al., 2017]. In the third
part, we further investigate the effectiveness of the proposed
context-aware self-supervised task via detailed ablation stud-
ies.

4.1 Experimental Settings

NAS-Bench-101 Search Space. The NAS-Bench-101 is a
cell-based search space consisting of over 423k unique neural
architectures. In each architecture cell, at most seven nodes
and nine edges are contained. The nodes represent opera-
tion layers and the edges represent connection manners. The
search space provides the validation accuracy and test accu-
racy of convolutional neural networks (CNNs) on CIFAR-10.

NAS-Bench-201 Search Space. The NAS-Bench-201 is
also a cell-based search space constructed by over 15K dif-
ferent neural architectures. Each cell includes four nodes and
six edges. Different from the operation-on-node NAS-Bench-
101 search space, the operations are represented by edges in
NAS-Bench-201. Detailed results of CNNs are available on
three datasets: CIFAR-10, CIFAR-100, and ImageNet16-120.
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DARTS Search Space. The DARTS search space is built
by both normal cells and reduction cells where each cell is
composed of seven nodes and 14 edges. It is a much larger
open domain search space than the NAS-Bench-101 and the
NAS-Bench-201 search spaces. In the DARTS search space,
the operations are also represented by edges.

4.2 Ranking Results on NAS Benchmarks

The experiments are carried out on both NAS-Bench-101
and NAS-Bench-201 benchmarks. In parallel to previous
works [Liu et al., 2021b; Lu et al., 2021], this work utilizes
the validation accuracy of an architecture to train the predic-
tor and evaluates its corresponding test accuracy. In terms of
metrics for ranking ability, we choose Kendall’s Tau between
the predicted accuracy of architectures and the real accuracy
for its widespread use in prior works. For fair comparisons
among different neural predictors, we adopt the same data
splits in TNASP [Lu et al., 2021] for both NAS-Bench-101
and NAS-Bench-201.

Train Samples 100 172 424 424 4236
Validation Samples 200 200 200 200 200
Test Samples all all 100 all all
ReNAST [Xu ez al., 2021] - - 0.634 0.657 0.816
NP*¥ [Wen et al., 2020] 0.391 0.545 0.710 0.679 0.769
NAO? [Luo et al., 2018] 0.501 0.566 0.704 0.666 0.775

Arch2Vec* [Yan et al., 2020] 0435 0.511 0561 0.547 0.596
GATES* [Ning et al., 2020] 0.605 0.659 0.666 0.691 0.822
CTNAS [Chen et al., 2021al - - - -
TNASP [Lu et al., 2021] 0.600 0.669 0.752 0.705 0.820
TNASP-SE [Lu ez al., 2021] 0.613 0.671 0.754 0.722 0.820
GMAE-NAS* [Jing et al., 2022]  0.626 0.687 0.778 0.733  0.775

CAP 0.656 0.709 0.791 0.758 0.831

Table 1: Ranking results of different data splits on NAS-Bench-101
benchmark. The Kendall’s Tau of 10 independent runs is calculated.
f: reported by CTNAS. ¥: reported by TNASP. *: implemented by
ourselves using open-source code.

Train Samples 78 156 469 781 1563
Validation Samples 200 200 200 200 200
Test Samples all all all all all
NPt [Wen et al., 2020] 0.343 0413 0.584 0.634 0.646
NAO' [Luo ez al., 2018] 0.467 0493 0470 0.522 0.526
Arch2Vec* [Yan er al., 2020] 0.542 0.573 0.601 0.606 0.605
TNASP [Lu et al., 2021] 0.539 0.589 0.640 0.689 0.724
TNASP-SE [Lu et al., 20211  0.565 0.594 0.642 0.690 0.726
CAP 0.600 0.684 0.755 0.776 0.815

Table 2: Ranking results of different data splits on NAS-Bench-201
benchmark. The Kendall’s Tau of 10 independent runs is calculated.
T: reported by TNASP. *: implemented by ourselves using open-
source code.

The ranking results on NAS-Bench-101 are shown in Ta-
ble 1. It can be seen that CAP outperforms the other predic-
tors across various data splits. Notably, with only 172 anno-
tated architectures, CAP is on par with the competitors which
are trained by 424 training samples and can even beat most of
them. Such promising results imply that the contextual infor-
mation from unlabeled architectures is leveraged in the pre-
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training stage. Therefore, the pre-trained encoder can pro-
duce meaningful representations of architectures even before
the fine-tuning stage. As a result, fine-tuning the predictor is
much easier compared with training it from scratch. With the
pre-trained predictor, only a few annotated architectures are
enough to construct a well-performed neural predictor. The
satisfactory ranking results demonstrate the effectiveness of
the proposed context-aware self-supervised task.

Moreover, we report the ranking results on NAS-Bench-
201 in Table 2. It can be observed that CAP achieves state-
of-the-art performance when compared with other competi-
tors regardless of the data split. It is noteworthy that CAP
surpasses them by a large margin, especially in the condi-
tion of limited training samples, which is consistent with
our previous analysis of the effect of the context-aware self-
supervised task. Meanwhile, the proposed CAP can achieve
a Kendall’s Tau value of 0.684 when trained by only 156 an-
notated architectures, which is superior to other predictors
trained by 469 (2.4 x more than 56) training samples. The ex-
perimental results show that the proposed context-aware self-
supervised task helps construct a powerful neural predictor
with fewer annotated architectures. We observe that as the
number of training samples increases, the gap between CAP
and other predictors is gradually narrowed. However, we
mainly focus on the performance of the predictor in the few-
shot scenario because annotating architectures is extremely
time-consuming.

4.3 Searching on Closed Domain Search Spaces

We combine the proposed CAP with the regularized evolu-
tionary algorithm [Real ez al., 2019] to search for promising
CNNs in the NAS-Bench-101 benchmark. The total number
of queried architectures is set to 150 and the search results are
shown in Table 3. The traditional methods are placed in the
first row, and the second row shows the search results of pre-
vious state-of-the-art methods. Compared with them, CAP
helps search for better architectures with the same queried
budget. Through 10 independent runs, we also find that the
CNNss searched by the CAP method achieve 94.18% aver-
age test accuracy on CIFAR-10, which is 0.38% higher than
the result of the original regularized evolutionary algorithm.
These promising experimental results demonstrate that the
pre-trained predictor, which serves as the optimal guidance,
facilitates searching for promising architectures.

Method Test Acc.(%)  Searching Strategy
RS [Bergstra and Bengio, 2012] 93.64 Random
REA [Real et al., 2019] 93.80 Evolution
BANANAS [White et al., 2021] 94.08 Bayesian Optimization
CATE [Yan et al., 2021] 94.12 REINFORCE
GMAE-NAS [Jing et al., 2022] 94.14 Evolution
BONAS [Shi et al., 2020] 94.14 Bayesian Optimization
NPENAS [Wei et al., 2022] 94.15 Evolution
CAP 94.18 Evolution

Table 3: Comparison with other NAS methods on CIFAR-10 using
the NAS-Bench-101 search space. The number of queried architec-
tures is set to 150. It reports the average test accuracy of 10 inde-
pendent runs.
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Method Search Cost CIFAR-10 CIFAR-100 ImageNet16-120

(Seconds) Valid Test Valid Test Valid Test

ResNet [He et al., 2016] - 90.83 93.97 70.42 70.86 44.53 43.63
RS [Bergstra and Bengio, 2012] 22993.93 90.93+0.36 93.80+0.36 70.93+£1.09 71.04+1.07 44.454+1.10 44.57+1.25
RL [Williams, 1992] 27870.7 91.09 +£0.37 93.854+0.37 71.614+1.12 71.714+1.09 45.05+1.02 45.24+1.18
ENAS [Pham et al., 2018] 13314.51 37.51+3.19 53.89+0.58 13.37+£2.35 13.96+2.33 15.06+1.95 14.84+2.10
DARTS-V1 [Liu et al., 2018] 10889.87 39.77+0.00 54.304+0.00 15.034+0.00 15.614+0.00 16.43+0.00 16.32+0.00
DARTS-V2 [Liu et al., 2018] 29901.67 39.77+0.00 54.30+£0.00 15.03£0.00 15.61+0.00 16.434+0.00 16.32+0.00
GDAS [Dong and Yang, 2019b] 31609.80 89.89 +0.08 93.61 £0.09 71.344+0.04 70.70+0.30 41.59+1.33 41.71 +£0.98
Arch2Vec-BO [Yan et al., 2020] 12000.00 91.41+0.22 94.18+0.24 73.35+0.32 73.37+0.30 46.34+0.18 46.27+0.37
FairNAS [Chu et al., 2021] 9845.00 90.97+0.57 93.23+0.18 70.94+0.94 71.004+1.46 41.09+1.00 42.19+0.31
RMI-NAS [Zheng et al., 2022] 1258.21 91.44+0.09 94.28+0.10 73.38+0.14 73.36+0.19 46.37+0.00 46.34 +0.00
Jacob_cov [Mellor et al., 2021] - 89.69 £ 0.73 92.96 +£0.80 69.87 +1.22 70.03+1.16 43.99 +2.05 44.43 +2.07
Mag [Tanaka et al., 2020] - 89.94+0.34 93.35+0.04 70.18+£0.66 70.47+0.19 42.57+2.14 43.24+1.18
CAP (Average) 15.65 91.54 +0.10 9434 +£0.06 73.41+0.17 73.41+0.22 4647 +0.07 46.44 +0.36

CAP (Best) - 91.61 94.37 73.49 73.51 46.56 46.73

Optimal - 91.61 94.37 73.49 73.51 46.73 47.31

Table 4: Comparison with other NAS methods on CIFAR-10, CIFAR-100, and ImageNet16-120 using the NAS-Bench-201 search space.
The average searching cost and classification accuracy of the top-1 searched architecture are reported.

On NAS-Bench-201, we follow the settings in [Dong and
Yang, 2019a] for a fair comparison with the baselines. Specif-
ically, 50 annotated architectures are randomly chosen to train
the predictor, and the predictor afterwards evaluates all the ar-
chitectures in the search space. The best performance of the
top 50 evaluated architectures is reported as the search result.
As demonstrated in Table 4, our method can complete the
searching within 16 seconds, consuming over 80X less than
the time of baselines. At the same time, the best architecture
we search for exceeds the competitors in terms of accuracy.
These extraordinary results can be attributed to the sufficient
prior knowledge that the predictor learns in advance through
the context-aware self-supervised task. Meanwhile, the ap-
plied searching strategy leverages the ranking capability of
the predictor and thus dramatically cuts the searching cost.

The evaluation strategies during the search can be roughly
divided into conventional training-based strategies like rein-
forcement learning and training-free strategies like zero-cost
proxies. It can be observed from Table 4 that the former tend
to discover architectures with stable performance on different
independent runs at the price of enormous searching costs.
While the latter are sensitive to varied settings and therefore
result in a huge discrepancy of search results across the runs.
Compared With them, the CAP method achieves the most bal-
anced results on CIFAR-10, CIFAR-100, and ImageNet16-
120 and the searched architectures achieve state-of-the-art
performance, further verifying the positive effects of the pro-
posed context-aware self-supervised task.

4.4 Searching on Open Domain Search Space

To search for well-performed CNNs in the DARTS search
space, we follow the main procedures in CATE [Yan et al.,
2021]. Despite the massive available architecture perfor-
mances in the NAS-Bench-301, their accuracy can be inac-
curate for they are predicted by a surrogate model trained on
60k architectures. Consequently, we choose to train the ar-
chitectures from scratch to obtain reliable annotated data for
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Method P(M) Best Acc.(%) Average Acc.(%) Cost
NASNet-A [Zoph et al., 2018] 33 97.35 - 1800
ENAS [Pham et al., 2018] 4.6 97.11 - 0.5
DARTS [Liu et al., 2018] 33 - 97.24 £ 0.09 4
NAO [Luo et al., 2018] 10.6 97.50 - 200
GATES [Ning et al., 2020] 4.1 97.42 - -
Arch2Vec-BO [Yan er al., 2020] 3.6 97.52 97.44 £ 0.05 100
BONAS-D [Shi et al., 2020] 33 97.57 - 10.0
NAS-BOWL [Ru et al., 2020] 3.7 97.50 97.39 £ 0.08 3
BANANAS [White ef al., 20211 3.6 - 97.33 £0.07 11.8
CATE [White et al., 2021] 35 97.45 £ 0.08 33
CTNAS [Chen et al., 2021a] 3.6 - 97.41 £0.04 0.3
TNASP [Lu et al., 2021] 3.6 97.48 97.43 £0.04 0.3
NPENAS-NP [Wei er al., 2022] 3.5 97.56 97.46 £0.10 1.8
NAR-Former [Yi et al., 2023] 3.8 97.52 - 0.24
CAP 33 97.58 97.46 + 0.09 33

Table 5: Comparison with other NAS methods on CIFAR-10 using
the DARTS search space. Search cost is measured by the GPU Days.

the predictor. Specifically, we randomly choose 100 archi-
tectures in the DARTS and then train them from scratch to
construct the architecture-performance pairs as training sam-
ples. For each candidate architecture, the epoch number is set
to 50 with a batch size of 96. As for the searching method,
we sample 100k architectures at random in the DARTS search
space and they are afterwards evaluated by our trained predic-
tor. After that, we select the architectures with top-3 predicted
performance as the search results and re-train them with com-
mon DARTS strategies. The search results on CIFAR-10 are
reported in Table 5.

For a fair comparison, we report the average test accuracy
of the top-3 architectures along with the best accuracy. The
first row shows the performance of well-known NAS meth-
ods, and predictor-based NAS methods are placed in the sec-
ond row. It can be observed that CAP obtains the best ac-
curacy of 97.58% and the average accuracy of 97.46%, out-
performing all the others with the least model parameters of
3.3M. More detailed experimental settings for the proposed
pretext task and the performance evaluation are reported in
the supplementary materials.
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4.5 Ablation Study

We conduct ablation studies on the proposed CAP in terms of
different hyperparameters using the NAS-Bench-101 search
space. S = {S51,52,53,54, 55} denotes the data splits in
Tablel. The Kendall’s Tau values of predicted accuracy of
architectures are reported. We also compare the searching re-
sults of CAP with/without pre-training in the supplementary
materials.

Fine-tuning Methods. We train the predictor from scratch
to compare it with the pre-trained versions. Furthermore, we
explore two different fine-tuning methods for the pre-trained
predictor, and the results are shown in Figure 3(a). It’s ob-
served that the pre-trained predictor is greatly enhanced when
the encoder and the regression model are jointly fine-tuned
(e.g., partial fine-tuning and full fine-tuning method). This
can be credited to the rich contextual information introduced
from architectures through the context-aware self-supervised
task. The decoder-only fine-tuning method performs poorly
because the encoder keeps frozen and lacks supervision from
annotated architectures when fine-tuning, whose results are
included in the supplementary materials. We also discover
that the partial fine-tuning method achieves better perfor-
mance than the full fine-tuning method because of a faster
convergence rate.

Loss Functions. We adopt MSE loss and BPR loss for
training the predictor in the fine-tuning stage. According to
Figure 3(b), the predictor trained by BPR loss achieves bet-
ter ranking results across various training data splits. We at-
tribute this to its emphasis on the relative ranking of architec-
tures rather than their absolute performance valves.

Number of Encoder Layers. We investigate the number
of layers L in the GIN encoder for the predictor and report
the ranking results in Figure 3(c). The optimal number L
is three and deeper GIN leads to the decrease in predictor
performance.

Hyperparameters in Pre-Training Task. In the proposed
context-aware self-supervised task, the choice of K and R
also has effects on the ranking results of the predictor. They
are summarized in Figure 3(d). We find that the ranking per-
formance is satisfactory when the central subgraph in each
architecture and the corresponding context graphs share only
a few overlapping nodes (i.e. K =1, R = 2).

4.6 Visualization of Architecture Representation

To demonstrate the effectiveness of the proposed context-
aware self-supervised task directly, we visualize the represen-
tations of architectures generated by the pre-trained CAP and
the baseline predictor using the t-SNE tool [Van der Maaten
and Hinton, 2008] in Figure 4. For the pre-trained CAP, ar-
chitectures with close performance are embedded into nearby
representations and the predictor could therefore rank archi-
tectures precisely using only a few annotated architectures.
Instead, the baseline predictor fails to group architectures
with similar performance well. This discrepancy is consis-
tent with the results in the last section where the pre-trained
CAP outperforms the baseline predictor. It also reflects that
the proposed context-aware self-supervised task has positive
impacts on enhancing the neural predictor.
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Figure 3: Results of Ablation study with different data splits. The
Kendall’s Tau of 5 independent runs is calculated.
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Figure 4: Visualization results of architecture representation from
the pre-trained CAP (left) and baseline predictor (right). Both pre-
dictors are trained with 100 annotated architectures. We randomly
sample 20,000 architectures to display their average test accuracy in
each small area. Different colors denote architectures with different
test accuracy.

5 Conclusion

In this paper, we propose CAP with a context-aware self-
supervised task, which leverages the rich contextual infor-
mation among unlabeled architectures. The pre-trained pre-
dictor can produce expressive and generalizable representa-
tions of architectures, thus requiring fewer annotated sam-
ples. Through extensive experiments conducted on NAS-
Bench-101, NAS-Bench-201 and DARTS search spaces, the
proposed CAP outperforms peer neural predictors in terms of
both relative ranking and searching for well-performing ar-
chitectures. The ablation studies further verify the effective-
ness of the context-aware self-supervised task. CAP offers
a promising direction for the predictor-based NAS methods.
In the future, we will explore more self-supervised tasks for
neural predictors on search spaces composed of larger units
instead of cell-based ones.
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