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Abstract—Recently, neural architecture search (NAS) has
emerged as a technique of growing concern in automatic machine
learning (AutoML). Meanwhile, attention-based models, such
as attention-based recurrent neural network, transformer-based
model, etc., have been widely used in deep learning applications.
However, there is no efficient NAS method that can search
the architecture of attention-based model so far. To solve this
problem, we propose a framework named neural architecture
search for attention-based networks (NASABN) by abstracting
attention-based models and extracting undefined parts of the
model, including the attention layers and cells. NASABN is
flexible and general enough to fit different NAS methods, which
can also be transferred across different datasets. We conduct
extensive experiments with NASABN using gradient descent-
based methods like DARTS on Penn Treebank (PTB) and
WikiText-2 (WT2) datasets respectively, and achieve competitive
performance compared with the state-of-the-art methods.

Index Terms—neural architecture search, recurrent neural
network, language modeling, attention-based model

I. INTRODUCTION

In recent years, the application of deep learning in various
fields has made significant breakthroughs, such as natural lan-
guage processing (NLP) and computer vision (CV). Different
architectures [1]–[4] are proposed for improving performance.
Novel neural architecture plays an important role in this
development [5], [6]. However, neural architectures are cur-
rently designed primarily by human experts, just like features
designed by human experts before deep learning, which is
an extremely time-consuming task that requires much expert
knowledge. Therefore, NAS has attracted great attention.

Many NAS methods have been proposed. Many works
[7]–[13] have tried different NAS methods, including ran-
dom search, Bayesian optimization, evolutionary algorithm,
reinforcement learning, and gradient-based methods. In re-
cent years, attention-based models [4], [14], [15] are on the
rise, which have been proved to achieve better performance.
However, these above NAS methods only conduct architecture
search for classic recurrent neural networks (RNNs) or convo-
lutional neural networks (CNNs). So far, architecture search
for attention-based neural networks has been rarely studied.

In our work, a neural architecture search framework for
attention-based networks is proposed, which applies the ex-
isting NAS methods like ENAS, DARTS into our proposed
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framework to search the attention-based neural architecture.
We mainly introduce how to extend DARTS [13] to conduct
architecture search for attention-based RNN. This framework
can be applied for different attention-based networks using
different search methods, which is thereby flexible and general.

In our experiments, as previous works [7], [8], [13], we use
language modelling task to evaluate the discovered architecture
of attention-based RNN. Our work discovers a recurrent cell
with 9 nodes, which achieves a competitive result (test per-
plexity of 56.5 on PTB and test perplexity of 71.8 on WT2),
which outperforms some models and reduces computational
complexity.

In summary, our contributions are as follows:

• We propose a general neural architecture search frame-
work for attention-based networks. Specifically, we in-
troduce DARTS method into the framework to search
attention-based RNN architecture.

• We achieve competitive results (test perplexity of 56.5)
on PTB compared to existing methods. Meanwhile, we
also achieved test perplexity of 71.8 on WT2.

• We find a problem of DARTS that it tends to select the
operations that need not learn, and we suggest to use
phased training to solve the problems.

II. RELATED WORK

A. Grid Search

Grid search is the most traditional method for hyper-
parameter optimization 1. Grid search [16] is the method
that divides the whole space of hyper-parameters into grids,
then trains the model for all values on the grid for the best
hyper-parameters. To avoid bad points of the space of hyper-
parameters, Reference [17] proposed coarse grid search first,
and then use fine grid search in a better region. Besides, a
contracting-grid search [18] is proposed, i.e., on the better
point of the old grid, creating a new grid that reduces to half
of the size of the old one.

B. Random Search

Random Search is the method that selects a set of hyper-
parameters at random to verify whether it is a better one.

1Neural architecture is regarded as a special hyper-parameter. Hyper-
parameter optimization can be used into NAS.
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Random search [8], [13], [19] has been proved to be a common
and efficient method.

C. Reinforcement Learning Based Methods

The first NAS method [7] is based on reinforcement learn-
ing, which uses an RNN trained by reinforcement learning
to generate neural architecture. Almost at the same time,
MetaQNN [20] was introduced, which trains the learning agent
to sequentially choose CNN layers by Q-learning with an ε-
greedy exploration strategy and experience replay. Searching
for the whole architecture is difficult and time-consuming.
Some cell-based methods were proposed, such as NASNet
[9], ENAS [8], and BlockQNN [21]. The difference is that
the cell architecture is searched firstly, and then they stack
multiple cells to form the whole network.

D. Evolutionary Algorithm Based Methods

Evolutionary algorithm takes inspiration from biological
evolution. Genetic CNN [22] uses binary encoding scheme to
represent the neural architecture and Russian roulette process
for selection. To represent the variable-length architecture, a
Cartesian genetic programming encoding scheme [23] is pro-
posed for representation, which uses the modified (1+λ) evo-
lutionary strategy; others are the same as standard Cartesian
genetic programming. [24] encodes the neural architecture as
a graph, in which vertices represent tensors or activations and
edges represent neural connections. Its DNA encoding mutates
on a predefined set that changes the graph, and then they use
tournament selection. A novel hierarchical encoding scheme
[25] was introduced, which imitates the modularized design
pattern commonly adopted by human experts. Tournament
selection has been widely applied for selection, such as [11],
[25], [26]. Furthermore, tournament selection was improved by
introducing an age property to favour the younger genotypes
[11].

E. Bayesian Optimization

Different from grid search, random search, and evolutionary
algorithom based search, Bayesian optimization takes advan-
tage of the historical information of the settings of hyper-
parameters by a probability model of the objective function.
Bayesian optimization is divided into three categories accord-
ing to the probability model, including Random Forests [27],
Gaussian Processes [28], and Tree Parzen Estimators [29].
Gaussian processes-based model is the most commonly used.
To accelerate hyper-parameter optimization, a Bayesian opti-
mization procedure [30] called FABOLAS was constructed, in
which loss and training time are defined as the functions of
dataset size, and it automatically trades off high information
gain about the global optimum against computational cost.
A practical hyper-parameter optimization method [31] was
proposed for combining the benefits of both Bayesian opti-
mization and bandit-based methods to balance two aspects,
i.e., strong performance and fast convergence.

F. Gradient Descent Based Methods

Reference [32] suggested to directly compute exact gra-
dients of cross-validation performance concerning all hyper-
parameters by chaining derivatives backward through the en-
tire training procedure. A fabric [33] was proposed, which
embeds an exponentially large number of architectures. The
fabric consists of a 3D trellis that connects response maps
at different layers, scales, and channels with a sparse ho-
mogeneous local connectivity pattern. A continuous hyper-
parameter optimization algorithm using inexact gradient in-
formation was proposed in [34]. An approach in [35] uses
residual blocks as the modular components, predefines the
input connections and aggregation pathways of each branch,
and uses gates to determine the final connectivity. A method
in [36] transforms a discrete neural network architecture
space into a continuous and differentiable one, which enables
the use of standard gradient-based optimization techniques.
Inspired by the above works, DARTS [13] uses the continuous
relaxation of the architecture representation by placing a
mixture of candidate operations on each edge, which allows
to efficiently search architectures using gradient descent for
RNN and CNN. Differentiable Hyper-Parameter Grid Search
and Hyper-Cuboid search space [37] were proposed for more
general parameter optimization.

Our work is significantly different from the above works.
We proposed a general framework for searching architectures
of attention-based networks rather than a specific search
method, while the above works just propose NAS methods
for classic RNN and CNN. The NAS search methods can
be used in our framework to achieve the architecture search
of attention-based models. Since DARTS is a widely used
baseline, we only use it as a NAS method in our framework
for verification.

III. METHODOLOGY

A. Attention Based Network Search

The related works [7], [8], [13] regard the NAS task as
searching architecture parameter α for network connectivity
and types of operations on connections. The goal of the NAS
task is to find the best architecture parameter α∗, which can
be formulated as an optimization problem:

α∗ = argminα Lval(α,w
∗(α)). (1)

Considering that attention-based networks are the classic
RNNs or CNNs combined with the attention layer, we propose
a general framework for all attention-based networks as illus-
trated in Fig. 1. The architecture α′ = {α, αatt} of attention-
based networks depend on two aspects: the neural architecture
parameter α and the attention type parameter αatt. The goal
of NAS task changes to find the best architecture parameter
α′∗. The optimization problem (as shown in Formula (1)) can
be rewritten as

α′∗ = argminα′ Lval(α, αatt, w
∗(α, αatt)). (2)

There are two options of the framework:
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Fig. 1. The architecture of the attention-based model. This also is the
graphical description of the neural architecture search framework for attention-
based networks. All non-solid lines are undefined, including the cells and
the attention layers. During architecture search, we only concern about the
undefined parts exposed from the black box.

• If the attention layer is defined, the whole architecture is
definite;

• If the attention layer is not defined, the type of attention
layer can be learned together with cell architectures.

For simplification, we take attention-based RNN as an
example of our framework in detail.

Following the attention-based model [14], we represent an
RNN with attention layers as shown in Fig. 2. Furthermore,
the existing NAS methods, including the methods mentioned
in the related works, can be easily applied to our framework.
When the attention layer is not defined, the choice of attention
should be converted to the corresponding search space and
learned together with the cell architecture in the same way.

In this work, we apply DARTS into our framework as
follows. To search attention based RNN, we convert the
choices of attention to continuous space using the parameter
αatt ∈ Rnatt that implies the type of attention, where the
candidate attention layer can include simple global attention
without learnable parameters, masked multi-head self-attention
layer, and others. natt is the number of types of attention. It is
noted that αatt is learned in the same way as other architecture
parameters α. This can be formulated as

oatt =

natt∑

i

exp(αi
att)∑

j exp(α
j
att)

Atti(RNN(xn
1 )). (3)

At the end of the training, we get the best attention Att∗ =
Atti where i is the position of maximum in αatt, i.e.,

i = argmaxi α
i
att. (4)

B. Cell Architecture Search

Following the previous NAS methods [9], [11], [13], we
search the neural cell as the block of the whole architecture.

Cell Cell Cell Cell

Attention Layer

RNN

Fig. 2. The architecture of attention-based RNN. The current cell receives
the output of the previous cell and feature representation at the current time
step as inputs. The outputs of all cells are sent to the attention layer to get
the prediction at each time step.

The whole architecture is introduced in the previous subsec-
tion. The architecture of attention-based RNN is shown in
Fig. 2.

RNN cell regards the hidden state of the previous time step
and the input feature vector of the current time step as the
inputs, and then generates the hidden state of the current time
step as the output. As shown in Fig. 2, the searched cells
are connected over time steps to form the RNN; and then an
attention layer is stacked on the last layer of RNN.

As shown in Fig. 3, we represent a cell as a directed acyclic
graph (DAG) consisting of an ordered sequence of N nodes.
In the DAG, each node i represents a feature representation ri,
such as a feature vector. Each directed edge (i, j) represents
a mixed function f(i,j) that transforms ri. Each intermediate
node can be computed using all of its predecessors, i.e.,

rj =
∑

i<j

f(i,j)(ri), (5)

where f(i,j) is the weighted sum of all possible functions

f(i,j)(ri) =
∑

f∈F

exp(αf
(i,j))∑

f ′∈F exp(αf ′
(i,j))

f(ri). (6)

αf
(i,j) is the architecture parameter for the function f on

the edge (i, j). F is the candidate function set for RNN,
which contains 5 functions: (1) zero operation; (2) identity
mapping; (3) linear transformation followed by tanh activation;
(4) linear transformation followed by sigmoid activation; (5)
linear transformation followed by relu activation.

C. Differentiable Method

We search architectures by learning a set of continuous
variables α′ that converts discrete search space to continuous
search space. To jointly learning the architecture α′ and the
weights w using gradient descent, this is regarded as a bi-level
optimization problem,

minα′ Lval(w
∗(α′), α′) (7)

s.t. w∗(α′) = argminw Ltrain(w,α
′), (8)

where Ltrain and Lval are the training and validation loss
respectively, which are hard to be optimized.

We use the approximation scheme and the one-step unrolled
learning objective [13] to accelerate the optimization, as shown
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Fig. 3. Search space of the RNN cell. The function on each edge is unknown
initially. Each edge is a function that is the weighted sum of each one in
the candidate functions F . After completing architecture search, the function
on each edge is determined using the most likely functions, i.e., f(i,j) =

argmaxf∈Fαf
(i,j)

.

in Algorithm 1. At the end of the training, we greedily
choose the most possible set of operations and get the final
architecture.

Algorithm 1 Gradient-Based Architecture Search
Create the whole architecture using the cell with mixed
functions on edges.
while not converged do

Update architecture α′ by gradient descent:
∇α′Lval(w − ξ∇w(w,α

′), α′)
Update weights w by gradient descent:

∇wLtrain(w,α
′)

end while
Derive the learned architecture based on the α′ greedily.

IV. EXPERIMENTS

To explore our architecture search framework, we use
language modelling task to evaluate searched attention-based
RNN. We search architectures on PTB corpus, and evaluate the
architecture on PTB and WT2. All our models are trained on
a server with Intel(R) Xeon(R) CPU E5-2640 v4 @ 2.40GHz
and NVIDIA TESLA P100 16GB GPUs.

A. Datasets

a) Penn Treebank (PTB): PTB [38] is the portion of the
Wall Street Journal corpus. We preprocess PTB following [39].
PTB corpus consists of over 1M words (including 929,589
words in the training set, 73,760 words in the validation set,
and 82,430 words in the test set), and the vocabulary size is
10,000. PTB is commonly used in language modelling task.

Fig. 4. Search process of NASABN and DARTS on PTB. We train NASABN
and DARTS with 50 epochs on PTB respectively and evaluate the discovered
architectures per 10 epochs. The evaluation method is to retrain the discovered
architectures with 300 epochs on the training set. Architecture search run three
times, i.e., 2 models×3 runs×6 evaluations/(model·run) architectures
are evaluated. For each run, we report the best valid perplexity over epoch.

x_{t}
0

h_{t-1}
1sigmoid

2identity

4identity
h_{t}

3relu

5identity

Fig. 5. The RNN cell learned on PTB.

b) WikiText-2 (WT2): WT2 [40] was constructed using
text extracted from Wikipedia. The vocabulary size is 33,278.
The training set contains 600 articles with 2,088,628 tokens.
The validation set contains 60 articles with 217,646 tokens.
The test set contains 60 articles with 245,569 tokens.

B. Architecture Search

The cell of RNN consists of N = 9 nodes (i.e., 2 input
nodes, 6 intermediate nodes, and 1 output node). Following
ENAS [8] and DARTS [13], the first intermediate node is
obtained by summing over the linear transformations of the
two input nodes and then using a tanh activation function on
it. Other intermediate nodes are calculated by learned edges or
functions. All the intermediate nodes, except for the first one,
are averaged and sent to the output node. As in ENAS and
DARTS, we use the highway technology for each function,
and batch normalization for each node to prevent gradient
explosion. The cell is applied in the whole architecture as
Fig. 2. For simplification, we only use the single layer with
the cell and the definite attention layer that use global dot
attention [48].

In our experiments, the hyper-parameters setting on PTB
is the same as DARTS. Both embedding and hidden sizes
are set to 300 for training in a single GPU. The model is
trained for 50 epochs with batch size of 256, BPTT length
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TABLE I
COMPARISON WITH DIFFERENT LANGUAGE MODELS ON PTB.

Architecture
Perplexity Params Search Cost

valid test (M) (GPU days)a

LSTM + att + select + entropy [41]b - 131.4 - -
RMN [42] - 123.3 - -
RMR [42] - 134.3 - -
Variational RHN [43] 67.9 65.4 23 -
LSTM [39] 60.7 58.8 24 -
LSTM + skip connections [44] 60.9 58.3 24 -
LSTM + 15 softmax experts [45] 58.1 56.0 22 -
NAS [7] - 64.0 25 104 CPU days
ENAS [8] 60.8 58.6 24 0.5
DARTS (first order) [13] 60.2 57.6 23 0.13
DARTS (second order) [13] 58.1 55.7 23 0.25
GDAS [46] 59.8 57.5 23 0.4
Random search baselinec 60.3 57.8 18 2
NASABN (first order) 58.9 56.5 18 0.15
aDifferent from DARTS [13], search cost here is the time it takes to run a

single search, which does not include the cost of architecture evaluation.
bIn this model, att denotes the attention; select denotes the memory selection

mechanism; entropy denotes the entropy regularization.
cThe best architecture among 8 samples according to the validation perplexity

after 300 training epochs.

TABLE II
COMPARISON WITH DIFFERENT LANGUAGE MODELS ON WT2.

Architecture
Perplexity Params Search Cost

valid test (M) (GPU days)a

LSTM + augmented loss [47] 91.5 87.0 28 -
LSTM [39] 69.1 66.0 33 -
LSTM + skip connections [44] 69.1 65.9 24 -
LSTM + 15 softmax experts [45] 66.0 63.3 33 -
ENAS (searched on PTB) [8] 72.4 70.4 33 0.5
DARTS (searched on PTB) [13] 71.2 69.6 33 0.25
GDAS (searched on PTB) [46] 71.0 69.4 33 0.4
NASABN (searched on PTB) 75.0 71.8 30 0.15
aSearch cost is consistent with Table I.

of 35, gradient clipping of 0.25. Two optimizers are used
to optimize architecture parameter α′ and model parameter
w respectively. The optimizer for architecture parameter opti-
mization is Adam with initial learning rate of 3×10−3, weight
decay of 10−3, momentum β = (0.9, 0.999). The optimizer
for model parameter optimization is SGD without momentum,
with learning rate of 20, weight decay of 5×10−7. Besides, for
regularization, we apply variational dropouts of 0.2 to word
embeddings, 0.75 to the cell input, 0.25 to all the hidden
nodes, a dropout of 0.75 to the output layer, and slowness
regularization of 0.001 on RNN activation. The training takes
less than 4 hours on a single P100 GPU.

C. Architecture Evaluation

To evaluate the final architectures, we retrained the
attention-based RNN with the discovered cell as shown in
Fig. 5 on train sets of PTB and WT2 respectively. It is noted
that batch normalization is disabled during architecture evalua-
tion. Because of initialization sensitivity according to DARTS
[13], we search architecture three times with different random
seeds as shown in Fig. 4. Then we report the architecture of

which final valuation performance is the best (Fig. 5) for PTB
and list test performance for PTB and WT2.

a) Evaluation on PTB: The attention-based RNN is
trained with batch size of 64 using averaged SGD (ASGD),
with learning rate of 20 and weight decay of 8 × 10−7.
Following DARTS, we start with SGD and trigger ASGD
using the same protocol. Both embedding and hidden sizes
are set to 850; the token-wise dropout on the embedding layer
is set to 0.1. Other hyper-parameters are the same as those
for architecture search. The training takes 9 days on a single
P100 GPU.

b) Evaluation on WT2: Except that embedding and hid-
den sizes are set to 700, weight decay is set to 5× 10−7, and
variable dropout is set to 0.15 for hidden nodes, other hyper-
parameters are the same as those for architecture evaluation
on PTB. The training takes 9 days on a single P100 GPU.

D. Results Analysis

The search process of NASABN is shown in Fig. 4. To
compare with DARTS, we also show the search process of
DARTS using the code provided by [13]. Although the initial
points of NASABN are worse than those of DARTS, its per-
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plexity can effectively decrease later. NASABN is sensitive to
initialization. The discovered cell architecture for the attention-
based network is shown in Fig. 5.

The experimental results on PTB are reported in Table I.
NASABN achieves test perplexity of 56.5 on PTB, which
is better than most manually designed and automatically
searched architectures (including the searched architecture
randomly in our search space). Our random search baseline
model has almost the same performance as DARTS using
first order optimization method, which shows that our search
space is competitive to the search space of DARTS. Noted
that our model has fewer parameters and less cost due to
fewer intermediate nodes of which the size remains unchanged
instead of the framework itself. This is because NASABN
introduces attention mechanism, which reduces the complexity
of the model. The experimental results prove the effectiveness
of NASABN.

Table II shows the result of the transferred model from PTB
to WT2. The model achieves test perplexity of 71.8 on WT2,
which is not a good result. The main reason is that we utilize
the first order optimization method, which has no advantage
over second order optimization. In addition, PTB and WT2
have different distributions of linguistic phenomena and dif-
ferent numbers of words. Directly searching the architecture
on the task of interest is an appropriate solution.

During architecture search, we obtain the similar finding
in the previous works [6], [49] that DARTS tends to learn
the operations that need not learn, such as zero operation for
RNN, zero operation and pooling operation for CNN. In the
initial stage when the weights are randomly initialized, these
operations have greater advantages than those with learnable
weights, which is because those operations with learnable
weights have not learned useful feature representations yet.
We recommend a phased training to solve this problem, i.e. in
the first stage, the mixed network is trained for a suboptimal
network, and in the second stage, the architecture is searched
in the suboptimal network.

V. CONCLUSION AND FUTURE WORK

We proposed a general neural architecture search frame-
work called NASABN for attention-based networks, which
can search the attention layers of the model in the same
way as cell architecture search. We can apply different NAS
methods in the framework to search the optimal architecture
of attention-based networks. The experimental results and
analysis on different datasets demonstrate the effectiveness of
our proposed framework.

There is some future work to be continued. For example,
DARTS tends to learn some operations that need not learn.
Phased training is a good method to avoid this problem.
Furthermore, we will try to apply other NAS methods into our
framework to observe their performance. Another interesting
work is to explore our framework to search the architecture of
other attention-based networks like transformer-based models.
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