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Introduction

Deep Neural Network has been successfully applied to computer vision problems with convolutional neural
network (CNN), speech recognition problems with Long Short Term Memory (LSTM) networks. The choices
of hyperparameters for neural network architecture still requires expert opinions; in this project, we would
like to explore ways to alleviate the pain of hyperparameters search by hand.
Recently, there have been effort to use machine learning techniques to perform hyperparameter search.
In Zoph and Le (2016), the authors use a recurrent neural network to output parameters for convolutions
filter across consecutive layers in the CNN. In Li and Malik (2016), the authors uses reinforcement learning
to choose gradient search algorithms across different epoches during training. In this project, we compared
these approaches with traditional discrete/combinatorial optimization techniques.

1.1

Related Work

The first use of recurrent network as a general policy network to sample neural network architecture appeared
in Zoph and Le (2016); they authors followed up Zoph, Vasudevan, et al. (2017) to search Inception-like
network architectures. In Baker et al. (2016), the authors used a similiar approach while adding model
complexity to the objective function as a constraint. In Cortes et al. (2016), the authors proposed a structure
learning algorithm with theoretical guarantee on convergence. Since then, there have been active research
in this area (Andrychowicz et al. (2016), He et al. (2016))
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Methods

2.1

Generating Convolutional Architecture with Recurrent Neural Network

Consider a feedforward network with only convolutional (conv) layers. For each layer indexed by i, we
have three hyperparameters, filter height hi , filter width wi and number of filters ni . The choice of each
parameters are largely decoupled and we can model the decision process as a discrete time, finite horizon
Markov Decision Process. Assume at step T , the maximum number of layers is T and
1. State: xt := {(hi , wi , ni ) for 1 ≤ i ≤ t − 1} ∈ N3×(t−1) .
2. Action: at = (ht , wt , nt ) ∈ N3 .
3. Reward: Only a single terminal reward R is considered, which is the accuracy of the network with
conv layers, specified by xT , on a test dataset with the appropriate softmax layers.
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We maintained stochastic policy π(at |xt ; θ), parametrized by θ ∈ Rn , which is constantly updated to
approximate the optimal policy π ∗ . Note that the state dimension increases linearly with number of actions
taken so far; to combat this, we assume there exists an efficient embedded of xt in Rm h(xt ) ∈ Rm for some
fixed m ∈ N, and the function f (at |xt ; θ) ≈ π(at |h(xt ); θ) : Rm × A × Rn → R can thus be encoded with a
recurrent network. Following Zoph and Le (2016), we discretize the action into four bins and let the output
of recurrent network be activated by a softmax layer, thus f (at |h(xt ); θ) gives the probability of choosing
one of the four discrete values. This can be understood as sampling the network parameters at different
frequency, as opposed to, say uniformly at random by random search.

2.2
2.2.1

Long-Short-Term-Memory Network
Model Description

ft (θ) is modeled as a two-layer Long-Short-Term-Memory (LSTM) network. Its output yt ∈ RNh ×RNw ×RNc
is the predict probability of filter height, ht , filter width wt , and number of channels nt at t-th convolution
layer of the feedforward convolutional network. That is, our controller predicts in this order: filter height in
1-st layer, filter width in 1-st layer, number of channels in 1-st layer, filter height in 2-nd layer, filter width
in 2-nd layer, number of channels in 2-nd layer and so on, see Fig. 1. Assume there are Nh , Nw , Nc choices
for filter height, filter width, and number of channels respectively, then this becomes a classification task.
As an example, we can choose filter height or filter width from {1, 3, 5, 7}, and number of channels from
{16, 32, 64, 128} according to the corresponding predicted probability yt of the LSTM controller. The model
is
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ht,α = xt,α , yt,h = xt,w , yt,w = xt,c , yt,c = xt+1,h

where j = 1, 2 is either first or second layer LSTM, t is the t-th convolution layer, parameter α = h, w, c
(j)
(j)
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is either filter height, filter width or number of channels, it,α , ft,α , ot,α are input, forget and output gates,
(j)
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ct,α is the state cell, ht,α is the hidden state, yt,α is the predicted probability distribution of Nα choices of
parameter α i the t-th layer.
(0)
(1)
ht,α = xt,α implies the output of the first LSTM layer is the input of the second LSTM layer. yt,h =
xt,w , yt,w = xt,c , yt,c = xt+1,h implies previous step’s output is the input of next step’s input. We set the
initial input of filter height in the 1-st layer x1,h as (1/Nc , 1/Nc , · · · , 1/Nc ).
Deep neural networks are usually hard to train, because of the vanishing gradient problem. ResNet (He
et al. (2016)), with a shortcut at each layer, provides an easy way to solve the vanishing gradient problem
and won the 1st place on the ILSVRC 2015 classification task. Since shortcuts in network architecture have
already achieved successes, we allow skip connection in the LSTM controller and sample if a previous layer
j has connection with current layer i.
P (Layer j is an input to layer i) = sigmoid(v T tanh(Wprev hj + Wcurr hi ))
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Figure 1: Long Short-Term Memory Controller to generate Convolutional Neural Networks with skip connections. This allows us to search among all possible feedforward network as well as residual network.
2.2.2

Training LSTM controller with REINFORCE

When the maximum number of layers is T , in each epoch s, we have the probability distribution of filter
height, width, number of channels and skip connection in epoch s is
T

Ps = (y1,h , y1,w , y1,c , y2,h , y2,w , y2,c , y1→2 , · · · , yT −1→T )T ∈ [0, 1]3T +( 2 )
from the LSTM controller. We sample K models from the the probability distribution Ps , denoted as
(ak,1,h , ak,1,w , ak,1,c , ak,2,h , ak,2,w , ak,2,c , · · · ) , (ã1 , ã2 , ã3 , ã4 , ã5 , ã6 · · · , ã3T +T (T −1)/2 ) (there are T (T − 1)/2
skip connection probabilities when max number of layers is T ), where k is the k-th model, and ak,t,α is the
value of parameter α in t-th layer in k-th CNN model. For each CNN model, the reward R is defined as the
accuracy after we train the models for n epochs. The reward for the LSTM controller is
J(θc ) = EPs ,θc [R] = EP (ã1:3T +T (T −1)/2 ;θc ) [R]
where θc represents all parameters in the LSTM controller. We can replace the population reward by the
empirical rewards for the LSTM controller,
ˆ =
J(θ)

K
X

Rk

k=1

We use REINFORCE rule in policy gradient method from Williams (1992) to approximate the gradient
of objective function,
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[∇θc logP (ãt |ãt−1:1 ; θc )R]

The empirical approximation via Monte Carlo methods is
T
K 3T +( 2 )
1 X X
∇θc J(θc ) =
∇θc logP (ãt |ãt−1:1 ; θc )Rk
K
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Finally, we use vanilla gradient descent to update θc given ∇θc J(θc ):
θc := θc + γ∇θc J(θc )
3
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Experimental Results

The gradient descent algorithm for our LSTM controller is typically applied when ther are many observations
of state action transition pair (st , at , st+1 , rt+1 ), often in the magnitude of millions. Due to constraints of
training on a single GPU, we could only sample convolutional neural network in the low thousands.We device
the following scheme in our experiments:
1. We implemented REINFORCE algorithm for LSTM controller and tested it with linear bandit problem
first, similiar in Wang et al. 2016.
2. We coupled the LSTM controller with convolutional network on MNIST and CIFAR-10 datasets. We
train the controller for 20 epochs; in every epoch, 40 different neural network architectures are sampled.
In total, 800 different network architectures are sampled and we compared its performance with random
search strategy in the same parameter space.
3. On MNIST, we used regularized loss with weight decay 0.001 with Adam optimizer with learning rate
0.01 and trained for two epochs. On CIFAR-10, we used regularized loss with weight decay 0.001
with Adam optimizer with learning rate 0.01 and trained for five epochs. We don not recommend our
setting for CIFAR-10 as typical training epoch should be between 20 to 50.
4. At last, we used response surface methodology (see Section 6.2), to model the validation accuracy as
a function of hyperparameter and it can capture the general trend of larger filter size at earlier layers
and more skip connections are preferred.

3.1

LSTM Controller on Linear Bandit Problem

We experiment with hyperparameters of a two-layer CNN. For each convolution layer, filter height, filter
width and number of channels can choose from [1, 3, 7], [1, 3, 7] and [16, 64, 128]. We study the question:
If there exists an optimal two-layer CNN architecture, can the LSTM controller generate this model with
high probability after training the LSTM controller with some epochs?
In the simulation, we generate models from LSTM controller and simulate the reward (model validation
accuracy) according to model architectures by
R = (1 + u)R1,h R1,w R1,c R2,h R2,w R2,c R1→2

(2)

where Rt,α = r1 1(at,α = 3) + r3 1(at,α = 5) + r3 1(at,α = 7), t = 1, 2, α = h, w is the reward of filter
height or filter width in t-th layer, and Rt,α = r1 1(at,α = 16) + r2 1(at,α = 64) + r3 1(at,α = 128), t = 1, 2,
α = c is the reward of number of channels in t-th layer, and u = U ([−, ]) is to generate some noise in the
reward. If there is a skip connection between layer 1 and 2, the reward is multiplied by a factor R1→2 . The
way to generate reward R has a constraint that (1 + )max(r1 , r2 , r3 )6 max(R1→2 ) ≤ 1.
From our experiments to generate some CNN models and run a few epochs on image classification tasks,
we found that in general when filter height, filter width and number of channels in the CNN model are
larger, and if there is skip connections, the model accuracy after training 5 epochs is generally higher. In
simulation, we set r1 < r2 < r3 and R1→2 > 1, and therefore, the larger the filter height, filter width, or
number of channels, the higher the reward.
In each epoch to train LSTM controller, we generate K = 100 models from
Ps = (y1,f , y1,w , y1,c , y2,f , y2,w , y2,c , y1→2 ) (defined in section 2.2.2). We then generate rewards of these
model from reward function 3.1 with r1 = 0.90, r2 = 0.925, r3 = 0.95 instead of using the model accuracy
from training the CNN model on image classification tasks(it is too computational expensive). We use
the REINFORCE rule 2.2.2 to update parameters in the LSTM controller. After iterating for 500 epochs,
the loss history is Fig. 2a. The history of anchor (skip connection) probability sees 2b. The history of
Ps = (y1,f , y1,w , y1,c , y2,f , y2,w , y2,c ) sees Fig. 2c, 2d, 2e, 2f, 2g and 2h respectively. The reward function
3.1 has largest expected value when filter height is 7, filter width is 7, number of channels is 128 in each
convolution layer and there is a skip connection from layer 1 to layer 2 in the two-layer CNN model.
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The LSTM controller can generate this optimal model with probability almost 1 after training the
LSTM controller for 300 epochs with 100 models in each epoch.

3.2

Coupling LSTM Controller with CNN

On CIFAR-10 datasets, We experimented with max pooling and different optimizer to see if it accelerates
training. It turned out that batch normalization makes a big impact (see Figure 4) and max pooling is
necessary for deeper network to reduce the number of parameter in the softmax layer to avoid hardware
resource exhaustion (see Figure 5). Thus, all convolutional layer have batch normalization and max pooling
by default.

In our experiments, the convolution neural network is constrained to have at most four layers with 6 = 42
possible skip connections. To resolve tensor dimension mismatch, we use the following strategies to build
the network:
1. If a layer has not incoming inputs, its input is the training image.
2. If a layer has not outgoing outputs, its outputs is the softmax layer.
3. If a layer has multiple inputs, they are first padded to the same height and width, then concatenate
into one input.
With validation set accuracy as the metric, we monitor the best models sampled by LSTM controller and
compared it with random search strategy. On the MNIST dataset we could observe a small advantage of
LSTM controller (see Figure 3a) ; on the CIFAR-10 datasets, the best model from random search strategy
could match that from LSTM controller (see Figure 3b). This could be due to insufficient training for each
convolutional network we sampled, as typical CIFAR-10 classifier would require 20 to 50 epoches to achieve
an accracy over 70%.
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Conclusion

In this project, we implemented the neural network hyperparameter search algorithm in Zoph and Le 2016
and tested it on MNIST and CIFAR-10 dataset. Due to resource constraints, we could not observe its
advantage over random search strategy on the CIFAR-10 datasets, but we did see a small advantage on the
simpler classification task, MNIST. In the future, we would like to explore ways to search other types of
hyperparameters.
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Contribution

The code is available from bitbucket repository upon request. Ruoxuan Xiong implemented the LSTM
controller while Lei Lei implemented the convolutional network generator.
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(a) Loss history

(b) Loss history

(c) Filter height in first layer y1,h

(d) Filter height in second layer y2,h

(e) Filter width in first layer y1,w

(f) Filter width in second layer y2,w

(g) Number of channels in first layer y1,c

(h) Number of channels in second layer y2,c

Figure 2: Results from training LSTM controller to generate a two-layer Convolutional Neural Network
with rewards being linear bandits. (update rule: Adam, learning rate: 0.01, weight decay: 0.0001, Rt,α =
(1 + u)(0.901(at,α = 3) + 0.9251(at,α = 5) + 0.951(at,α = 7)), t = 1, 2, α = h, w, u ∼ U (0.9, 1.1), and
Rt,α = u(0.901(at,α = 16) + 0.9251(at,α = 64) + 0.951(at,α = 128)), t = 1, 2, α = c, u ∼ U (−0.1, 0.1)
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(b) Result on CIFAR-10 dataset

(a) Result on MNIST dataset

Figure 3: Random search strategy (dashed line) is used as a baseline model for comparison. This is equivalent
to sample all hyperparameters uniformly at random.
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6.1

Appendix
Effect of Batch Normalization and Max Pooling on Image Classfication Task

Figure 4: Here we show the inclusion of batch normalization layer after relu activation on a 4 layer CNN
with parameters sampled by LSTM controller. The network are run for 20 epochs. The inclusion of batch
normalization accelerate the training considerably, to the extent of overfitting, and justifies our choice of
training only 10 epochs.

Figure 5: Here we show the inclusion of max pooling layer after every two convolution layers on a 4 layer
CNN with parameters sampled by LSTM controller. The network is run for 20 epochs. The inclusion of max
pooling payer shortens the training time considerably (from 41m41s to 13m7s) without affecting training
loss or accuracy too much. For CNN with more than 4 layers, max pooling is necessary to avoid hitting
hardware limit.
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6.2

Responce Surface Methodology to predict reward as a function of hyperparametric with linear bandit problem

Instead of using LSTM controller, we would like to fit a simple response surface model that predict rewards
from all hyperparameters. We use two models, a quadratic model and a two-layer neural network, to
estimate the reward as a function of all hyperparameters. We use the same setting as the simulation for
LSTM controller 3.1. Both models are trained with 200 epochs and each epoch has 100 samples. The loss
histories for the quadratic model and the two-layer neural network are in Fig. 6a and Fig. 6b. Both models
can quickly learn the reward function.
Since filter height, width and number of channels are positively correlated with the expected rewards, we
use the quadratic model and the two-layer neural network to predict the rewards for all possible models, and
regress with the hyperparameters, see Fig. 8a and 8b. We compare the regression results with the results of
regressing the ground truth expected rewards on hyperparameters, see Fig. 7. The regression results using
fitted rewards from quadratic model and two-layer neural network are very close to the regression results
using ground truth rewards. Therefore, both quadratic model and two-layer neural network fit the reward
function very well.

(a) Loss history for quadratic model

(b) Loss history for two-layer neural network

Figure 6: Loss histories of learning the reward function with respect to hyperparameters of the CNN models
with the ground truth reward function being linear bandits. (learning rate: 0.01, weight decay: 0.0001,
Rt,α = (1 + u)(0.901(at,α = 3) + 0.9251(at,α = 5) + 0.951(at,α = 7)), t = 1, 2, α = h, w, u ∼ U (0.9, 1.1), and
Rt,α = u(0.901(at,α = 16) + 0.9251(at,α = 64) + 0.951(at,α = 128)), t = 1, 2, α = c, u ∼ U (−0.1, 0.1)
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Figure 7: Regressing ground truth expected rewards on hyperparameters (x1: filter height of 1st CNN
layer; x2: filter width of 1st CNN layer; x3: number of channels of 1st CNN layer; x4: filter height of
2nd CNN layer; x5: filter width of 2nd CNN layer; x6: number of channels of 2nd CNN layer; Rt,α =
(1 + u)(0.901(at,α = 3) + 0.9251(at,α = 5) + 0.951(at,α = 7)), t = 1, 2, α = h, w, u ∼ U (0.9, 1.1), and
Rt,α = u(0.901(at,α = 16) + 0.9251(at,α = 64) + 0.951(at,α = 128)), t = 1, 2, α = c, u ∼ U (−0.1, 0.1))
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(a) Regressing fitted rewards of quadratic model on hyperparameters

(b) Regressing fitted rewards of two-layer neural network on hyperparameters

Figure 8: Regressing fitted rewards of quadratic model and two-layer neural network on hyperparameters
(x1: filter height of 1st CNN layer; x2: filter width of 1st CNN layer; x3: number of channels of 1st CNN
layer; x4: filter height of 2nd CNN layer; x5: filter width of 2nd CNN layer; x6: number of channels of
2nd CNN layer; Rt,α = (1 + u)(0.901(at,α = 3) + 0.9251(at,α = 5) + 0.951(at,α = 7)), t = 1, 2, α = h, w,
u ∼ U (0.9, 1.1), and Rt,α = u(0.901(at,α = 16) + 0.9251(at,α = 64) + 0.951(at,α = 128)), t = 1, 2, α = c,
u ∼ U (−0.1, 0.1))
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