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A

Proof of Theorem 1

To prove Theorem 1, let the binary matrix Z index the activated neurons with its non-zero elements,
and we denote their weights as WZ . We employ a Gaussian approximation to the posterior distribution
as follows. Let
1
1
p(WZ |D) =
p(WZ , D) = e−E(WZ )
(1)
p(D)
C
where E(WZ ) is equal to the negative log of the unnormalized log posterior:
E(WZ ) = − log p(WZ , D)

(2)

with C = p(D) being the normalization constant. We expand E(WZ ) around the mode ŴZ with
the Taylor series as
E(WZ ) ≈ E(ŴZ ) + (WZ − ŴZ )T g
1
+ (WZ − ŴZ )T H(WZ − ŴZ )
2
where g is the gradient and H is the Hessian of the energy function evaluated at the mode:
g = ∇E(WZ )|ŴZ

H=

∂ 2 E(WZ )
|
T ŴZ
∂WZ ∂WZ

(3)

(4)

The second term in (3) can be dropped, since the gradient term (WZ − ŴZ )T g = 0 due to the mode
ŴZ . We thus have
p(WZ |D)
1
=
p(WZ , D)
p(D)
1
= e−E(WZ )
C
T
1
1
≈ e−E(ŴZ )−0− 2 (WZ −ŴZ ) H(WZ −ŴZ )
C
e−E(ŴZ )
1
=
exp[− (WZ − ŴZ )T H(WZ − ŴZ )]
C
2
−1
= N (WZ |ŴZ , H )
C = p(D)
Z
= p(WZ , D)dWZ
= e−E(ŴZ ) (2π)

|Z|
2

1

|H|− 2
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(5)

We abuse the notation a little by using |Z| to denote the number of non-zero elements.
The log marginal likelihood can thus be approximated with the Gaussian approximation as follows:
|Z|
1
log |H| +
log 2π
2
2
1
|Z|
= log p(D|ŴZ ) + log p(ŴZ ) − log |H| +
log 2π
2
2

log p(D) ≈ −E(ŴZ ) −

(6)

The penalization terms following log p(D|ŴZ ) are a measure of model complexity. The second
term can be ignored by assuming a uniform prior. By approximating each Hi by a fixed matrix Ĥ in
PN
the third term, H = i=1 Hi , where Hi = ∇∇ log p(Di |WZ ), we have
log |H| = log |N Ĥ|
= log(N |Z| |Ĥ|)

(7)

= |Z| log N + log |Ĥ|
where we assume H is a full rank matrix. log |Ĥ| term can be ignored due to its independence of N .
We thus have the Bayesian information criteria (BIC) score:

log p(D) ≈ log p(D|ŴZ ) −

N
|Z|
log
2
2π

(8)

Optimizing the ELBO produces the best approximation to the true posterior within the space of
distributions, as well as the tightest lower bound on the true marginal likelihood. Our variational
inference framework optimizes a lower bound to this BIC with respect to Z in order to have the most
plausible network structure size.

B

Algorithmic description

Our proposed method first draws S samples of the network structures {Zs }Ss=1 (network depth with
layer-wise activation probabilities) from the variational distribution q(Z, ν). The stick-breaking
construction of beta-Bernoulli process induces that the probability of seeing activated neurons in
hidden layers decreases exponentially with K, and we only need to retain the maximum number of
layers with activated neurons up to the current iteration. With a reasonably large K and a relatively
small number of layers with active neurons, we obtain the number of hidden layers lc with activated
neurons in the current iteration as:

c

l = max{l|
l

M
X

zml > }

(9)

m=1

PM
where m=1 zml represents the total activation of neurons in layer l based on samples, and  is a
threshold close to zero (0.01 for all experiments). We next compute the expectation of log-likelihood
based on S samples as:

Eq(Z,ν) [log p(D|Z, W)] =

2

S
1X
[log p(D|Zs , W)]
S s=1

(10)

Finally, we optimize the model parameters with respect to the ELBO using mini-batch stochastic
gradient descent. We summarize our method as follows.
Algorithm 1: Training of our proposed method
1
2

Input {Di }B
i=1 : B mini batches of data
Input S: the number of samples of network structures Z
1: for i = 1, . . . , B do
2:
Draw S samples of network structures {Zs }Ss=1 from q(Z, ν)
3:
for s = 1, . . . , S do
4:
Compute the number of layers lc from Zs using (9)
5:
Compute log p(Di |Zs , W) with lc layers
6:
end for
7:
Compute Eq(Z,ν) [log p(Di |Z, W)] using (10)
8:
Compute ELBO L(Z, ν, W)
c
c
9:
Update {ak , bk }lk=1 and {W}lk=1 using backpropagation
10: end for
Time complexity For training a dropout neural network that has depth L and width M , the time
complexity is O(N BLM 2 ) with N training examples and B epochs, given fixed batch size. Let T
be the time cost of a single NN forward pass, with S samples our method is linearly scalable as ST .

C

Experimental Setup

We define a neural network of the form
hl = σ(Wl hl−1 )

O

zl + hl−1

l ∈ {1, 2, ..., L}

(11)

for all experiments where σ(·) consists of multiple operations such as linear layer, convolutional
layer, non-linear activation, Batch Normalization and so on (Figure 8). L → ∞ for our method. We
use same layer block for all methods for fair comparison.

Figure 8: Block diagram of the network structure in (11). A hidden layer function hl is pruned by
multiplying their outputs by a binary vector zl elementwisely. Since there are potentially infinite
number of hidden layers between the input and the output layers, the skip connections feed the output
of the last hidden layer with activated neurons to the output layer f . For CNNs, zl regularizes feature
maps in each block.
All of our method and other baselines: variants of dropout reguralization and structure selection
methods are implemented in PyTorch [1] and all experiments are performed on a single NVIDIA
GeForce RTX 2080Ti GPU. We next discuss the experimental settings for different experiments.
C.1

Synthetic Experiments

We use fully connected neural networks with Leaky ReLU activation followed by Batch Normalization [2] and residual connections [3] for our method and vanilla dropout [4]. Formally, we define
σ(hl−1 ) = BatchNorm(LeakyReLU(Linear(hl−1 ))) in (11). The maximum number of neurons
(width) M in hidden layer is 20 to observe how the number of inferred layers and their respective
activation probabilities πk changes for tasks with different data sizes. The truncation level (K) for
our method is set at 100 layers. The weight parameters are initialized with samples from the He
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initialization [5]. The temperature parameter τ of Concrete Bernoulli distribution is set to 0.1. We
estimate the gradients of the likelihood term in ELBO via Monte Carlo estimation with 5 samples.
Neural networks are optimized using Stochastic Gradient Descent (SGD) optimizer with momentum
0.9, learning rate 3 × 10−3 , weight decay 10−5 and batch size of 200 for 3000 epochs. Furthermore,
dropout probability was chosen from p ∈ {0.2, 0.4, 0.6, 0.8}. The depth (L) of network structure for
dropout is set to the number of layers inferred by our method.
C.2

Regression Experiments

C.2.1

Hyperparameter Optimization and Training

Previous works use Hyperparameter Optimization (HPO) techniques such as Grid Search, Bayesian
Optimization (BO) [6], and Bayesian Optimization and Hyperband (BOHB) [7] to determine the best
configurations for each method. For regression experiments, we follow DUN [8] for the setting of
BOHB, and generate the optimized configurations for all methods for fair comparison. We employ the
HpBandSter implementation of Bayesian Optimization and Hyperband (BOHB)1 . We select the best
configurations for each method on the standard splits [9] of UCI regression benchmark datasets [10]
using the default settings, as shown in Table 1. Furthermore, we use the implementation of DUN2 [8]
to draw some of the plots.
Table 1: Bayesian Optimization and Hyperband settings
Setting

Value

eta
min_points_in_model
top_n_percent
num_samples
random_fraction
bandwidth_factor
min_bandwidth

3
None
15
64
1/3
3
1e − 3

For other hyperparameters of BOHB that vary across different datasets, we provide per dataset settings:
min_budget and max_budget, validation proportion, and early stopping patience. Using the standard
train-test splits provided by [9], we further split the original training data into a train-validation
split and use the validation set to optimize hyperparameters. In particular, the last N elements of
the training set are considered as a validation dataset, where N is calculated from the validation
proportion given in Table 2. The training and validation datasets are normalized by subtracting the
mean and dividing by the variance of the new training set. BOHB performs minimization on the
negative test log-likelihood. During optimization, we perform early stopping with the patience values
as shown in Table 2.
Table 2: Per-dataset hyperparameter optimization configurations

1
2

Dataset

Min budget

Max budget

Early stop patience

Validation proportion

Boston
Concrete
Energy
Kin8nm
Naval
Power
Protein
Wine
Yacht

200
200
200
50
50
50
50
100
200

2000
2000
2000
500
500
500
500
1000
2000

200
200
200
50
50
50
50
100
200

0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15

https://github.com/automl/HpBandSter
https://github.com/cambridge-mlg/DUN
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Table 3: Hyperparameters optimized for each method
Hyperparameters

Ours

Dropout

CD

IBPD

BAL

SDepth

DUN

X
X
X

X
X
X
X
X

X
X
X
X

X
X
X
X

X
X
X
X

X
X
X
X

X
X
X
X

Learning rate
SGD Momentum
Weight decay
Number of Layers (L)
Dropout probability (p)
Length-scale (l)
Concentration (α)
Layer skip probability (γ l )

X
X
X

Table 4: BOHB Hyperparameter optimization configurations. All hyperparameters were sampled
from uniform distributions.
Hyperparameter
Learning rate
SGD Momentum
Weight decay
Number of Layers (L)
Dropout Probability (p)
Length-scale (l)
Concentration (α)
Layer skip probability (γ l )

Lower
−4

1 × 10
0
1 × 10−6
1
5 × 10−3
1 × 10−4
0.54
5 × 10−3

Upper

Default

Log

Data type

1
0.99
0.1
40
0.5
2
5
0.99

0.01
0.5
5 × 10−4
5
0.2
1 × 10−2
1.1
0.1

True
False
True
False
True
True
True
True

float
float
float
int
float
float
float
float

Each method has a different set of hyperparameters to optimize (Table 3) and the configurations of
these parameters to optimize with BOHB are provided in Table 4. Specifically, our proposed method
infers the appropriate depth for a backbone structure that can go to infinity in theory. For a fair
comparison with other variants of dropout and structure selection methods, we choose the depth at
which each method performs best. To this aim, we optimize the depth for other methods.
All neural network models for regression experiments consist of a fully connected layer with M =
100 neurons followed by Leaky ReLU activation and Batch Normalization. We employ residual
connections to allow all methods to better take advantage of depth. All the methods are trained using
SGD with momentum and batch size of 128. We optimize learning rate, SGD momentum, and weight
decay for all methods using BOHB.
For vanilla dropout experiments, we add dropout to each layer and the dropout probabilities have
been optimized. Moreover, for the experimental setup of concrete dropout (CD) [11], we optimize
the prior length scale l that controls the regularization of the weights. Scaling the inputs by 1l with
a Gaussian prior N (0, I) over weights is equivalent to placing a prior N (0, lI2 ) over weights W
instead [12]. Furthermore, a long length-scale l results in the weights with low magnitude and thus
lead to slow-varying induced functions. In contrast, a short length scale provides weights with high
magnitude and results in functions with high frequencies. For dropout methods, 10 samples are used
to compute the Monte Carlo estimate of test log-likelihood.
For Indian buffet process dropout (IBPD) [13] experiments, the concentration hyperparameter α
controls the overall sparsity level of Z and M indicates the number of neurons/filters to be pruned.
We thus optimize the ratio α/M (denoted by α in Table 4 for simplicity) to obtain sparser models.
The temperature parameter of concrete distribution is set to τ = 0.1.
For Bayesian architecture learning (BAL) [14] experiments, we optimize skip probabilities (γ l )
for independent layer-wise skip connections to adapt the depth of the network according to data.
However, BAL still relies on the depth of predefined backbone structure and appropriate choice of
the depth plays a crucial role in the performance of BAL.
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For stochastic depth experiments [15], we follow the settings suggested in [15] to define a simple
decay rule from p0 = 1 for the input layer to pL = 0.5 for the last Residual block:
l
(12)
pl = 1 − (1 − pL )
L
This allows the model to bypass the layer hl with probability (1 − pl ), leading to the network of
reduced depth and thus significantly speeds up the training process. During testing, the model uses
the network structure with all layers to make predictions.
For DUN’s experiments [8], a surrogate categorical distribution is defined over depth to explain the
data with multiple depths by marginalization. We define uniform priors, assigning the same mass to
each depth.
For deep ensembles, we train 5 independent neural networks and aggregate their predictions. The
depth for each neural network in the ensemble is selected over the range {5, 10, 15, 20}.
C.2.2

Evaluation Strategy

BOHB selects the best configuration for each method, dataset, and split. In addition, BOHB provides
the number of epochs at which the optimal configuration was found. Using the best configurations of
hyperparameters and epoch selected by BOHB using train-validation split, we train and evaluate the
performance of our method and other baselines on standard 90% − 10% train-test splits [9] of UCI
regression benchmark datasets [10]. Results are reported by training on each training split for each
dataset and reporting the average metrics on the respective test split. We train each method on the
training set (normalized to zero mean and unit variance), and the prediction is made by normalizing
the test set based on train set statistics. The inverse transform is applied to the predictions and test
metrics such as RMSE and log-likelihood are computed.
C.3

Image Experiments

For image experiments, we consider four image datasets. Each dataset contains images associated
with a label from 10 classes: MNIST with 60, 000 training and 10, 000 test examples of 28 × 28
grayscale images, FashionMNIST with 60, 000 training images and 10, 000 test examples of 28 × 28
grayscale image, SVHN with 73, 257 training and 26, 032 testing examples of 32 × 32 real-world
RGB images, and CIFAR-10 with 50, 000 training and 10, 000 test examples of 32 × 32 RGB images.
We normalize the datasets to have zero mean and unit variance and use 10% of train data as validation.
All neural network models for image experiments consist of a convolutional layer with Leaky RELU
activation followed by Batch Normalization [2] and residual connections [3] for all methods. In
particular, for the input block, we use 5 × 5 kernel convolutional layer combined with Leaky ReLU
activation functions and 2 × 2 max pooling. The output block is composed of a global averaging
layer followed by a fully connected residual block and a linear layer. We apply the softmax operation
to the output activation functions. Each hidden layer consists of a 3 × 3 convolutional layer followed
by a Leaky ReLU activation and Batch Normalization. We use a fixed learning rate of 3 × 10−3
with weight decay 10−6 and a batch size of 64. We evaluate our method with the width of the layer
over the range M ∈ {64, 128, 192, 256, 320}. The experimental settings for other methods for image
classification tasks are similar as in the previous section.
C.4

Continual Learning

For all continual learning experiments, we use fully connected neural networks with M = 100 Leaky
ReLU neurons and skip connections. For our method, we set hyper-parameters α = 1.1 and β = 1 to
encourage shallow neural network structures. For other methods, the number of layers is set to L = 2
layers based on the several continual learning benchmarks [16]. We also use learning rate decay with
an initial learning rate of 0.1 and exponential learning rate decay for dropout-based methods and our
method to stabilize the training procedure [17].
We consider continual learning with 5 tasks on permuted MNIST dataset and rotated MNIST dataset.
Each task of the permuted MNIST dataset is generated by shuffling the pixels of images with the
permutation that is the same between images in the same task but is different across the tasks. Each
task of the rotated MNIST dataset is generated by the continual rotation of the original MNIST
images where each task applies image rotation (between 0 to 180 degrees) to the original images.
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Figure 9: Predictive performance evaluation of our method with different hyperparameter settings for
the three training cases.
Each model is trained on each task for five epochs to be consistent with several continual learning
benchmarks [16]. We follow the experimental setup provided by [17] and define an SGD optimizer
with a learning rate of 0.1 and momentum of 0.8. We further reduce the learning rate by 0.25 after
finishing each task. We optimize the dropout probability over the range {0.2, 0.3, 0.4, 0.5, 0.6}.

D

Calibrating Uncertainty

We consider regression on UCI regression benchmark datasets and classification on image datasets to
evaluate uncertainty estimates. Two commonly used metrics are considered to evaluate uncertainty
estimates with the formula as defined in [8]:
• Test Log-Likelihood (LL) (higher is better): Test log-likelihood measures both the accuracy of predictions and their uncertainty. We use log-likelihood for both regression and
classification experiments.
• Expected Calibration Error (ECE) (lower is better): Expected Calibration Error [18, 19]
is one of the popular metrics for uncertainty calibration and approximates the difference between predictive confidence and empirical accuracy. It is computed by partitioning predicted
confidence p̂i into I equally-spaced bins and taking a weighted average of miscalibration in
each bin:
I
X
|Bi |
ECE =
|acc(Bi ) − conf(Bi )|
(13)
N
i=1
with the number of samples N , accuracy of the bin Bi
1 X
acc(Bi ) =
1[yi = ŷi ]
|Bi |
i∈Bi

and confidence of the bin Bi
conf(Bi ) =

1 X
p̂i
|Bi |
i∈Bi

ŷi and p̂i are the predicted labels and predicted confidence for a sample i. The difference
between acc(Bi ) and conf(Bi ) in (13) for a given bin Bi represents the calibration gap. We
use ECE in addition to log-likelihood to measure calibration for image experiments.

E
E.1

Additional Results
Analysis of Hyperparameters

We investigate the influence of hyperparameter settings (α, β) on the performance of our method with
the synthetic dataset (Section 4.1). As shown in Figure 9, we investigate multiple hyperparameter
7

settings that favor shallow and wide network structures or deep and narrow network structures. The
KL term in the variational lower bound acts like a regularizer on the model and dominates the ELBO
for a small data regime because there is not enough data compared to model size. In contrast, the
expectation of likelihood dominates the ELBO for tasks with a large dataset. The result suggests that
our method’s performance is not sensitive to the hyperparameter settings in general across the three
training cases.
E.2

Synthetic spiral datasets

We generate a 2d data set from a 2-armed spiral function with varying degrees of rotations (180◦ , 360◦ ,
and 720◦ ) while keeping the number of training data points fixed to 200 [8]. We further draw 1800
samples as test set. For inference, we set hyper-parameters α = 1.1 and β = 2 with maximum
number of neurons in each hidden layer as M = 20. Other experimental settings are the same as in
Section C.1.

Figure 10: Top row shows the activation probabilities πk (black bars) of the inferred hidden layers,
and the neuron activations Z (filled dots denote activated neurons). The network becomes deeper
with more activated neurons to adapt to the increasing complexity of the data generating process. The
bottom row shows the predictive distributions overlaying the data points.
As shown in Figure 10, our model enables the neural network structure to grow by activating more
layers and neurons to adapt to the increasing complexity of the underlying data generating process.
In particular, it dynamically balances the depth and width of the network structure.
E.3

Effect of M

We also evaluate the influence of the maximum number of neurons/feature maps (M ) on the performance of our method with classification tasks on four image datasets (Section 4.4). From Figure 11,
we observe that the performance of our model remains stable across different settings of M . This
result thus suggests that our method adapts the depth of network structures and dropout regularization
to maintain the balance leading to the best performances and is robust to the settings of M .
We investigate the evolution of activation probabilities (πk ) of sampled network structure as M
increases. Figure 12 shows the changes in activation level (πk ) over the training process as M
changes. During the training process, the activation of deeper layers decreases faster for larger values
of M and leads to compact network structures.
E.4

Effect of truncation level

The performance of our model is not affected by a truncation level K given that K is reasonably large
(Section 4.3). Furthermore, the truncation level also does not have any impact on the computational
efficiency as shown in Figure 13. Since the activation probabilities πk decreases exponentially with k,
8

Figure 11: Influence of the maximum number of feature maps (M ) on the performance of our method
with four image datasets.

(a) MNIST

(b) FashionMNIST

(c) SVHN

(d) CIFAR10

Figure 12: Evolution of activation probabilities as M increases. Based on the stick-breaking
construction of beta-Bernoulli process, the activation of the layer (πk )is greater than or equal to the
activation level of later layers (πk+1 ). Top curve in each plot represents first layer and bottom layer
represents last activated layer. The layers are dropped when the activation level πk < 0.05.

with proper thresholding , we only need to sample a relatively small number of hidden layers given
a relatively larger truncation level K. From Figure 4, we observe that K = 10 is sufficiently large
for MNIST. Figure 13 shows that truncation level K ≥ 10 does not add any computational burden
during both training and testing. We report the inference and prediction time for different models in
Section E.5.
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Figure 13: Training time per epoch and prediction time for model trained with different truncation
level K on MNIST dataset.
E.5

Comparison of computational costs

For this experiment, we compare the inference and prediction time for different methods on MNIST
and CIFAR10 dataset with the batch size 256. We measure the CPU times (in seconds) on a single
NVIDIA RTX 2080Ti GPU. The inference and prediction times for all methods are reported in
Table 5.
Table 5: The inference and prediction times of all methods. For inference, we report average time per
epoch. The prediction time is what it takes to make prediction for all test samples.
Methods

Inference
MNIST CIFAR10

Our method
Dropout
DUN
Stochastic Depth
Concrete Dropout
IBP Dropout
Deep Ensembles

18.314
10.128
14.978
22.538
14.325
37.368
50.642

27.232
16.717
12.142
41.125
15.423
37.063
83.583

Prediction
MNIST CIFAR10
1.016
0.469
0.820
1.406
0.938
1.273
5.01

1.016
1.133
0.938
1.953
1.25
1.523
8.281

Our method is no more than an order of magnitude faster than other dropout variants as shown in
Table 5, since the stick-breaking construction of the beta process induces that πk , the probability of
seeing activated neurons in hidden layers, decreases exponentially with truncation level K. With
proper thresholding, only a relatively small number of hidden layers are sampled in training. On the
contrary, the adaptive sparsification method computes an Indian buffet process per hidden layer. This
slows it down in training. For prediction, our method is about as fast as other dropout variants with
small additional memory overhead. Deep ensembles require multiple forward passes which leads to
slower prediction speed.
E.6

Experiments on Out-of-Distribution data

For the problem of detecting out-of-distribution (OOD) samples, the dataset used in training is
in-distribution dataset and the other datasets are considered as OOD dataset. For this experiment, we
compute predictive entropy for the test dataset and consider a threshold-based classifier to classify
the sample as in-distribution if the entropy is below some threshold. We then measure the area under
the receiver operating characteristic curve (AUROC) and report in Table 6. First, we train our method
on CIFAR10 (and MNIST) dataset and evaluate on in-distribution CIFAR10 (MNIST) test set and
out-distribution SVHN (FashionMNIST) test set. The overall auroc of our method is competitive
with other baselines including deep ensembles. Table 6 shows the performance of all methods based
on the predictive entropy.
Second, we evaluate the methods on an OOD rejection task [8]. We sort the samples based on their
entropy and reject different proportions of the samples with large entropy. We consider all predictions
10

Table 6: AUROC for in- vs out-distribution classification using predictive entropy
Methods

MNIST vs FashionMNIST

CIFAR10 vs SVHN

0.968 ± 0.028
0.847 ± 0.014
0.912 ± 0.001
0.951 ± 0.001
0.991 ± 0.002
0.956 ± 0.015

0.869 ± 0.014
0.838 ± 0.033
0.863 ± 0.018
0.855 ± 0.009
0.909 ± 0.001
0.899 ± 0.004

Our method
DUN
Stochastic Depth
Concrete Dropout
Deep Ensembles
Dropout

on OOD samples as incorrect and the rest of the samples are classified based on the model. For
this experiment, we use CIFAR10 as in-distribution dataset and SVHN as out-of-distribution dataset.
Deep Ensembles perform best in comparison to all other methods. Our method achieves similar
performance for lower rejection rate and achieves superior performance for larger rejection rates
when compared to DUN. The accuracy is reported in Figure 14.

Figure 14: Rejection-classification plot for CIFAR10 (in-distribution) vs SVHN (out-distribution).
The black solid line indicates theoretical maximum which indicates the accuracy when the model
rejects all out-distribution samples and correctly classifies all in-distribution samples.
E.7

Effect of Sample size S

Recent study [20] shows that by averaging an increasing number of samples for dropout regularization [4], the validation performance degrades and thus dropout loses the implicit regularization
effect. In this experiment, we analyze the effect of sample size S and investigate if our proposed
model faces similar issue. We train our proposed model on two image datasets: CIFAR10 and SVHN
with different values of S over the range {1, 5, 10, 15, 20} and visualize the validation loss over the
epochs. Figure 15 shows that the validation errors decrease faster for larger values of S, but reach a
similar level for all values of S. It indicates that the validation performance doesn’t degrade as the
sample size S increases.
We further investigate the dynamics of ak and bk with respect to S on synthetic periodic dataset.
Within a reasonable range, the number of samples S does not have a significant impact on the
performance of our method, as shown in Figure 16. As the reviewer suggested, we also investigate
the dynamics of ak and bk , the final performance of the model is comparable when S ≥ 5. The
influence of these hyper-parameter settings for the beta process prior is balanced out by the strong
information from data. However, as S becomes larger, it incurs a higher computational cost.
E.8

Feature maps visualization

Figure 17 demonstrates the learned feature maps of the last convolutional layers for variants of
dropouts: vanilla dropout, concrete dropout, and Indian buffet process dropout on an image from the
CIFAR10 dataset. With M = 256, our method only activates 29 feature maps compared to 256 for
11

(a) CIFAR10

(b) SVHN

Figure 15: Validation loss over the epochs for our model trained with different sample size S on (a)
SVHN and (b) CIFAR10.

Figure 16: Dynamics of sample size S with respect to ak and bk for synthetic experiment (Section
4.1). Within a reasonable range S does not have significant influence on the predictive performance.

dropout and concrete dropout, and 62 for IBP dropout. Although vanilla dropout and concrete drop
prune feature maps during training, they scale the weights and use all the feature maps for prediction.
This indicates our method achieves superior performance with fewer but more informative feature
maps.
E.9

Regression Experiments

In Section 4.2, we compared the performance of our proposed model with Dropout, Concrete Dropout
(CDropout), IBP Dropout, Stochastic Depth (SDepth), Bayesian Architecture Learning (BAL), Depth
Uncertainty Networks (DUN) and Deep Ensembles (DeepEns) in terms of LL and RMSE. We
report means and standard deviations of LL and RMSE along with their ranks based on the mean
performance on UCI standard splits [9]. Table 7 and 8 show the values of LL and RMSE for Figure 3.
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Figure 17: Demonstration of the subsets of feature maps from last hidden layer learned by vanilla
dropout, concrete dropout, and Indian buffet process (IBP) dropout, and all the 29 feature maps from
our method on CIFAR10. Our method has sparser but more informative feature maps in deeper layers.
Table 7: Mean values and standard deviations for test log-likelihood on UCI regression datasets
across splits. Bold blue text denotes the best mean value for each dataset and each metric. Bold red
text denotes the worst mean value. Note that in some cases the best/worst mean values are within
error of other mean values.
Method
Dataset

Ours

Dropout

CDropout

IBPDropout

SDepth

BAL

DUN

DeepEns

Boston
Concrete
Energy
Kin8nm
Naval
Power
Protein
Wine
Yacht
Rank

−2.36±0.22
−2.95±0.06
−0.79±0.07
1.24±0.02
5.79±0.18
−2.70±0.05
−2.57±0.01
−0.98±0.09
−0.98±0.11
1.11±0.33

−2.88±1.03
−3.05±0.31
−0.98±0.51
1.23±0.09
5.43±0.74
−2.79±0.12
−2.62±0.04
−1.00±0.13
−1.33±0.44
3.11±1.27

−2.82±0.01
−3.84±0.01
−2.30±0.01
1.22±0.04
5.10±0.17
−2.77±0.01
−2.81±0.01
−1.70±0.01
−1.75±0.01
4.89±1.90

−3.21±0.06
−3.78±0.01
−3.24±0.01
0.19±0.01
2.82±0.02
−3.81±0.01
−3.08±0.01
−1.04±0.04
−3.56±0.02
6.56±0.73

−2.62±0.43
−3.78±0.23
−3.23±0.28
0.37±0.07
3.24±0.16
−3.78±0.19
−2.91±0.07
−1.04±0.06
−3.65±0.22
5.89±1.05

−3.26±0.07
−3.38±0.04
−3.43±0.13
−1.62±0.36
0.69±1.08
−4.00±0.33
−3.74±0.11
−1.06±0.03
−3.59±0.18
7.44±1.01

−2.60±0.35
−3.01±0.21
−1.04±0.16
1.15±0.08
4.25±1.11
−2.70±0.09
−2.66±0.04
−1.03±0.12
−2.42±0.52
3.44±1.42

−2.41±0.25
−3.06±0.18
−1.38±0.22
1.20±0.02
5.63±0.05
−2.79±0.04
−2.83±0.02
−0.94±0.12
−1.18±0.21
3.11±1.36

Table 8: Mean values and standard deviations for test RMSE on UCI regression datasets across splits.
Bold blue text denotes the best mean value for each dataset and each metric. Bold red text denotes
the worst mean value. Note that in some cases the best/worst mean values are within error of other
mean values.
Method
Dataset
Boston
Concrete
Energy
Kin8nm
Naval
Power
Protein
Wine
Yacht
Rank

Ours
2.61±0.68
4.58±0.36
0.49±0.06
0.07±0.01
0.00±0.00
3.61±0.19
3.37±0.03
0.60±0.05
0.71±0.24
1.11±0.33

Dropout
2.83±0.77
4.61±0.57
0.57±0.21
0.07±0.01
0.00±0.00
3.82±0.35
3.43±0.07
0.64±0.05
0.88±0.41
2.22±0.97

CDropout
2.65±0.17
4.88±0.68
0.71±0.28
0.07±0.01
0.00±0.00
3.70±0.04
3.85±0.02
0.64±0.05
1.19±0.38
2.78±1.39

IBPDropout
3.35±1.22
5.00±0.63
1.21±0.59
0.18±0.01
0.01±0.00
5.52±0.24
5.13±0.03
0.66±0.04
1.82±1.06
6.44±1.01

SDepth
3.04±1.09
4.98±0.51
0.77±0.17
0.08±0.01
0.00±0.00
4.08±0.33
3.66±0.08
0.66±0.06
1.82±1.04
4.22±1.30

BAL
3.10±0.09
5.43±0.04
1.35±0.05
0.27±0.01
0.02±0.00
9.64±1.11
7.32±0.26
0.70±0.08
1.90±0.19
7.33±1.00

DUN
3.20±0.98
4.61±0.61
0.61±0.16
0.08±0.01
0.00±0.00
3.57±0.25
3.40±0.06
0.66±0.06
2.51±1.99
3.56±2.40

DeepEns
3.28±1.00
6.03±0.58
2.09±0.29
0.09±0.00
0.00±0.00
4.11±0.17
4.71±0.06
0.64±0.04
1.58±0.48
5.33±2.5

References
[1] Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Bradbury, Gregory Chanan,
Trevor Killeen, Zeming Lin, Natalia Gimelshein, Luca Antiga, et al. Pytorch: An imperative
13

style, high-performance deep learning library. In Proc. of the Advances in Neural Information
Processing Systems, pages 8024–8035, 2019.
[2] Sergey Ioffe and Christian Szegedy. Batch normalization: Accelerating deep network training by
reducing internal covariate shift. In Proc. of the International conference on Machine Learning,
pages 448–456. PMLR, 2015.
[3] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image
recognition. In Proc. of the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), pages 770–778, 2016.
[4] Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky, Ilya Sutskever, and Ruslan Salakhutdinov.
Dropout: a simple way to prevent neural networks from overfitting. The Journal of Machine
Learning Research, 15(1):1929–1958, 2014.
[5] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Delving deep into rectifiers: Surpassing human-level performance on imagenet classification. In Proc. of the IEEE international
conference on computer vision, pages 1026–1034, 2015.
[6] Jasper Snoek, Hugo Larochelle, and Ryan P. Adams. Practical bayesian optimization of
machine learning algorithms. In Proc. of the Advances in Neural Information Processing
Systems (NeurIPS), pages 2960–2968, 2012.
[7] Stefan Falkner, Aaron Klein, and Frank Hutter. Bohb: Robust and efficient hyperparameter
optimization at scale. In Proc. of the 35th International Conference on Machine Learning
(ICML), page 1436–1445, 2018.
[8] Javier Antorán, James Allingham, and José Miguel Hernández-Lobato. Depth uncertainty in
neural networks. In Proc. of the Advances in Neural Information Processing Systems (NeurIPS),
volume 33, 2020.
[9] José Miguel Hernández-Lobato and Ryan Adams. Probabilistic backpropagation for scalable
learning of bayesian neural networks. In Proc. of the International Conference on Machine
Learning, pages 1861–1869. PMLR, 2015.
[10] Dheeru Dua and Casey Graff. UCI machine learning repository, 2017.
[11] Yarin Gal, Jiri Hron, and Alex Kendall. Concrete dropout. In Proc. of the Advances in Neural
Information Processing Systems (NeurIPS), pages 3581–3590, 2017.
[12] Yarin Gal and Zoubin Ghahramani. Dropout as a bayesian approximation: Representing model
uncertainty in deep learning. In Proc. of the 33rd International Conference on Machine Learning
(ICML), pages 1050–1059, 2016.
[13] Juho Lee, Saehoon Kim, Jaehong Yoon, Hae Beom Lee, Eunho Yang, and Sung Ju Hwang.
Adaptive network sparsification with dependent variational beta-bernoulli dropout. arXiv
preprint arXiv:1805.10896, 2019.
[14] Georgi Dikov and Justin Bayer. Bayesian learning of neural network architectures. In Proc. of
the 22nd International Conference on Artificial Intelligence and Statistics (AISTATS), pages
730–738, 2019.
[15] Gao Huang, Yu Sun, Zhuang Liu, Daniel Sedra, and Kilian Q. Weinberger. Deep networks with
stochastic depth. In Proc. of the 14th European Conference on Computer Vision (ICCV), pages
646–661, 2016.
[16] Seyed Iman Mirzadeh, Mehrdad Farajtabar, and Hassan Ghasemzadeh. Dropout as an implicit
gating mechanism for continual learning. In Proc. of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition Workshops, pages 232–233, 2020.
[17] Seyed Iman Mirzadeh, Mehrdad Farajtabar, Razvan Pascanu, and Hassan Ghasemzadeh. Understanding the role of training regimes in continual learning. In Proc. of the Advances in Neural
Information Processing Systems (NeurIPS), volume 33, 2020.
14

[18] Mahdi Pakdaman Naeini, Gregory Cooper, and Milos Hauskrecht. Obtaining well calibrated
probabilities using bayesian binning. In Proc. of the AAAI Conference on Artificial Intelligence,
2015.
[19] Chuan Guo, Geoff Pleiss, Yu Sun, and Kilian Q Weinberger. On calibration of modern neural
networks. In Proc. of the International Conference on Machine Learning, pages 1321–1330.
PMLR, 2017.
[20] Colin Wei, Sham Kakade, and Tengyu Ma. The implicit and explicit regularization effects of
dropout. In Proc. of the International Conference on Machine Learning, pages 10181–10192.
PMLR, 2020.

15

