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Abstract—With the advent of deeper, larger and more complex
convolutional neural networks (CNN), manual design has become
a daunting task, especially when hardware performance must be
optimized. Sequential model-based optimization (SMBO) is an
efficient method for hyperparameter optimization on highly pa-
rameterized machine learning (ML) algorithms, able to find good
configurations with a limited number of evaluations by predicting
the performance of candidates before evaluation. A case study
on MNIST shows that SMBO regression model prediction error
significantly impedes search performance in multi-objective op-
timization. To address this issue, we propose probabilistic SMBO,
which selects candidates based on probabilistic estimation of their
Pareto efficiency. With a formulation that incorporates error in
accuracy prediction and uncertainty in latency measurement,
probabilistic Pareto efficiency quantifies a candidate’s quality in
two ways: its likelihood of being Pareto optimal, and the expected
number of current Pareto optimal solutions that it will dominate.
We evaluate our proposed method on four image classification
problems. Compared to a deterministic approach, probabilistic
SMBO consistently generates Pareto optimal solutions that per-
form better, and that are competitive with state-of-the-art efficient
CNN models, offering tremendous speedup in inference latency
while maintaining comparable accuracy.

[. INTRODUCTION

As modern CNNs become deeper, larger and more com-
plex [1]-[3], hardware efficiency has emerged as a challeng-
ing problem in both real-world and online deployment of
CNNs [4]. Energy, inference delay, and memory footprint
are all key metrics for resource-constrained hardware and
applications, but are highly sensitive to the configuration of
a large number of CNN hyperparameters.

Design automation (i.e., meta-learning, or AutoML) is one
promising technology for optimizing CNN. Design automation
has recently achieved major success on various computer
vision problems, outperforming CNN hand-crafted by do-
main experts on image classification and object detection [5].
Previous automation approaches, however, tend to focus on
improving accuracy; hardware performance is less often ad-
dressed [6], [7]. Furthermore, modern CNN hyperparame-
ter optimization techniques require a tremendous amount of
computing power and time to explore and evaluate CNN
configurations. For instance, NASNet [5] trained and evaluated
20,000 networks across 500 GPUs over four days. Search
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inefficiency remains a key limitation preventing the adoption
of automated CNN design frameworks by practitioners.

Sequential model-based optimization (SMBO) is an efficient
method for hyperparameter optimization on highly parame-
terized algorithms. SMBO finds good configurations with a
limited number of evaluations by using a regression model or
a surrogate function to predict the performance of a candidate
solution before evaluation [8]. SMBO has been employed in
CNN hyperparameter optimization [9] and neural architecture
search (NAS) [10], [11]. One challenge is that, given the
sparsity of learning examples and the large search space, there
is often error in candidate performance estimation. Inaccurate
predictions lead to the evaluation of unfit configurations, wast-
ing time and money; furthermore, promising configurations
may be passed over. Model prediction error is a key search
efficiency bottleneck in SMBO.

In this paper, we propose a heuristic strategy to improve
search efficiency in the context of multi-objective model-based
optimization. Our goal is to find efficient and accurate CNN
hyperparameter configurations, e.g., the number of convolu-
tional (Conv) layers, number of fully-connected (FC) layers,
number of filters, kernel size and stride. We formulate the
problem as device-aware multi-objective optimization, aiming
at finding a set of Pareto optimal solutions with the best
accuracy-inference latency trade-offs by utilizing a meta-
network that learns to predict the testing accuracy of candidate
solutions. By incorporating error in accuracy prediction and
uncertainty in latency measurement, we make probabilistic
inference on candidates’ Pareto efficiency in two regards: 1.
their likelihood to become a Pareto optimal solution and 2.
the expected number of current Pareto optimal solutions that
will be dominated by them. In each iteration, our novel meta-
heuristic algorithm compares a list of candidates and selects
the candidate that will best improve the current collection
of Pareto optimal solutions (Pareto front) based on the two
estimations. In this way, we alleviate the effect of inaccurate
meta-network prediction and utilize the meta-network more
efficiently by comparing candidates’ probabilistic Pareto effi-
ciency under uncertainties.

We evaluate our probabilistic approach on four image
classification problems and find consistent improvement over
deterministic approaches. On average, the Pareto optimal so-
lutions found by probabilistic SMBO dominates 80% of the
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Pareto optimal solutions found by deterministic SMBO, while
achieving 57% improvement in terms of the hypervolume [12]
of Pareto optimal fronts (POF). Furthermore, our searched
models are also competitive with manually designed state-
of-the-art efficient CNN models DenseNet [13] and Mo-
bileNetV2 [14], able to achieve up to 27 x speedup in inference
latency while maintaining comparable accuracy.

II. RELATED WORK

One common approach for accelerating automated CNN
design is weight sharing. Cai et al. [15] explore the archi-
tecture space using network transformation/morphism [16],
which modifies a trained network using function-preserving
transformations. Brock et al. [17] propose a one-shot model
architecture search method to bypass training child networks
by training an auxiliary model to generate the weights of a
candidate based on its architecture. Han et al. [18] construct
an over-parameterized network, then select a candidate net-
work through path-level pruning. Another common approach
is to use cheaper proxy metrics to estimate a candidate’s
performance. Instead of searching for an entire network using
a large dataset, Zoph et al. [5] search for small building
blocks using a smaller dataset and construct full networks by
connecting building blocks in series. Alternatively, candidates’
performance can also be estimated without training by using
surrogate functions or regression models to predict perfor-
mance based on network configuration [9]-[11]. In this work,
we adopt the SMBO method to estimate a candidate’s perfor-
mance without training. Specifically, we focus on improving
candidate selection efficiency in the presence of accuracy
estimation error, in order to find better results using the same
amount of evaluations.

Most existing automation methods focus on optimizing a
single objective: prediction accuracy on a given dataset [19].
However, device-related requirements such as inference la-
tency are just as important for CNNs deployed to constrained
devices. Stamoulis et al. [20] propose HyperPower, which uses
Bayesian optimization in the context of power- and memory-
constrained optimization and improves search efficiency by
avoiding configurations that violate the memory or power
budget. However, the best trade-offs are not sought for when
constraints are satisfied. With multi-objective optimization,
hardware performance and prediction accuracy can be opti-
mized simultaneously, revealing new trade-offs.

Smithson et al. [9] use a weighted sum of FLOPs and
weight count as a proxy for computational cost and used
a SMBO algorithm to search for Pareto-optimal solutions.
Kim et al. [21] apply an evolutionary algorithm to search for
models with two objectives, inference speed and classification
accuracy. Tan et al. [22] propose a platform-aware NAS with
reinforcement learning that optimizes for inference latency on
a mobile phone along with accuracy. Dong et al. [11] consider
both device-agnostic metrics (e.g., accuracy and model size)
and device-aware metrics (e.g., inference latency and mem-
ory usage) when searching for Pareto optimal architectures.
While [22] and [21] use a preference criteria (fitness or reward)
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to rank or select candidates, [9] and [21] select a candidate
if it is estimated to be Pareto optimal. In this work, we
select candidates based on probabilistic Pareto efficiency to
maximize the improvement with each evaluation.

III. APPROACH
A. Meta-network Prediction Error

When optimizing CNN for multiple metrics, often no single
design simultaneously optimizes all objectives. Instead, a
number of Pareto optimal solutions achieve the best trade-
offs between objectives and form the Pareto front. Single-
objective optimization can solve the multi-objective problem
by combining the objectives in a single preference criteria [22].
However, such an approach can not guarantee diverse trade-
offs in the solutions found. On the other hand, finding the
Pareto optimal solutions exposes all interesting trade-offs for
consideration.

In this work we adopt an SMBO algorithm to perform
Pareto optimization on CNN [9], [11]. In each iteration, we
select candidates for evaluation that achieve Pareto optimality
compared to previously explored candidates (or skip a sampled
candidate if it is not Pareto optimal). A meta-network is used
to predict candidate accuracy.

Our experiment on the MNIST dataset [23] shows that the
prediction error of the meta-network has a significant impact
on the search efficiency of SMBO. In a small search space of
4,352 CNNs, the SMBO algorithm was able to find all of the
ten true Pareto optimal solutions in 46 iterations using a meta-
network that predicts candidates’ accuracy perfectly (Oracle
network). In contrast, we yielded only two solutions in the true
Pareto front in 100 iterations when training a meta-network
iteratively to predict the accuracy of candidates, despite a
low mean absolute prediction error of 0.46%. Repeating the
experiment ten times results in similar discrepancies. Meta-
network prediction error clearly has a big effect on the search
efficiency of SMBO, leading to incorrect inference about
candidates’ Pareto optimality.

Inspired by Bayesian methodology, we propose to account
for uncertainties in meta-network predictions to make prob-
abilistic inference on Pareto optimality when selecting can-
didates. In the same search space, our probabilistic approach
achieves better search performance and on average finds three
more solutions in the true Pareto front in 100 iterations.

B. Probabilistic Pareto Efficiency

Given a model m, let E(m) denote its error on the target
task, and L(m) denote its average inference latency measured
on the processing platform. The goal of multi-objective opti-
mization is to find all Pareto optimal solutions in the search
space M. With two objectives, the solution set is partially
ordered by a Pareto dominance relation. Given two solutions
m,n € M, m Pareto dominates n (m < n) when:

E(m) < E(n) AL(m) < L(n) V o
E(m) < E(n) A L(m) < L(n)
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Given a set of models explored 2 C M, the current Pareto
optimal set A = ¥(QQ) is defined as:

\I/(Q):{mEQ’ﬂner.t.n<m} )

The projection of A = W¥(f2) in the objective space is the
Pareto front associated with €, whereas IT = W (M) forms the
true Pareto front in the objective space.

For a feasible candidate x € M Az ¢ (), its performance
vector v = f(x) = [€,, L] is a 2-dimensional random vector
uniformly distributed in a rectangular area R, centered at
point ( E(z), L(z)) (see candidate selection in Figure 1):

Ry = [E(z) — e, E(z) 4+ €] x [L(z) — I, L(z) + 1] (3)

where E(z) is the estimated performance of z, e is the mean
absolute prediction error of the meta-network, and [, is half
the width of the 95% confidence interval calculated from
measured inference latency. We then assess x by comparing
it to each Pareto optimal solution A € A in two ways: 1. the
probability of x not being dominated by A (Pr(\ £ z)) and
2. the probability of x dominating A (Pr(z < A)). For the
sake of this comparison, the latency of an evaluated Pareto
solution A is uniformly distributed in [L(X) — Iy, L(\) + 1,].
This accounts for variation in inference latency measurements
caused by memory and communication overheads. The error of
A is fixed at E(X). While there is some variance in E()), it is
negligible compared with other sources of error, and measuring
it requires multiple, costly, training runs.

We can derive the probability that x is not dominated by A:

Pr(A £ x) =[] Pr(A 4 ). 4)
AEA
The expected number of models in A to be dominated by z
is:

E[|AL]] = Z Pr(z < \) where A, = {\ € Alz < X'} (5)
XeA

Finally, the probabilistic Pareto efficiency of a given candidate
x evaluated against the current Pareto optimal front A is:

I(z|A) = Pr(A A z) + E[JAL]] (6)

Assuming that the current Pareto set A contains n models, the
probabilistic Pareto efficiency I'(z|A) has a range [0,n + 1].
Notice that the value of probabilistic Pareto efficiency allows
candidates to be completely ordered as opposed to partially
ordered based on deterministic Pareto optimality. Furthermore,
previous SMBO approaches simply search for candidates that
are not dominated by current POF solutions [9], [11]. With
probabilistic Pareto efficiency, we can compare a group of
candidates and select the one that has the best chance of
improving the current POF.

C. Probabilistic SMBO Algorithm

During the multi-objective optimization, the SMBO algo-
rithm iterates between fitting a response surface model (meta-
network) and using it to make choices about which candidate
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Fig. 1: Probabilistic SMBO flowchart. For candidate selection
using probabilistic Pareto efficiency, the red rectangle repre-
sents the performance vector of a candidate whereas the blue
bars represent Pareto solutions.
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to evaluate next. To initialize the response surface model
and the Pareto optimal set, we evaluate a small number of
candidates randomly sampled from the CNN search space at
the beginning of a search process. After the initialization step,
the general procedure of our proposed probabilistic SMBO can
be broken down into the following steps:

o Sample: Sample a group of K feasible candidates from
the CNN design space. For each sample x, measure the
inference latency L(z) and estimate the prediction error
E(x) using the meta-network. Compute the probabilistic
Pareto efficiency of each candidate and select the can-
didate with the highest probabilistic Pareto efficiency to
evaluate.

« Evaluate: Train the selected candidate on the target task
and evaluate its actual prediction error E(z).

o Update: Add the newly obtained results to the list of
evaluated solutions and retrain the meta-network.

The sample-evaluate-update loop is repeated until the max-
imum number of model evaluations is reached. A flowchart
describing the probabilistic SMBO implementation is shown
in Figure 1. The software constructs a search space based user-
specified design space configurations, and uses two processes
(master and child) during the optimization. The master process
runs the main search algorithm and delegates CNN-related
tasks (i.e., measuring inference latency, training and testing) to
the child process, which has exclusive access to a GPU. After
each finished task, the child process clears the GPU memory
to ensure accurate latency measurements. Upon completion,
all collected results (e.g., model configurations and weights)
are saved for future deployment and re-use.

IV. EXPERIMENTAL SETUP

We conduct experiments on four image -classification
datasets to demonstrate the effectiveness of probabilistic Pareto
efficiency in multi-objective SMBO. The performance of our
proposed SMBO algorithm is compared to the results obtained
from multi-objective SMBO with a deterministic candidate se-
lection policy on same search spaces. We also compare against
manually designed, state-of-the-art, efficient CNN models,
DenseNet [13] and MobileNetV2 [14].

The deterministic SMBO implementation follows the can-
didate selection policy proposed in [9]. During the sampling
stage, a new candidate is sampled from a Gaussian distri-
bution centered around the previously explored solution; it
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TABLE I: Hyperparameter settings for each dataset.

TABLE II: Evaluation of hypervolume and coverage rate.

Parameter CIFAR-10 SVHN & GTSRB Dogs vs. Cats Dataset hv(Ap) h(Ap) C(Ap,AD) C(Ap,Ap)
Conv depth 6,7,...,10 6,7,...,12 6,7,...,12 CIFAR-10 0.35 0.63 100% 0%
Conv features 32,48, ...,128 32,48, ...,128 32,40, ...,128 SVHN 0.23 0.50 82% 0%
Conv kernel size 3,5,7 3,5,7 3,5,7 GTSRB 0.16 0.45 80% 0%
Conv strides 1,2 1,2 1,2 Dogs vs. Cats 0.25 0.75 60% 0%

FC depth 0,1,2 0,1,2 0,1,2

FC units 26 27 928 24,95 . 28 24,95 . 28 .

FC dropout rate 001,02 001,02 001,02 Searches using small dataser (C¥FAR-10, SVHN3 'afld
Batch size 64 64 40,60,80,100 GTSRB) evaluate 100 models, including five random initial
Epochs 40 20 25 evaluations. For the Dogs vs. Cats dataset, training takes sig-
Learning rate 0.005 0.1 0.008

has 1 — 10~% probability of being accepted if predicted to
be Pareto optimal or 10~* probability of being accepted if
predicted to be dominated by the current Pareto front. The
sampling process continues until a new candidate is accepted
for evaluation.

We perform hyperparameter optimization on CNN topolo-
gies derived from cost-efficient MobileNets [24], which re-
place standard convolutions with depthwise separable convo-
lutions in the hidden layers. Depthwise separable convolutions
factorize a standard convolution into a depthwise convolution
and a pointwise convolution. Each convolution operation is
followed by batch normalization [25] and ReL.U activation.
A depthwise separable convolution operation is counted as
one layer in terms of Conv depth, with tunable Conv kernel
size and Conv stride in depthwise convolution and tunable
number of output features (channels) of pointwise convolution.
Down sampling of feature maps is handled with strided
convolution in the depthwise convolutions or the input layer.
To predict candidates’ error rate, we adopt the meta-network
implementation and its input encoding scheme from [9].

We picked four datasets with diverse characteristics and ap-
plication purposes. Each dataset presents a different challenge
to the multi-objective CNN design.

CIFAR-10. The CIFAR-10 [26] dataset consists of 32 x
32 RGB images from 10 categories. The training and testing
sets contain 50,000 and 10,000 images respectively.

SVHN. The Street View House Numbers (SVHN)
dataset [27] contains 32 x 32 RGB images of cropped house
number digits from street view images. There are 73,257
images for training and 26,032 images for testing.

GTSRB. The German Traffic Sign Recognition Bench-
mark [28] contains 43 classes of colored traffic sign images.
The training and testing sets contain 39,209 and 12,630 images
respectively. We resize all images to 32 x 32 pixels.

Dogs vs. Cats. This dataset contains 25,000 colored
images of dogs and cats [29]. We resize the images to
224 x 224 and randomly split the full dataset into 20,000
images for training and 5,000 images for testing.

We train and evaluate CNNs on three different GPUs: the
CIFAR-10 experiments are conducted on an NVIDIA K20
GPU; the SVHN and GTSRB experiments are run on one
GK210 GPU out of the pair available in an NVIDIA K80;
the Dogs vs. Cats experiments are run on an NVIDIA GTX
1080 Ti. Table I details all hyperparameters along with their
possible values for each dataset.
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nificantly longer than smaller datasets. Therefore, we evaluate
30 models per experiment with three initial evaluations. We
measure inference latency with a batch size of 32 and report
the average latency per inference from 25 measurements. All
CNN models are trained using the Adam optimizer [30] with
categorical cross entropy loss without data augmentation. To
balance the runtime between sampling candidates and evaluat-
ing selected candidates, we set the number of feasible network
samples K to 200 for probabilistic SMBO. In Section V-C we
assess the effect of K on solution quality and optimization
efficiency.

V. RESULTS

Figure 2 shows the results of probabilistic and deterministic
SMBO as well as their performance in comparison with
MobileNetV2 and DenseNet on each dataset.

A. Comparison with Deterministic SMBO

We use hypervolume hv and coverage C metrics to mea-
sure the relative quality of one solution set with respect to
another [12], [31]. The hypervolume hv is the normalized
dominating area under a given POF in the objective space,
where at least one Pareto solution is dominated. A better
Pareto optimal front should have a lower hypervolume. The
coverage function C measures the percentage of solutions in
a set X’ C M which is dominated by solutions in another
set X” C M. C(A,B) = 1 corresponds to the case when
all the solutions in B are dominated by those in A, whereas
C(A, B) = 0 represents the case when none of the solutions
in B are dominated by those in A.

Table II lists the hypervolumes and coverage rates of the
Pareto optimal sets of probabilistic and deterministic SMBO
(Ap, Ap respectively). Both metrics show that probabilistic
SMBO consistently outperforms deterministic SMBO on all
four datasets. In particular, Ap entirely dominates Ap on
CIFAR-10 and achieves 67% improvement in terms of hy-
pervolume on GTSRB and Dogs vs. Cats. On average, Ap
reduces hypervolume by 57% over Ap. It is also noteworthy
that Ap dominates the majority of solutions in Ap, while
none of the solutions in Ap are dominated by those in Ap
(C(Ap,Ap) = 0), a clear display of the superior search
efficiency of probabilistic SMBO across all datasets: given the
same budget for evaluations, probabilistic SMBO finds ample
solutions that surpass the Pareto front of deterministic SMBO,
at times in dramatic fashion (e.g., SVHN and Dogs vs. Cats
in Figure 2).
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Fig. 2: Experimental results on image classification datasets.

TABLE III: CNN performance
provided in unit of millisecond.

results. Inference latency are

CIFAR-10 SVHN GTSRB Dogs vs. Cats

E L E L E L E L
Prob. SMBO  11.7 0.3 57 0054 52 008 4.1 1.3
MNV2-1.0 15.1 1.7 8.5 22 66 22 39 3.8
MNV2-0.75 15.1 1.6 7.7 20 7.6 20 63 3.7
MNV2-0.5 17.1 14 122 1.6 7.1 1.6 44 3.1
MNV2-0.35 205 1.4 100 1.5 80 1.5 53 2.9
DenseNet 85 20 34 1.5 18 1.5 84 3.1

B. Comparison with Manual Designs

To further validate the effectiveness of probabilistic SMBO,
we compare the performance of its solutions to hand-crafted
efficient CNNs MobileNetV2 [14] and DenseNet [13] after
the same number of epochs of training. Since both designs
come in different-sized variants, we selected the variants
whose inference speed are closer to the level of our searched
models’. On small image datasets, we selected MobileNetV2
models with the lowest input resolution, 96 (images are resized
accordingly), and width multipliers of 0.35, 0.5, 0.75, 1; for
DenseNet we selected an efficient model with number of layers
L = 40 and growth rate k£ = 12. On the Dogs vs. Cats dataset,
we deployed variants of MobileNetV2 with input resolution
of 224 and the same width multipliers; we also deployed
DenseNet-121, which is designed for 224 x 224 images. We
follow the training procedures in the literature, except for
MobileNetV2 on Dogs vs. Cats, where we fine-tuned from
weights pre-trained on ImageNet; training from scratch results
in much lower accuracy.

Figure 2 illustrates the results. Compared to MobileNetV2,
models generated by probabilistic SMBO offer tremendous
speedup with similar or better accuracy. Our searched models
strike a trade-off with DenseNet on small image datasets
and dominate DenseNet on Dogs vs. Cats. For a more com-
prehensive comparison, we select the most accurate CNN
models generated by probabilistic SMBO and compare their
performance to manual designs in Table III. On the CIFAR-10
dataset, our model runs 6.6x faster than DenseNet, with
3.2% lower accuracy. On SVHN, our model only requires a
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fraction (3.6%) of the inference latency of DenseNet, with
2.3% reduction in accuracy. On GTSRB, our model achieves
17.4x speedup over DenseNet, with 3.4% lower accuracy.
On Dogs vs. Cats dataset, our model is almost as accurate
as MobileNetV2-1.0 (MNV2-1.0) but runs 2.8 x faster. While
probabilistic SMBO does not find the most accurate model,
the low inference latency of the models can be very appealing
to some applications such as real-time video applications.

Furthermore, results on different datasets expose some
major issues with manually designed CNNs. First, manual
designs’ performance are inconsistent across datasets. Mo-
bileNetV2 models are more accurate on Dogs vs. Cats;
DenseNet performs better on small image datasets. Proba-
bilistic SMBO is able to adapt to different tasks and find
competitive models on all datasets using relatively similar
design space configurations.

Second, scaling a baseline network is not an effective
way to explore trade-offs between accuracy and hardware
performance. For instance, a MobileNetV2 model with a width
multiplier of 0.35 (MobileNetV2-0.35) reduces the number of
MACs and weights by 80% and 52% respectively over a full-
size baseline model (MobileNetV2-1.0). However, the actual
inference latency reduction over the baseline model is much
worse than what’s expected in theory, ranging from 17.6%
to 31.8% on different GPUs. Recent research has shown that
reducing the number of MACs or weights does not necessar-
ily improve inference speed or energy, since device-related
performance metrics are not only dependent on the CNN
configuration but also the implementation of hardware and
software [11], [32]. Multi-objective optimization finds better
solutions than scaling manually designed baseline models.

C. Varying the Amount of Samples
TABLE IV: Time consumption (hours) with different K value.

Total runtime  Funtional runtime Overhead
K =100 6.9 4.7 (67.6%) 2.2 (32.4%)
K =200 6.3 32 (50.1%) 3.1 (49.9%)
K =400 7.5 2.7 (36.5%) 4.8 (63.5%)
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Fig. 3: Pareto fronts as a function of K on GTSRB.

Our final experiments analyze the effect on the performance
and runtime of probabilistic SMBO when varying the amount
of samples per iteration (K). By ranking candidates based
on their probabilistic Pareto efficiency, probabilistic SMBO
compares a group of candidates and picks the most promising
candidate for evaluation; higher K means more designs are
considered. Time spent on training and testing sampled CNN
models (evaluate step) is functional runtime whereas time
spent sampling candidates (sample step) or training the meta-
network (update step) is overhead. We run three sets of
experiments on GTSRB with K = 100, 200, 400, using the
settings in Table I. A total of 50 evaluations are performed with
five initial random evaluations. The resulting Pareto fronts are
plotted in Figure 3. Table IV summarizes the time consumption
of probabilistic SMBO with different K values.

As K increases, we observe a decrease in functional evalu-
ation time and an increase in overhead. While the increase in
overhead can be attributed to extra work in the sample step,
the decrease in functional evaluation time is most likely due
to more Pareto-efficient models being selected. Although the
inference latency and training time of a CNN model are not
directly correlated, our hypothesis is that models with lower
inference latency on GPUs tend to consume less time for the
same amount of training. As a result, the total time required
with K = 200 is actually lower than with K = 100.

In terms of performance, the POFs generated with K = 200
and K = 400 clearly dominates the POF generated with K =
100. There is no significant improvement in search efficiency
when increasing K from 200 to 400. In this case, K = 200
results strike the best trade-off.

VI. CONCLUSIONS

This paper presents a probabilistic approach to improve the
search efficiency of SMBO in multi-objective optimization of
CNNs. The key idea is to probabilistically evaluate candi-
dates’ Pareto efficiency by incorporating uncertainty in meta-
network prediction and variance in latency measurement. With
probabilistic Pareto efficiency, our proposed method compares
a group of sampled candidates and select the one with the
best chance of extending the current POF. Results on four
image classification datasets demonstrate that our approach
achieves superior search efficiency and finds better Pareto
optimal solutions than deterministic approaches. CNN models
generated by probabilistic SMBO are also competitive with
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state-of-the-art hand-crafted mobile CNNs, providing much
lower inference latency while maintaining similar accuracy.
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