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Abstract—Deep neural network ensembles have become attractive learning techniques with better generalizability over
individual models. Some mission critical applications may require
a large number of deep neural networks to achieve desirable
accuracy and generalizability, making the ensemble execution
costly with respect to runtime and space. This paper proposes
a novel hierarchical ensemble pruning approach, which can
effectively examine a given pool of M base models and identify
smaller high quality deep ensembles of size S ( M ) with
higher ensemble accuracy than the entire deep ensemble of
all M models. Our hierarchical pruning approach, coined as
HQ, combines three novel techniques. First, we show that
the focal diversity metrics is innovative and can accurately
capture the negative correlation among the member models of
an ensemble, and the use of focal diversity metrics can boost
ensemble accuracy. Second, we introduce a focal-diversity based
hierarchical pruning algorithm to progressively identify low-cost
ensembles with high ensemble diversity and accuracy. Third,
we design a focal diversity consensus method to ﬁnd smaller
deep ensembles with low negative correlation. We demonstrate
such ensembles offer high accuracy and high robustness while
being more time and space efﬁcient in ensemble decision making.
Evaluated using two benchmark datasets, we show that the
proposed focal diversity powered hierarchical pruning can ﬁnd
signiﬁcantly smaller ensembles of deep neural network models
while achieving the same or better classiﬁcation generalizability.

I. I NTRODUCTION
Deep neural network ensembles have gained increasing
popularity in the deep learning community for improving the
generalizability and robustness with the combined wisdom of
multiple deep neural networks. Some mission critical applications may require a large number of deep neural network
models to achieve a desirable accuracy and robustness, making
the ensemble execution both space and time consuming. Several recent works have shown that deep ensembles with high
diversity are expected to be more failure independent, which
can be critical for improving the overall ensemble accuracy
and robustness, including under adverse situations [1], [2].
However, in practice, deep neural network models that are
trained with different neural network backbones may not have
high ensemble diversity and failure independence [1], [3],
[4]. Therefore, given a deep ensemble of a large size such
as 10, it is often possible and beneﬁcial to ﬁnd signiﬁcantly
smaller deep ensembles (e.g., 3 or 4 models) with the same or
better classiﬁcation generalizability as that of the entire deep
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ensemble [5]–[8]. This motivates us to propose an effective
ensemble pruning approach to utilize our enhanced focal
diversity metrics to identify small and yet highly diverse deep
ensembles that can achieve the same or better ensemble accuracy while improving space and time efﬁciency of ensemble
execution, compared with the large entire ensemble.
Ensemble learning evolves from the three complementary
threads of efforts. The ﬁrst thread of work designs the algorithms for training ensembles using a set of weak models,
such as bagging [9], boosting [10] and random forests [11].
It tends to require large ensembles of tens or hundreds of
models, represented by the popular random forests in real
world deployment. In recent years, a new initiative is to
identify high quality deep ensembles from a pool of strong
base models with high individual model accuracy and different
neural network backbones. These efforts focus on choosing
the high quality ensembles that can minimize the correlation
of member models on negative samples by using ensemble diversity based methods [1], [3], [7], [8]. This paper contributes
to this second thread. The third thread of work centers on
voting methods to obtain the ensemble prediction based on
member models of an ensemble, such as simple averaging,
majority voting, and plurality voting [8], [12]. Prior to 2015,
most of the studies [5], [6], [13] have centered on learning
and selection of ensembles for traditional machine learning
models. Only recently, we have seen several research efforts on
deep neural network (DNN) ensembles, most of which focused
on training multiple models jointly, such as using diversity via
weighted kernels [14]–[16] and employing deep ensembles in
real-world applications, such as leveraging deep ensembles
to enhance the robustness and resilience of DNNs against
adversarial examples [1], [2], [4], [14], [17]. However, very
few to the best of our knowledge have put forward solutions
to efﬁcient pruning of deep ensembles, aiming to substantially
reduce the space and time cost of real time ensemble execution
and deploying deep ensembles on edge devices.
In this paper, we present a holistic approach to efﬁciently
pruning deep neural network ensembles. Given a large deep
ensemble of M individual DNN models, to ﬁnd signiﬁcantly
smaller deep ensembles with the same or better ensemble
accuracy than the entire deep ensemble of M models, we
propose a hierarchical deep ensemble pruning framework,
HQ, by combining three novel ensemble selection techniques.
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TABLE I: Example Deep Ensembles for CIFAR-10 and ImageNet
Dataset
Ensemble Team
Ensemble Acc (%)
Acc Improvement (%)
Team size
Cost

0123456789
96.33
0
10
100%

CIFAR-10
0123
01238
97.15
96.87
0.82
0.54
4
5
40%
50%

123
96.81
0.48
3
30%

Model ID
0
1
2
3
4
5
6
7
8
9

CIFAR-10
10,000 testing samples
Name
Acc (%)
DenseNet190
96.68
DenseNet100
95.46
ResNeXt
96.23
WRN
96.21
VGG19
93.34
ResNet20
91.73
ResNet32
92.63
ResNet44
93.10
ResNet56
93.39
ResNet110
93.68

0123456789
79.82
0
10
100%

ImageNet
12345
2345
80.77
80.70
0.95
0.88
5
4
50%
40%

1234
80.29
0.47
4
40%

124
79.84
0.02
3
30%

ensemble set EnsSet and obtaining the set GEnsSet of good
deep ensembles with high ensemble diversity.
Table I lists 5 example deep ensembles for CIFAR-10 and
ImageNet respectively, including the entire deep ensemble
of 10 models and 4 smaller deep ensembles recommended
by our hierarchical ensemble pruning approach. This set of
experiments is performed by using the 10 pre-trained models
for each of the two datasets given in Table II. For both CIFAR10 and ImageNet, comparing the 10 model ensemble team, the
four deep ensembles recommended by our hierarchical pruning
approach are much smaller with 3, 4 or 5 individual member
models, while offering better ensemble accuracy than the given
large size entire deep ensemble of 10 models. The reduction
in the entire ensemble execution cost is about 50%∼70%
of the execution cost for the given 10-model ensemble in
both CIFAR-10 and ImageNet respectively. Consider the given
ensemble team of size M = 10, there will be a total of
1012 candidate deep ensembles to be examined for pruning.
How should we design our hierarchical pruning approach
for efﬁciently identifying and selecting such time and space
efﬁcient small size ensembles with the same or better ensemble
accuracy, which can notably reduce both runtime and space
cost for ensemble execution?
Problems with Baseline Ensemble Pruning. Recall our discussion in related work, several recent studies have leveraged
deep ensembles to improve the robustness of DNN models
against adversarial examples [1], [2], [14], [17]. Most of these
approaches utilize the Cohen’s Kappa (CK) [20] because early
studies [21], [22] show that both pairwise metrics such as
Cohen’s Kappa (CK) [20], Binary Disagreement (BD) [23],
and non-pairwise metrics, such as Kohavi-Wolpert Variance
(KW) [21], [24], Generalized Diversity (GD) [25], share
similar evaluation results with respect to ensemble accuracy.
In this section, we argue that all above diversity measures
are originally designed for comparing ensembles instead of
selecting ensembles. Hence, they tend to fail when used to
select high quality small size ensembles deﬁned by ensemble
accuracy and ensemble execution efﬁciency with respect to
runtime and space cost of ensemble execution.
We ﬁrst use the naı̈ve diversity as the baseline ensemble
pruning method and analyze its inherent problems. Given a
diversity metric, such as BD or GD, the baseline diversitybased pruning method is to calculate the diversity score for
each deep ensemble team in the set (EnsSet) of all candidate
ensembles using a set of negative samples (N egSampSet)
on which
M −1any one or more models make prediction errors ( i=0 N egSampSet(Fi )) following [21]. A baseline
method for pruning a given entire deep ensemble of M individual models can be performed in three steps: (1) For every

TABLE II: All Individual Member Models for Two Datasets
Dataset

1234
96.63
0.30
4
40%

ImageNet
50,000 testing samples
Name
Acc (%)
AlexNet
56.63
DenseNet
77.15
EfﬁcientNet-B0
75.80
ResNeXt50
77.40
Inception3
77.25
ResNet152
78.25
ResNet18
69.64
SqueezeNet
58.00
VGG16
71.63
VGG19-BN
74.22

First, we use focal diversity metrics [7] to capture the negative correlation among member models of a deep ensemble.
The lower focal diversity score indicates the lower level of
negative correlation among member models of an ensemble.
This is the ﬁrst innovative method to compare different deep
ensembles based on their focal diversity scores and choose
the high diversity ensemble that has the low level of negative
correlation. Second, we introduce a novel focal-diversity based
hierarchical pruning method, which iteratively identiﬁes and
prunes out subsets of member models from the entire deep
ensemble team, which tend to make similar prediction errors
and display high negative correlation. Third, we leverage
multiple competing focal diversity metrics to design diversity
consensus voting based focal diversity pruning. This enables us
to further reﬁne the ensemble recommendations from hierarchical pruning. Comprehensive experiments are conducted on
two benchmark datasets: CIFAR-10 [18] and ImageNet [19].
The results show that our hierarchical pruning approach is
effective in ﬁnding signiﬁcantly smaller deep ensembles with
the same or better accuracy than the entire deep ensemble.
II. H IERARCHICAL P RUNING WITH F OCAL D IVERSITY
Consider an entire large deep ensemble of M individual
member models (Fi , i ∈ {0, 1, ..., M − 1}) for a learning task on a given dataset, denoted by F0 F1 ...FM −1 . Let
EnsSet(F0 F1 ...FM −1 ) (EnsSet for short) denote the set
of all candidate deep ensembles of size S composed from
any proper subset of the given M individual
(S =

M −1 models
M
candidate
2, . . . , M −1). Hence, we have a total
of
S=2
S 
  M


M
deep ensembles, i.e., |EnsSet| = M
2 + 3 + ... + M −1 =
2M −(2+M ). The cardinality of EnsSet grows exponentially
with M . For M = 3, we have |EnsSet| = 3. For M =
5, 10, 20, |EnsSet| = 25, 1012, 1048554 respectively. When
M is large, an exhaustive search of all candidate deep ensembles in EnsSet may not be feasible. Therefore, efﬁciently
pruning the entire deep ensemble of M individual models
can be characterized as the problem of pruning duplicate or
low diversity candidate ensembles from the candidate deep
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possible candidate deep ensemble in EnsSet, we compute
the ensemble diversity score using CK, BD, KW or GD, for
example; (2) we compute the mean diversity threshold; and
(3) we select those ensembles in EnsSet with their diversity
scores below the threshold (high ensemble diversity) and place
them into the good deep ensemble set GEnsSet, and the
remaining ensembles with their diversity scores higher than
the threshold (low ensemble diversity) will be pruned out.

deep ensemble (96.33% accuracy) given the lower accuracy
bound of 93.56%. Similar observations are observed on other
diversity metrics, i.e., CK and KW. This motivates us to reexamine the way that ensemble diversity should be measured
and to improve the baseline mean threshold based pruning.
TABLE III: Prune ensembles by mean threshold (CIFAR-10)
Methods
Acc Range (%)
for GEnsSet
Precision (%)
Recall (%)

BD<0.661
(baseline)

F-BD<0.398
(optimized)

GD<0.476
(baseline)

F-GD<0.457
(baseline)

93.56∼96.72

95.71∼97.15

93.56∼97.15

95.71∼97.15

6.18
11.72

63.53
95.51

36.90
63.10

53.90
97.59

Focal Diversity based Hierarchical Pruning. In this study,
we leverage three novel techniques to optimize ensemble
diversity measurement and improve ensemble pruning results.
First, focal model enhanced diversity metrics are used to
improve the ensemble diversity measurement by leveraging
the concept of focal models to precisely capture the failure
independence of member models in a deep ensemble team.
Second, a novel focal diversity based hierarchical ensemble
pruning algorithm is proposed to progressively identify and
prune out subsets of redundant member models with high
failure dependency from the entire deep ensemble. Third, the
diversity consensus voting is used to combine multiple focal
diversity metrics to further improve our focal diversity based
hierarchical pruning.

(a) GD, Pruning 427 out of 1012 (b) F-GD, Pruning 517 out of 1012
Fig. 1: Pruning all ensembles by mean threshold on CIFAR10: (a) Naı̈ve Diversity (GD), (b) Focal Diversity (F-GD)
Figure 1a shows the relationship between the naı̈ve GD
scores and ensemble accuracy for all 1013 (1012 + 1) deep
ensembles on CIFAR-10, including the entire deep ensemble.
Each dot represents a deep ensemble team with team sizes
color-coded by the color diagram on the right. The vertical
red dashed line represents the GD mean thresholds of 0.476.
We can visually see that those deep ensembles on the left
of the vertical red line will be selected by the baseline GD
diversity pruning and placed into GEnsSet. The horizontal
black dashed line represents the ensemble accuracy 96.33%
of the entire deep ensemble. The given entire deep ensemble
of M = 10 models for CIFAR-10 is marked by the black
circle on this horizontal line. For a given large ensemble of M
models, we evaluate the performance of each deep ensemble
pruning algorithm in terms of four metrics: (1) The ensemble
accuracy range for selected deep ensembles in GEnsSet; (2)
the precision, measured by the ratio of the number of selected
ensembles whose ensemble accuracy is equal to or higher than
the accuracy of the given entire ensemble (target accuracy,
which is 96.33% for the ensemble of 10 models on CIFAR-10)
over the total number of all selected ensembles; (3) the recall,
measured by the ratio of the number of selected ensembles in
GEnsSet over the total number of the candidate ensembles in
EnsSet, whose ensemble accuracy are equal to or higher than
the target accuracy of the entire ensemble; and (4) the cost,
measured by the reduction of the ensemble size against the
entire ensemble size M . Recall Table I on example ensembles
for CIFAR-10, the smaller ensemble of 123 has the cost of
30%, computed by 3/M , where M = 10. In Table III, we show
that BD-based baseline pruning in the 2nd column suffers
from very low precision of 6.18% and low recall of 11.72%.
Although GD-based baseline pruning in the 4th column has
the precision of 36.90%, it is still lower than the acceptable
ratio of over 50%. Furthermore, both of the baseline diversity
pruning algorithms cannot ensure that all selected ensembles
have the same or better ensemble accuracy than the entire

III. F OCAL D IVERSITY BASED H IERARCHICAL P RUNING
Focal Diversity Concept. We ﬁrst introduce the concept
of focal model enhanced diversity measure and deﬁne focal
model enhanced pairwise and non-pairwise diversity metrics,
coined as F-CK, F-BD, F-KW and F-GD. The design of
our focal diversity metrics aims to more accurately capture
the failure independence based diversity of an ensemble of
S member models for classiﬁcation. Concretely, given an
ensemble of size S, we use each of the S member models as
the focal model to collect negative samples and compute focalmodel based diversity score. Unlike conventional approaches
to evaluate ensembles, which randomly draw negative samples
from any one or more models (N egSampSet) for evaluating
an ensemble of S member models, such as the naı̈ve diversity
metrics, we randomly select negative samples from a speciﬁc
focal model (N egSampSet(Ff )) and then calculate the focal
model based diversity score. For an ensemble of S models, we
will have S focal model based diversity scores corresponding
to this ensemble. We then combine these S focal diversity
scores by taking the average as the ﬁnal focal diversity score
of this ensemble of size S. In the context of adversarial
robustness with ensemble defense [2], [17], our focal diversity
metrics can be viewed as taking the victim model or the
attack target model as the focal model for evaluating failure
independence of the defense ensemble using negative samples.
Our preliminary results have shown some very promising
results [7], [8].
Figure 1b shows a visualization comparison of using the
focal model enhanced F-GD metric compared to Figure 1a
using the naı̈ve GD metric. It is visually clear that F-GD based
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pruning even with mean threshold shows the pruning efﬁciency
improvement over the baseline GD based pruning, identifying
larger percentage of smaller ensembles with ensemble accuracy above the target accuracy 96.33%.
Table III shows the comparison of focal diversity based
pruning algorithms F-BD and F-GD in the 3rd and 5th columns
respectively using our pruning efﬁciency evaluation metrics.
We observe that both F-BD and F-GD signiﬁcantly improve
the baseline BD and GD pruning in terms of the accuracy
range of the selected deep ensembles (in GEnsSet), the
precision and the recall. Similar improvements are observed
for the F-CK and F-KW based pruning algorithms as well.
Although our focal model enhanced diversity pruning has very
high recall, over 95% for both F-BD and F-GD, their precision
of 63.53% for F-BD and 53.90% for F-GD can still be further
improved for achieving very high ensemble pruning efﬁciency.
This motivates us to explore new solutions to replace the mean
diversity threshold based pruning.
Hierarchical Pruning Overview. Given a focal diversity
measure, say F-GD, it exhibits some anti-monotonicity property. Concretely, if an ensemble of S member models has a
large F-GD diversity score (say [F5 , F6 ]), it often indicates
insufﬁcient ensemble diversity, high correlation for prediction
errors, thus redundant for the entire ensemble. Therefore, those
ensembles that have a larger size than S and contain this small
ensemble of low diversity (e.g., [F0 , F5 , F6 ], [F5 , F6 , F7 ],
[F0 , F5 , F6 , F7 ], and [F0 , F5 , F6 , F8 ]) tend to have insufﬁcient
ensemble diversity (i.e., larger F-GD diversity scores) compared to those deep ensembles of the same size with other
highly diverse member models. This motivates us to design
a hierarchical focal diversity based pruning algorithm. It is
an iterative process of composing deep ensemble teams for
a given desired team size Sd . First, we start with the set of
ensembles
  of two individual models, say S = 2, |EnsSet(S =
2)| = M
2 = M (M − 1)/2 candidate ensembles. For M = 10
we will have 45 ensembles of size 2. Given a focal diversity
metric, we ﬁrst sort the ensembles of small size S, say S = 2,
by their focal diversity scores in a decreasing order, and then
choose the top β (percentage) of ensembles of size S with
large diversity scores as our pruning targets for ensembles
of size S. β can be dynamically set to adapt to the speciﬁc
number of candidate ensembles and diversity measurements.
In general, we recommend a conservative approach to setting
a small β (e.g., β = 10% by default) to achieve high precision
and good recall. We ﬁrst preemptively prune out the β(%) of
the ensembles with large diversity scores (i.e., low ensemble
diversity) and then prune all subsequent ensembles that are
super-sets of these β(%) of pruned ensembles.
Figure 2 shows a hierarchical structure with all M member
models on the top, followed by all ensembles of the smallest
size 2, and each tier we add one additional model to the ensemble teams such that all teams of size S+1 are placed in the next
tier. This way of constructing deep ensembles enables us to
efﬁciently form high quality deep ensembles step by step and
strategically prune out low diversity ensembles. The bottom
tier will be the ensemble teams of the desired size Sd . For

Fig. 2: Hierarchical Pruning
each ensemble being pruned out (e.g., F5 F6 ), our hierarchical
pruning algorithm will cut off the branches of ensembles that
are super-sets of this removed ensemble, e.g., all ensembles
containing F5 F6 , marked by red cross in Figure 2. Hence,
this algorithm can signiﬁcantly avoid exploring unpromising
branches in searching for high performance deep ensembles.
Figure 3 shows the visualization of applying the F-GD hierarchical pruning algorithms respectively with β = 10%, Sd =
5 on CIFAR-10. The black dots denote the ensemble teams
pruned out by using the hierarchical pruning and the red dots
are the ensembles selected. We highlight three interesting observations. First, F-GD diversity metrics display an interesting
property: the ensembles with low focal diversity scores tend
to give high ensemble accuracy, especially when comparing
ensembles of the same sizes, such as S = 3, 4, 5. Second,
our hierarchical pruning can effectively prune out those ensembles with insufﬁcient diversity (large focal diversity scores).
This is because the focal diversity based hierarchical pruning
promotes more fair comparison of focal ensemble diversity
among ensembles of the same size S. Comparing Figure 3 and
Figure 1, the correlation between focal diversity and ensemble
accuracy is visually much clearer for the ensembles of a ﬁxed
size S in Figure 3. Third, the desired ensemble team size Sd
can be set to ultimately bound the time and space complexity of ensemble execution cost in our hierarchical pruning
algorithm. If the goal of pruning the entire deep ensemble
of M individual member models is to obtain signiﬁcantly
smaller ensembles (e.g., one half or one third of the size M ),
which still provide equal or better ensemble accuracy than
the entire ensemble of the M models, we can set the desired
ensemble size Sd to be up to 50%×M . Finally, we want to
note that from Figure 3c, all of the selected ensembles achieve
the ensemble accuracy above 96.33%, resulting in the perfect
precision of 100% for our focal diversity based hierarchical
pruning algorithm with F-GD. Similar observations are found
consistently for the other three focal diversity metrics (F-CK,
F-BD and F-KW).
Focal Diversity Pruning by Diversity Consensus Voting.
Given the set of focal diversity metrics, such as F-CK, F-BD,
F-KW, F-GD, the focal diversity pruning using different metrics may recommend different sets of ensembles. Moreover,
we observe that those ensembles that are selected by all or
a majority of the focal diversity pruning algorithms (e.g., FCK pruning, F-GD pruning, etc.) tend to have more consistent
performance. This motivates us to perform the third step in our
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(a) S=3, (Pruning 35 out of 120)

(b) S=4, (Pruning 124 out of 210)

(c) S=5, (Pruning 215 out of 252)

Fig. 3: Deep Ensembles of size S = 3, 4, 5 on CIFAR-10 (F-GD, β = 10%, Sd = 5)
HQ ensemble pruning framework, which further leverages the
diverse strength of these focal diversity metrics for ensemble
pruning by consolidating the ensembles recommended by
different focal diversity pruning algorithms using a majority
voting scheme: an ensemble of size Sd is added to the ﬁnal
selection if it is selected by at least three focal diversity metrics
via hierarchical pruning. This third step further improves the
efﬁciency of our focal diversity based hierarchical ensemble
pruning in terms of ensemble accuracy and robustness as well
as ensemble execution efﬁciency (space and time).
IV. E XPERIMENTAL E VALUATION
Extensive experiments on two benchmark datasets (CIFAR10 and ImageNet) are conducted with the given entire ensemble of 10 individual member models for each dataset (see
Table II). All experiments were conducted on an Intel Xeon
E5-1620 server with Nvidia GTX 1080Ti on Ubuntu 16.04.
Efﬁciency of Pruning with Varying β. Our hierarchical pruning algorithm includes a hyperparameter β to determine the
percentage of ensembles to be pruned out for each ensemble
size S. Intuitively, a higher β will prune out more ensembles,
and hence potentially result in lowering the recall score. The
high precision score indicates that the pruning algorithm can
correctly and effectively identify the small ensembles with the
same or better ensemble accuracy than the target accuracy of
the entire deep ensemble. Figure 4 shows the impact of varying
β from 5% to 35% on the pruned ensembles of CIFAR-10 and
ImageNet respectively, with the desired ensemble size Sd = 4
using the F-GD hierarchical pruning. It shows indeed that as
the β increases, the pruning precision increases while the recall
decreases for the pruned deep ensembles of both datasets.
Since the design of our focal diversity based hierarchical
pruning approach aims at achieving a very high precision
with a good recall, such as 50% recall, for CIFAR-10 with
Sd = 4, we choose β = 20% to achieve the pruning efﬁciency
measured by 81.25% precision and 52% recall. We follow the
same principle to determine the β for other experiments.
We then compare the four focal diversity based hierarchical
pruning methods and the diversity consensus voting based
focal diversity pruning in terms of pruning efﬁciency measured
by precision and recall on two benchmark datasets.
CIFAR-10. Table IV shows the evaluation of our hierarchical
pruning on CIFAR-10 by comparing the four focal model

Fig. 4: Impact of β on Precision and Recall (Sd = 4, F-GD)
TABLE IV: Hierarchical Pruning with Sd =5 on CIFAR-10
Methods
Precision (%)
Recall (%)

F-CK
85.71
17.14

F-BD
100
51.43

F-KW
100
51.43

F-GD
100
52.86

MAJ-F
100
47.14

TABLE V: Hierarchical Pruning with Sd =4 on CIFAR-10
Methods
Precision (%)
Recall (%)

F-CK
26.09
12.00

F-BD
81.25
52.00

F-KW
81.25
52.00

F-GD
81.25
52.00

MAJ-F
81.25
52.00

enhanced diversity metrics and the diversity consensus voting
based focal diversity pruning over the four different focal
diversity pruning methods, with β = 10% and Sd = 5 (Cost:
50%), where F-GD corresponds to Figure 3. We highlight
two interesting observations. First, our hierarchical pruning
algorithm performs very well with all four focal diversity
pruning methods, achieving over 85% precision in identifying
smaller ensembles of the same or higher ensemble accuracy
than the entire ensemble. In particular, F-BD, F-KW and
F-GD achieved 100% precision for pruning the entire deep
ensemble. Second, the diversity consensus voting based focal
diversity pruning, denoted by MAJ-F, maintains the 100%
precision. Its slightly lower recall compared to F-BD, F-GD,
F-KW is expected since it further reﬁnes the pruning results
by removing those ensembles not being selected by at least
three focal diversity metrics, thus, slightly reducing the number
of selected ensembles. Table V shows similar observations
by changing β = 20% and Sd = 4 (Cost: 40%). In this
setting, the F-CK pruning performs worse than the other three
focal diversity pruning methods, while the diversity consensus

1437

voting based focal diversity pruning method MAJ-F can still
maintain 81.25% precision, demonstrating its robustness.
TABLE VI: Hierarchical Pruning with Sd =5 on ImageNet
Methods
Precision (%)
Recall (%)

F-CK
0
0

F-BD
75.61
64.58

F-KW
75.61
64.58

F-GD
74.42
66.67

MAJ-F
78.95
62.50

ImageNet. Table VI shows the evaluation comparison experiments on ImageNet with β = 10% and Sd = 5 (Cost:
50%). We make two highlights. First, the hierarchical pruning
methods using F-BD, F-KW and F-GD all achieved very
high precision of above 74.42%, successfully identifying the
smaller ensembles of 50% smaller than M = 10 and with
ensemble accuracy above the target accuracy 79.82% of the
entire deep ensemble. However, F-CK failed to ﬁnd even one
satisfying ensemble for ImageNet, showing the limitation of
the CK diversity even optimized by focal model based enhancement. Second, the diversity consensus voting based focal
diversity pruning method (MAJ-F) can further improve the
precision from 74.42%∼75.61% to 78.95%, demonstrating the
robustness and effectiveness of combining the focal diversity
metrics via majority voting.
V. C ONCLUSION
We have presented a focal diversity based hierarchical ensemble pruning approach, which can ﬁnd signiﬁcantly smaller
deep ensembles while still retain the same or achieve even
better ensemble accuracy than the entire deep ensemble. This
paper makes three original contributions. First, we use the
focal diversity metrics to accurately capture the negative correlation among member models of an ensemble team. This is the
ﬁrst approach to efﬁciently comparing ensemble diversity and
identifying high quality deep ensembles with high ensemble
diversity, and we show this approach can signiﬁcantly boost
the ensemble accuracy for these ensembles selected by using
diversity metrics. Second, we present a hierarchical pruning
algorithm by leveraging the focal diversity property, which can
progressively identify and remove the ensembles with high
negative correlation. Third, we present our HQ approach to
ﬁnding high quality ensembles with a small size (low cost)
and high ensemble accuracy for a given pool of multiple
base models. It consists of focal diversity metrics, hierarchical
pruning algorithms and the diversity consensus voting based
ensemble pruning method. Comprehensive experiments conducted on two benchmark datasets of CIFAR-10 and ImageNet
show that our focal diversity based hierarchical pruning can
effectively prune out ensembles of highly similar individual
member models and ﬁnd substantially smaller deep ensembles
with the same or better ensemble accuracy than that of the
entire ensemble, effectively reducing the space and time cost
for ensemble execution.
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