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Background

Hardware deployment of deep neural networks

DNN Model

High-level Compuataion 
Graph Optimization 

Node-wise Optimization

Final Model 
Deployment

I General deployment framework.

I Support various hardware platforms and
DNN models.

I A DNN model is represented as a graph.

I Layer-wise (node-wise) optimization, to
determine the deployment configuration
for each layer.

I The final model deployment
configuration is the combination of the
layers.
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Background – Some Definitions
Deployment configuration

All of the deployment settings (e.g., thread binding, tensor decomposition, etc.) to be
determined are encoded as a feature vector, denoted as x.

GFLOPS
Giga floating operations per second (GFLOPS) measures the number of floating-point
operations conducted by the hardware per second.

Latency

Latency computes end-to-end model inference time and intuitively reflects the performance
of model deployment.

Objective

Find the optimal x, which has the best deployment performance, from the design space D.
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Background – Traditional active learning optimization

Initialization

I Randomly sample some configurations from the design space.

I Initialize an evaluation model (e.g., XGBoost).

Iterative optimization

I Iteratively select a configruation according to the evaluation model and searching
strategy

I Compile and deploy the configuration.

I Update the evaluation model.

I Stop until convergence.
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Background

Current status

I Usually more than millions of candidate configurations in the design space.

I Slow compilation and depolyment processes.

Unsolved problems

I Initialization with underabundant information

I Un-scalability of the optimization process

I Inaccuracy of evaluation functions
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Our Solution

Targets

I Improve data diversity.

I Improve model scalability.

I Improve model accuracy.

Proposed methods

I Batch Transductive Experimental Design

I Bootstrap-guided Adaptive Optimization
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Initialization – Transductive Experimental Design (TED)

Maximize the intra-set diversity

x = arg max
v∈V

‖Kv‖2

k(v, v) + µ

I K: Euclidean distance matrix

I Kv is v’s corresponding column in K

I k(v, v) is v’s diagonal entry in K, µ is a coefficient

I Iteratively select the configuration point which has the largest distance to other
configurations

I The selected points are the initialization set for the evaluation model
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Initialization – Batch TED
Batch method
I Computing distance matrix is very slow, even impossible.
I Sample a batch of sets from the design space and compute the distance matrix for

each set.

weak models to form a better one. In comparison, the boosting
method follows a voting mechanism, which can reduce the bias
among several weak models.

D. Problem Formulation

Definition 1 (Deployment Configuration). All of the deployment set-
tings (e.g., thread binding, thread cooperation, etc.) to be determined
are encoded as the attributes of a feature vector which is termed
as deployment configuration. The feature vector of a deployment
configuration is denoted as x.

Definition 2 (GFLOPS). Giga floating operations per second
(GFLOPS) measures the number of floating-point operations con-
ducted by the hardware per second.

Definition 3 (Latency). Latency computes end-to-end model infer-
ence time and intuitively reflects the performance of model deploy-
ment.

With the above definitions, our problem can be formulated.

Problem 1 (DNN Hardware Deployment Optimization). For each
layer in a DNN model, given a search space D where each
deployment configuration is regarded as a point, the objective of
the hardware deployment optimization is to find the best deployment
configuration x⇤ 2 D which maximizes GFLOPS. The deployment
for the whole model is the combination of configurations for all of
the layers, which is measured by latency.

III. ADVANCED ACTIVE LEARNING FRAMEWORK

In this section, the proposed advanced active learning framework
is explained in detail.

A. Batch Transductive Experimental Design

In the initialization stage of active learning, as mentioned above,
two important problems are unsolved, i.e., initialization in lack of
rich information and un-scalability.

Limited by the computational resources and experimental costs,
Researchers tend to sample as few initial configurations as possible
while building an evaluation function. Meanwhile, to guarantee the
performance of evaluation functions, the sampled configurations
should contain rich data information. From the perspective of
data distribution, containing rich information means that the initial
configurations should have high diversities and scatter across the
input design space [27]. In other words, the sampled configurations
should be as far as possible from each other in the input design
space. A naive solution is to randomly sample some configurations
from the design space. Further, some researchers have proposed
to use SVM or similar methods in which all the configurations
are taken into computations to learn the scattered data [28]–[30].
Inspired by [27], in this paper, we propose to use transductive
experimental design (TED) method , as shown in Algorithm 1. Given
the input un-sampled set V, we will sample a subset X from V which
maximizes the intra-set diversity. KVV 2 R|V|⇥|V| is the distance
matrix of configurations in V. k(v1, v2) 2 KVV is computed as
Euclidean distance, with v1, v2 2 V. According to Algorithm 1,
the configurations that are the most contributive to initialization are
sampled. In summary, it is an easy-to-implement method which has
low computation workloads.

The huge amounts of configurations in DNN deployment problems
make it difficult to find representative initial configurations. To tackle
this efficiently, we further propose batch transductive experimental
design (BTED) by using batch mechanism and randomness, as

Algorithm 1 Transductive Experimental Design – TED(V, µ, m)

Require: (V, µ, m), where V is the un-sampled configuration
set, µ is the normalization coefficient, m is the number of
configurations we will sample.

Ensure: Newly sampled configuration set X.
1: K  KVV, X ;;
2: for i = 1! m do
3: x = arg maxv2V

kKvk2

k(v,v)+µ
; . Kv and k(v, v) are v’s

corresponding column and diagonal entry in K.
4: X = X [ x;
5: K = K � KxK>

x
(k(x,x)+µ)

;
6: end for
7: return Newly sampled configuration set X;

shown in Algorithm 2. We will randomly sample a batch of sets
from the original set and then conduct Algorithm 1 on these sampled
sets. The final output X of Algorithm 2 is the initialization set in
our advanced active learning framework. By introducing randomness
into TED, i.e., line 2 in Algorithm 2, we can reduce the computation
complexity and thus improve the scalability. Besides, our batch
method can stimulate the parallelism in our framework, and enlarge
the random space which is used to generate the initial set. By using
the batch method with a fixed number of initial configurations,
our framework can compute on as many configurations as possible
without delaying the system.

Algorithm 2 Batch Transductive Experimental Design –
BTED(V, µ, M, m, B)

Require: (V, µ, M , m, B), where V is the un-sampled configuration
set, µ is the normalization coefficient, B is the batch size, M is
the number of randomly sampled points and m is the number
of points to be sampled as the initial set.

Ensure: Newly sampled configuration set X.
1: for b = 1! B do
2: Randomly sample a set Vb from V, with |Vb| = M ;
3: X̃b  TED(Vb, µ, m);
4: end for
5: Temporal union set X̃U = X̃1 [ X̃2 [ · · · [ X̃B ;
6: X TED(X̃U , µ, m); return Newly sampled configuration set

X;

B. Bootstrap-guided Adaptive Optimization

Except for the problems in the initialization stage, there still
exist some crucial problems like inaccuracy and un-scalability in
the iterative optimization stage. Firstly, the complexities of hardware
characteristics and DNN models make the evaluation function hard
to simulate the real environment accurately. The evaluation function
would be misled by the already-sampled configurations and make
wrong decisions when selecting new configurations. Besides, as
mentioned before, the configuration space is usually extremely large,
which means that in each optimization step, the searching range of
the next sampled point is too large to be analyzed.

Bootstrap re-sampling has been proven to be an effective tech-
nique to correct and quantify optimization of model performance
[26]. To improve the model accuracy, for the first time, we introduce
the Bootstrap re-sampling technique into the DNN hardware deploy-
ment community. Firstly, we randomly re-sample a batch of sets from
the already-sampled configuration set. Then, we build new evaluation

I Example

Design Space BTED Random
Design Space BTED Random

8 / 16



Initialization – Batch TED
Batch method
I Computing distance matrix is very slow, even impossible.
I Sample a batch of sets from the design space and compute the distance matrix for

each set.

weak models to form a better one. In comparison, the boosting
method follows a voting mechanism, which can reduce the bias
among several weak models.

D. Problem Formulation

Definition 1 (Deployment Configuration). All of the deployment set-
tings (e.g., thread binding, thread cooperation, etc.) to be determined
are encoded as the attributes of a feature vector which is termed
as deployment configuration. The feature vector of a deployment
configuration is denoted as x.

Definition 2 (GFLOPS). Giga floating operations per second
(GFLOPS) measures the number of floating-point operations con-
ducted by the hardware per second.

Definition 3 (Latency). Latency computes end-to-end model infer-
ence time and intuitively reflects the performance of model deploy-
ment.

With the above definitions, our problem can be formulated.

Problem 1 (DNN Hardware Deployment Optimization). For each
layer in a DNN model, given a search space D where each
deployment configuration is regarded as a point, the objective of
the hardware deployment optimization is to find the best deployment
configuration x⇤ 2 D which maximizes GFLOPS. The deployment
for the whole model is the combination of configurations for all of
the layers, which is measured by latency.

III. ADVANCED ACTIVE LEARNING FRAMEWORK

In this section, the proposed advanced active learning framework
is explained in detail.

A. Batch Transductive Experimental Design

In the initialization stage of active learning, as mentioned above,
two important problems are unsolved, i.e., initialization in lack of
rich information and un-scalability.

Limited by the computational resources and experimental costs,
Researchers tend to sample as few initial configurations as possible
while building an evaluation function. Meanwhile, to guarantee the
performance of evaluation functions, the sampled configurations
should contain rich data information. From the perspective of
data distribution, containing rich information means that the initial
configurations should have high diversities and scatter across the
input design space [27]. In other words, the sampled configurations
should be as far as possible from each other in the input design
space. A naive solution is to randomly sample some configurations
from the design space. Further, some researchers have proposed
to use SVM or similar methods in which all the configurations
are taken into computations to learn the scattered data [28]–[30].
Inspired by [27], in this paper, we propose to use transductive
experimental design (TED) method , as shown in Algorithm 1. Given
the input un-sampled set V, we will sample a subset X from V which
maximizes the intra-set diversity. KVV 2 R|V|⇥|V| is the distance
matrix of configurations in V. k(v1, v2) 2 KVV is computed as
Euclidean distance, with v1, v2 2 V. According to Algorithm 1,
the configurations that are the most contributive to initialization are
sampled. In summary, it is an easy-to-implement method which has
low computation workloads.

The huge amounts of configurations in DNN deployment problems
make it difficult to find representative initial configurations. To tackle
this efficiently, we further propose batch transductive experimental
design (BTED) by using batch mechanism and randomness, as

Algorithm 1 Transductive Experimental Design – TED(V, µ, m)

Require: (V, µ, m), where V is the un-sampled configuration
set, µ is the normalization coefficient, m is the number of
configurations we will sample.

Ensure: Newly sampled configuration set X.
1: K  KVV, X ;;
2: for i = 1! m do
3: x = arg maxv2V

kKvk2

k(v,v)+µ
; . Kv and k(v, v) are v’s

corresponding column and diagonal entry in K.
4: X = X [ x;
5: K = K � KxK>

x
(k(x,x)+µ)

;
6: end for
7: return Newly sampled configuration set X;

shown in Algorithm 2. We will randomly sample a batch of sets
from the original set and then conduct Algorithm 1 on these sampled
sets. The final output X of Algorithm 2 is the initialization set in
our advanced active learning framework. By introducing randomness
into TED, i.e., line 2 in Algorithm 2, we can reduce the computation
complexity and thus improve the scalability. Besides, our batch
method can stimulate the parallelism in our framework, and enlarge
the random space which is used to generate the initial set. By using
the batch method with a fixed number of initial configurations,
our framework can compute on as many configurations as possible
without delaying the system.

Algorithm 2 Batch Transductive Experimental Design –
BTED(V, µ, M, m, B)

Require: (V, µ, M , m, B), where V is the un-sampled configuration
set, µ is the normalization coefficient, B is the batch size, M is
the number of randomly sampled points and m is the number
of points to be sampled as the initial set.

Ensure: Newly sampled configuration set X.
1: for b = 1! B do
2: Randomly sample a set Vb from V, with |Vb| = M ;
3: X̃b  TED(Vb, µ, m);
4: end for
5: Temporal union set X̃U = X̃1 [ X̃2 [ · · · [ X̃B ;
6: X TED(X̃U , µ, m); return Newly sampled configuration set

X;

B. Bootstrap-guided Adaptive Optimization

Except for the problems in the initialization stage, there still
exist some crucial problems like inaccuracy and un-scalability in
the iterative optimization stage. Firstly, the complexities of hardware
characteristics and DNN models make the evaluation function hard
to simulate the real environment accurately. The evaluation function
would be misled by the already-sampled configurations and make
wrong decisions when selecting new configurations. Besides, as
mentioned before, the configuration space is usually extremely large,
which means that in each optimization step, the searching range of
the next sampled point is too large to be analyzed.

Bootstrap re-sampling has been proven to be an effective tech-
nique to correct and quantify optimization of model performance
[26]. To improve the model accuracy, for the first time, we introduce
the Bootstrap re-sampling technique into the DNN hardware deploy-
ment community. Firstly, we randomly re-sample a batch of sets from
the already-sampled configuration set. Then, we build new evaluation
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Initialization – Batch TED
Batch method
I Computing distance matrix is very slow, even impossible.
I Sample a batch of sets from the design space and compute the distance matrix for

each set.

weak models to form a better one. In comparison, the boosting
method follows a voting mechanism, which can reduce the bias
among several weak models.

D. Problem Formulation

Definition 1 (Deployment Configuration). All of the deployment set-
tings (e.g., thread binding, thread cooperation, etc.) to be determined
are encoded as the attributes of a feature vector which is termed
as deployment configuration. The feature vector of a deployment
configuration is denoted as x.

Definition 2 (GFLOPS). Giga floating operations per second
(GFLOPS) measures the number of floating-point operations con-
ducted by the hardware per second.

Definition 3 (Latency). Latency computes end-to-end model infer-
ence time and intuitively reflects the performance of model deploy-
ment.

With the above definitions, our problem can be formulated.

Problem 1 (DNN Hardware Deployment Optimization). For each
layer in a DNN model, given a search space D where each
deployment configuration is regarded as a point, the objective of
the hardware deployment optimization is to find the best deployment
configuration x⇤ 2 D which maximizes GFLOPS. The deployment
for the whole model is the combination of configurations for all of
the layers, which is measured by latency.

III. ADVANCED ACTIVE LEARNING FRAMEWORK

In this section, the proposed advanced active learning framework
is explained in detail.

A. Batch Transductive Experimental Design

In the initialization stage of active learning, as mentioned above,
two important problems are unsolved, i.e., initialization in lack of
rich information and un-scalability.

Limited by the computational resources and experimental costs,
Researchers tend to sample as few initial configurations as possible
while building an evaluation function. Meanwhile, to guarantee the
performance of evaluation functions, the sampled configurations
should contain rich data information. From the perspective of
data distribution, containing rich information means that the initial
configurations should have high diversities and scatter across the
input design space [27]. In other words, the sampled configurations
should be as far as possible from each other in the input design
space. A naive solution is to randomly sample some configurations
from the design space. Further, some researchers have proposed
to use SVM or similar methods in which all the configurations
are taken into computations to learn the scattered data [28]–[30].
Inspired by [27], in this paper, we propose to use transductive
experimental design (TED) method , as shown in Algorithm 1. Given
the input un-sampled set V, we will sample a subset X from V which
maximizes the intra-set diversity. KVV 2 R|V|⇥|V| is the distance
matrix of configurations in V. k(v1, v2) 2 KVV is computed as
Euclidean distance, with v1, v2 2 V. According to Algorithm 1,
the configurations that are the most contributive to initialization are
sampled. In summary, it is an easy-to-implement method which has
low computation workloads.

The huge amounts of configurations in DNN deployment problems
make it difficult to find representative initial configurations. To tackle
this efficiently, we further propose batch transductive experimental
design (BTED) by using batch mechanism and randomness, as

Algorithm 1 Transductive Experimental Design – TED(V, µ, m)

Require: (V, µ, m), where V is the un-sampled configuration
set, µ is the normalization coefficient, m is the number of
configurations we will sample.

Ensure: Newly sampled configuration set X.
1: K  KVV, X ;;
2: for i = 1! m do
3: x = arg maxv2V

kKvk2

k(v,v)+µ
; . Kv and k(v, v) are v’s

corresponding column and diagonal entry in K.
4: X = X [ x;
5: K = K � KxK>

x
(k(x,x)+µ)

;
6: end for
7: return Newly sampled configuration set X;

shown in Algorithm 2. We will randomly sample a batch of sets
from the original set and then conduct Algorithm 1 on these sampled
sets. The final output X of Algorithm 2 is the initialization set in
our advanced active learning framework. By introducing randomness
into TED, i.e., line 2 in Algorithm 2, we can reduce the computation
complexity and thus improve the scalability. Besides, our batch
method can stimulate the parallelism in our framework, and enlarge
the random space which is used to generate the initial set. By using
the batch method with a fixed number of initial configurations,
our framework can compute on as many configurations as possible
without delaying the system.

Algorithm 2 Batch Transductive Experimental Design –
BTED(V, µ, M, m, B)

Require: (V, µ, M , m, B), where V is the un-sampled configuration
set, µ is the normalization coefficient, B is the batch size, M is
the number of randomly sampled points and m is the number
of points to be sampled as the initial set.

Ensure: Newly sampled configuration set X.
1: for b = 1! B do
2: Randomly sample a set Vb from V, with |Vb| = M ;
3: X̃b  TED(Vb, µ, m);
4: end for
5: Temporal union set X̃U = X̃1 [ X̃2 [ · · · [ X̃B ;
6: X TED(X̃U , µ, m); return Newly sampled configuration set

X;

B. Bootstrap-guided Adaptive Optimization

Except for the problems in the initialization stage, there still
exist some crucial problems like inaccuracy and un-scalability in
the iterative optimization stage. Firstly, the complexities of hardware
characteristics and DNN models make the evaluation function hard
to simulate the real environment accurately. The evaluation function
would be misled by the already-sampled configurations and make
wrong decisions when selecting new configurations. Besides, as
mentioned before, the configuration space is usually extremely large,
which means that in each optimization step, the searching range of
the next sampled point is too large to be analyzed.

Bootstrap re-sampling has been proven to be an effective tech-
nique to correct and quantify optimization of model performance
[26]. To improve the model accuracy, for the first time, we introduce
the Bootstrap re-sampling technique into the DNN hardware deploy-
ment community. Firstly, we randomly re-sample a batch of sets from
the already-sampled configuration set. Then, we build new evaluation
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Iterative Opt. – Bootstrap-guided Adaptive Opt. (BAO)
Bootstrap re-sampling

I Randomly re-sample a batch of sub-sets from the already-sampled configuration set.
I Build new evaluation functions for each of these re-sampled sub-sets.
I The final evaluation function is built as the summation of the evaluation functions of

these re-sampled sub-sets.

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

…
f1

<latexit sha1_base64="BZqwz6C361yJqVrSQmvMfMSwMxU=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2/71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A/A1jY4=</latexit><latexit sha1_base64="BZqwz6C361yJqVrSQmvMfMSwMxU=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2/71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A/A1jY4=</latexit><latexit sha1_base64="BZqwz6C361yJqVrSQmvMfMSwMxU=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2/71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A/A1jY4=</latexit><latexit sha1_base64="BZqwz6C361yJqVrSQmvMfMSwMxU=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2/71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A/A1jY4=</latexit>

fB
<latexit sha1_base64="hvBmtPnJyBTGRffVj7JbvBAI9t4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMdSLx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ7dzvPKHSPJaPZpqgH9GR5CFn1FjpIRw0BuWKW3UXIOvEy0kFcjQH5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8MbPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbSvqp5b9e6vK/VGHkcRzuAcLsGDGtThDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzifPwoIjZ8=</latexit><latexit sha1_base64="hvBmtPnJyBTGRffVj7JbvBAI9t4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMdSLx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ7dzvPKHSPJaPZpqgH9GR5CFn1FjpIRw0BuWKW3UXIOvEy0kFcjQH5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8MbPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbSvqp5b9e6vK/VGHkcRzuAcLsGDGtThDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzifPwoIjZ8=</latexit><latexit sha1_base64="hvBmtPnJyBTGRffVj7JbvBAI9t4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMdSLx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ7dzvPKHSPJaPZpqgH9GR5CFn1FjpIRw0BuWKW3UXIOvEy0kFcjQH5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8MbPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbSvqp5b9e6vK/VGHkcRzuAcLsGDGtThDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzifPwoIjZ8=</latexit><latexit sha1_base64="hvBmtPnJyBTGRffVj7JbvBAI9t4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMdSLx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ7dzvPKHSPJaPZpqgH9GR5CFn1FjpIRw0BuWKW3UXIOvEy0kFcjQH5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8MbPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbSvqp5b9e6vK/VGHkcRzuAcLsGDGtThDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzifPwoIjZ8=</latexit>

f2
<latexit sha1_base64="VDAeXuAocBCZlYm9rqdBriIC6Ks=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48V7Ae0oWy2m3bp7ibsToQS+he8eFDEq3/Im//GpM1BWx8MPN6bYWZeEEth0XW/ndLG5tb2Tnm3srd/cHhUPT7p2CgxjLdZJCPTC6jlUmjeRoGS92LDqQok7wbTu9zvPnFjRaQfcRZzX9GxFqFgFHMpHDYqw2rNrbsLkHXiFaQGBVrD6tdgFLFEcY1MUmv7nhujn1KDgkk+rwwSy2PKpnTM+xnVVHHrp4tb5+QiU0YkjExWGslC/T2RUmXtTAVZp6I4sateLv7n9RMMb/xU6DhBrtlyUZhIghHJHycjYThDOcsIZUZktxI2oYYyzOLJQ/BWX14nnUbdc+vew1WteVvEUYYzOIdL8OAamnAPLWgDgwk8wyu8Ocp5cd6dj2VrySlmTuEPnM8fJs+Now==</latexit><latexit sha1_base64="VDAeXuAocBCZlYm9rqdBriIC6Ks=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48V7Ae0oWy2m3bp7ibsToQS+he8eFDEq3/Im//GpM1BWx8MPN6bYWZeEEth0XW/ndLG5tb2Tnm3srd/cHhUPT7p2CgxjLdZJCPTC6jlUmjeRoGS92LDqQok7wbTu9zvPnFjRaQfcRZzX9GxFqFgFHMpHDYqw2rNrbsLkHXiFaQGBVrD6tdgFLFEcY1MUmv7nhujn1KDgkk+rwwSy2PKpnTM+xnVVHHrp4tb5+QiU0YkjExWGslC/T2RUmXtTAVZp6I4sateLv7n9RMMb/xU6DhBrtlyUZhIghHJHycjYThDOcsIZUZktxI2oYYyzOLJQ/BWX14nnUbdc+vew1WteVvEUYYzOIdL8OAamnAPLWgDgwk8wyu8Ocp5cd6dj2VrySlmTuEPnM8fJs+Now==</latexit><latexit sha1_base64="VDAeXuAocBCZlYm9rqdBriIC6Ks=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48V7Ae0oWy2m3bp7ibsToQS+he8eFDEq3/Im//GpM1BWx8MPN6bYWZeEEth0XW/ndLG5tb2Tnm3srd/cHhUPT7p2CgxjLdZJCPTC6jlUmjeRoGS92LDqQok7wbTu9zvPnFjRaQfcRZzX9GxFqFgFHMpHDYqw2rNrbsLkHXiFaQGBVrD6tdgFLFEcY1MUmv7nhujn1KDgkk+rwwSy2PKpnTM+xnVVHHrp4tb5+QiU0YkjExWGslC/T2RUmXtTAVZp6I4sateLv7n9RMMb/xU6DhBrtlyUZhIghHJHycjYThDOcsIZUZktxI2oYYyzOLJQ/BWX14nnUbdc+vew1WteVvEUYYzOIdL8OAamnAPLWgDgwk8wyu8Ocp5cd6dj2VrySlmTuEPnM8fJs+Now==</latexit><latexit sha1_base64="VDAeXuAocBCZlYm9rqdBriIC6Ks=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48V7Ae0oWy2m3bp7ibsToQS+he8eFDEq3/Im//GpM1BWx8MPN6bYWZeEEth0XW/ndLG5tb2Tnm3srd/cHhUPT7p2CgxjLdZJCPTC6jlUmjeRoGS92LDqQok7wbTu9zvPnFjRaQfcRZzX9GxFqFgFHMpHDYqw2rNrbsLkHXiFaQGBVrD6tdgFLFEcY1MUmv7nhujn1KDgkk+rwwSy2PKpnTM+xnVVHHrp4tb5+QiU0YkjExWGslC/T2RUmXtTAVZp6I4sateLv7n9RMMb/xU6DhBrtlyUZhIghHJHycjYThDOcsIZUZktxI2oYYyzOLJQ/BWX14nnUbdc+vew1WteVvEUYYzOIdL8OAamnAPLWgDgwk8wyu8Ocp5cd6dj2VrySlmTuEPnM8fJs+Now==</latexit>

f1 + · · · + fB
<latexit sha1_base64="RT5JOo8cGEs4RmxvNtx4xkadIWE=">AAAB+XicbVBNS8NAEN34WetX1KOXxSIIhZKIoMdSLx4r2A9oQ9hsN+3SzW7YnRRK6D/x4kERr/4Tb/4bt20O2vpg4PHeDDPzolRwA5737Wxsbm3v7Jb2yvsHh0fH7slp26hMU9aiSijdjYhhgkvWAg6CdVPNSBIJ1onG93O/M2HacCWfYJqyICFDyWNOCVgpdN049Kt9OlBgcBXHYSN0K17NWwCvE78gFVSgGbpf/YGiWcIkUEGM6fleCkFONHAq2KzczwxLCR2TIetZKknCTJAvLp/hS6sMcKy0LQl4of6eyElizDSJbGdCYGRWvbn4n9fLIL4Lci7TDJiky0VxJjAoPI8BD7hmFMTUEkI1t7diOiKaULBhlW0I/urL66R9XfO9mv94U6k3ijhK6BxdoCvko1tURw+oiVqIogl6Rq/ozcmdF+fd+Vi2bjjFzBn6A+fzB6BRklc=</latexit><latexit sha1_base64="RT5JOo8cGEs4RmxvNtx4xkadIWE=">AAAB+XicbVBNS8NAEN34WetX1KOXxSIIhZKIoMdSLx4r2A9oQ9hsN+3SzW7YnRRK6D/x4kERr/4Tb/4bt20O2vpg4PHeDDPzolRwA5737Wxsbm3v7Jb2yvsHh0fH7slp26hMU9aiSijdjYhhgkvWAg6CdVPNSBIJ1onG93O/M2HacCWfYJqyICFDyWNOCVgpdN049Kt9OlBgcBXHYSN0K17NWwCvE78gFVSgGbpf/YGiWcIkUEGM6fleCkFONHAq2KzczwxLCR2TIetZKknCTJAvLp/hS6sMcKy0LQl4of6eyElizDSJbGdCYGRWvbn4n9fLIL4Lci7TDJiky0VxJjAoPI8BD7hmFMTUEkI1t7diOiKaULBhlW0I/urL66R9XfO9mv94U6k3ijhK6BxdoCvko1tURw+oiVqIogl6Rq/ozcmdF+fd+Vi2bjjFzBn6A+fzB6BRklc=</latexit><latexit sha1_base64="RT5JOo8cGEs4RmxvNtx4xkadIWE=">AAAB+XicbVBNS8NAEN34WetX1KOXxSIIhZKIoMdSLx4r2A9oQ9hsN+3SzW7YnRRK6D/x4kERr/4Tb/4bt20O2vpg4PHeDDPzolRwA5737Wxsbm3v7Jb2yvsHh0fH7slp26hMU9aiSijdjYhhgkvWAg6CdVPNSBIJ1onG93O/M2HacCWfYJqyICFDyWNOCVgpdN049Kt9OlBgcBXHYSN0K17NWwCvE78gFVSgGbpf/YGiWcIkUEGM6fleCkFONHAq2KzczwxLCR2TIetZKknCTJAvLp/hS6sMcKy0LQl4of6eyElizDSJbGdCYGRWvbn4n9fLIL4Lci7TDJiky0VxJjAoPI8BD7hmFMTUEkI1t7diOiKaULBhlW0I/urL66R9XfO9mv94U6k3ijhK6BxdoCvko1tURw+oiVqIogl6Rq/ozcmdF+fd+Vi2bjjFzBn6A+fzB6BRklc=</latexit><latexit sha1_base64="RT5JOo8cGEs4RmxvNtx4xkadIWE=">AAAB+XicbVBNS8NAEN34WetX1KOXxSIIhZKIoMdSLx4r2A9oQ9hsN+3SzW7YnRRK6D/x4kERr/4Tb/4bt20O2vpg4PHeDDPzolRwA5737Wxsbm3v7Jb2yvsHh0fH7slp26hMU9aiSijdjYhhgkvWAg6CdVPNSBIJ1onG93O/M2HacCWfYJqyICFDyWNOCVgpdN049Kt9OlBgcBXHYSN0K17NWwCvE78gFVSgGbpf/YGiWcIkUEGM6fleCkFONHAq2KzczwxLCR2TIetZKknCTJAvLp/hS6sMcKy0LQl4of6eyElizDSJbGdCYGRWvbn4n9fLIL4Lci7TDJiky0VxJjAoPI8BD7hmFMTUEkI1t7diOiKaULBhlW0I/urL66R9XfO9mv94U6k3ijhK6BxdoCvko1tURw+oiVqIogl6Rq/ozcmdF+fd+Vi2bjjFzBn6A+fzB6BRklc=</latexit>

Already-sampled set

Re-sample
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Iterative Opt. – Bootstrap-guided Adaptive Opt. (BAO)
Adaptive Sampling

I Adjust the searching space (neighborhood of the previously-sampled point) adaptively
in each optimization step.

I If the relative performance improvement is satisfying, we will keep the size of the
searching space.

I Otherwise, we will enlarge the searching space.

R
<latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit>

R
<latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit>

⌧R
<latexit sha1_base64="EsCDaqRN0ncLg7hk7Eqpd3xcO2g=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxmUV+4AmlMl00g6dPJi5KZTQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+YEqRQaHefLqqytb2xuVbdrO7t7+wf24VFHJ5livM0SmaheQDWXIuZtFCh5L1WcRoHk3WByW/jdKVdaJPEjzlLuR3QUi1AwikYa2LaHNCNeRHHMqMwf5gO77jScBchf4pakDiVaA/vTGyYsi3iMTFKt+66Top9ThYJJPq95meYpZRM64n1DYxpx7eeL5HNyZpQhCRNlXoxkof7cyGmk9SwKzGQRUa96hfif188wvPZzEacZ8pgtD4WZJJiQogYyFIozlDNDKFPCZCVsTBVlaMqqmRLc1S//JZ2Lhus03PvLevOmrKMKJ3AK5+DCFTThDlrQBgZTeIIXeLVy69l6s96XoxWr3DmGX7A+vgGCvJOR</latexit><latexit sha1_base64="EsCDaqRN0ncLg7hk7Eqpd3xcO2g=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxmUV+4AmlMl00g6dPJi5KZTQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+YEqRQaHefLqqytb2xuVbdrO7t7+wf24VFHJ5livM0SmaheQDWXIuZtFCh5L1WcRoHk3WByW/jdKVdaJPEjzlLuR3QUi1AwikYa2LaHNCNeRHHMqMwf5gO77jScBchf4pakDiVaA/vTGyYsi3iMTFKt+66Top9ThYJJPq95meYpZRM64n1DYxpx7eeL5HNyZpQhCRNlXoxkof7cyGmk9SwKzGQRUa96hfif188wvPZzEacZ8pgtD4WZJJiQogYyFIozlDNDKFPCZCVsTBVlaMqqmRLc1S//JZ2Lhus03PvLevOmrKMKJ3AK5+DCFTThDlrQBgZTeIIXeLVy69l6s96XoxWr3DmGX7A+vgGCvJOR</latexit><latexit sha1_base64="EsCDaqRN0ncLg7hk7Eqpd3xcO2g=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxmUV+4AmlMl00g6dPJi5KZTQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+YEqRQaHefLqqytb2xuVbdrO7t7+wf24VFHJ5livM0SmaheQDWXIuZtFCh5L1WcRoHk3WByW/jdKVdaJPEjzlLuR3QUi1AwikYa2LaHNCNeRHHMqMwf5gO77jScBchf4pakDiVaA/vTGyYsi3iMTFKt+66Top9ThYJJPq95meYpZRM64n1DYxpx7eeL5HNyZpQhCRNlXoxkof7cyGmk9SwKzGQRUa96hfif188wvPZzEacZ8pgtD4WZJJiQogYyFIozlDNDKFPCZCVsTBVlaMqqmRLc1S//JZ2Lhus03PvLevOmrKMKJ3AK5+DCFTThDlrQBgZTeIIXeLVy69l6s96XoxWr3DmGX7A+vgGCvJOR</latexit><latexit sha1_base64="EsCDaqRN0ncLg7hk7Eqpd3xcO2g=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxmUV+4AmlMl00g6dPJi5KZTQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+YEqRQaHefLqqytb2xuVbdrO7t7+wf24VFHJ5livM0SmaheQDWXIuZtFCh5L1WcRoHk3WByW/jdKVdaJPEjzlLuR3QUi1AwikYa2LaHNCNeRHHMqMwf5gO77jScBchf4pakDiVaA/vTGyYsi3iMTFKt+66Top9ThYJJPq95meYpZRM64n1DYxpx7eeL5HNyZpQhCRNlXoxkof7cyGmk9SwKzGQRUa96hfif188wvPZzEacZ8pgtD4WZJJiQogYyFIozlDNDKFPCZCVsTBVlaMqqmRLc1S//JZ2Lhus03PvLevOmrKMKJ3AK5+DCFTThDlrQBgZTeIIXeLVy69l6s96XoxWr3DmGX7A+vgGCvJOR</latexit>

t
<latexit sha1_base64="fInOqGTCCrWkRGJFOZWK1l6FLBY=">AAAB6HicbVBNS8NAEJ34WetX1aOXYBE8lUQEPRa9eGzBfkAbymY7adduNmF3IpTSX+DFgyJe/Une/Ddu2xy09cHA470ZZuaFqRSGPO/bWVvf2NzaLuwUd/f2Dw5LR8dNk2SaY4MnMtHtkBmUQmGDBElspxpZHEpshaO7md96Qm1Eoh5onGIQs4ESkeCMrFSnXqnsVbw53FXi56QMOWq90le3n/AsRkVcMmM6vpdSMGGaBJc4LXYzgynjIzbAjqWKxWiCyfzQqXtulb4bJdqWIneu/p6YsNiYcRzazpjR0Cx7M/E/r5NRdBNMhEozQsUXi6JMupS4s6/dvtDISY4tYVwLe6vLh0wzTjabog3BX355lTQvK75X8etX5eptHkcBTuEMLsCHa6jCPdSgARwQnuEV3pxH58V5dz4WrWtOPnMCf+B8/gDgKYz4</latexit><latexit sha1_base64="fInOqGTCCrWkRGJFOZWK1l6FLBY=">AAAB6HicbVBNS8NAEJ34WetX1aOXYBE8lUQEPRa9eGzBfkAbymY7adduNmF3IpTSX+DFgyJe/Une/Ddu2xy09cHA470ZZuaFqRSGPO/bWVvf2NzaLuwUd/f2Dw5LR8dNk2SaY4MnMtHtkBmUQmGDBElspxpZHEpshaO7md96Qm1Eoh5onGIQs4ESkeCMrFSnXqnsVbw53FXi56QMOWq90le3n/AsRkVcMmM6vpdSMGGaBJc4LXYzgynjIzbAjqWKxWiCyfzQqXtulb4bJdqWIneu/p6YsNiYcRzazpjR0Cx7M/E/r5NRdBNMhEozQsUXi6JMupS4s6/dvtDISY4tYVwLe6vLh0wzTjabog3BX355lTQvK75X8etX5eptHkcBTuEMLsCHa6jCPdSgARwQnuEV3pxH58V5dz4WrWtOPnMCf+B8/gDgKYz4</latexit><latexit sha1_base64="fInOqGTCCrWkRGJFOZWK1l6FLBY=">AAAB6HicbVBNS8NAEJ34WetX1aOXYBE8lUQEPRa9eGzBfkAbymY7adduNmF3IpTSX+DFgyJe/Une/Ddu2xy09cHA470ZZuaFqRSGPO/bWVvf2NzaLuwUd/f2Dw5LR8dNk2SaY4MnMtHtkBmUQmGDBElspxpZHEpshaO7md96Qm1Eoh5onGIQs4ESkeCMrFSnXqnsVbw53FXi56QMOWq90le3n/AsRkVcMmM6vpdSMGGaBJc4LXYzgynjIzbAjqWKxWiCyfzQqXtulb4bJdqWIneu/p6YsNiYcRzazpjR0Cx7M/E/r5NRdBNMhEozQsUXi6JMupS4s6/dvtDISY4tYVwLe6vLh0wzTjabog3BX355lTQvK75X8etX5eptHkcBTuEMLsCHa6jCPdSgARwQnuEV3pxH58V5dz4WrWtOPnMCf+B8/gDgKYz4</latexit><latexit sha1_base64="fInOqGTCCrWkRGJFOZWK1l6FLBY=">AAAB6HicbVBNS8NAEJ34WetX1aOXYBE8lUQEPRa9eGzBfkAbymY7adduNmF3IpTSX+DFgyJe/Une/Ddu2xy09cHA470ZZuaFqRSGPO/bWVvf2NzaLuwUd/f2Dw5LR8dNk2SaY4MnMtHtkBmUQmGDBElspxpZHEpshaO7md96Qm1Eoh5onGIQs4ESkeCMrFSnXqnsVbw53FXi56QMOWq90le3n/AsRkVcMmM6vpdSMGGaBJc4LXYzgynjIzbAjqWKxWiCyfzQqXtulb4bJdqWIneu/p6YsNiYcRzazpjR0Cx7M/E/r5NRdBNMhEozQsUXi6JMupS4s6/dvtDISY4tYVwLe6vLh0wzTjabog3BX355lTQvK75X8etX5eptHkcBTuEMLsCHa6jCPdSgARwQnuEV3pxH58V5dz4WrWtOPnMCf+B8/gDgKYz4</latexit>

t + 1
<latexit sha1_base64="2kDEg7QcjcMS1eGLsxr0L2OpKP8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoiBT0WvXisaD+gDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvp357SeujYjVI04S7kd0qEQoGEUrPeCF1y9X3Ko7B1klXk4qkKPRL3/1BjFLI66QSWpM13MT9DOqUTDJp6VeanhC2ZgOeddSRSNu/Gx+6pScWWVAwljbUkjm6u+JjEbGTKLAdkYUR2bZm4n/ed0Uw2s/EypJkSu2WBSmkmBMZn+TgdCcoZxYQpkW9lbCRlRThjadkg3BW355lbQuq55b9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OZI58V5dz4WrQUnnzmGP3A+fwC2hY1o</latexit><latexit sha1_base64="2kDEg7QcjcMS1eGLsxr0L2OpKP8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoiBT0WvXisaD+gDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvp357SeujYjVI04S7kd0qEQoGEUrPeCF1y9X3Ko7B1klXk4qkKPRL3/1BjFLI66QSWpM13MT9DOqUTDJp6VeanhC2ZgOeddSRSNu/Gx+6pScWWVAwljbUkjm6u+JjEbGTKLAdkYUR2bZm4n/ed0Uw2s/EypJkSu2WBSmkmBMZn+TgdCcoZxYQpkW9lbCRlRThjadkg3BW355lbQuq55b9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OZI58V5dz4WrQUnnzmGP3A+fwC2hY1o</latexit><latexit sha1_base64="2kDEg7QcjcMS1eGLsxr0L2OpKP8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoiBT0WvXisaD+gDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvp357SeujYjVI04S7kd0qEQoGEUrPeCF1y9X3Ko7B1klXk4qkKPRL3/1BjFLI66QSWpM13MT9DOqUTDJp6VeanhC2ZgOeddSRSNu/Gx+6pScWWVAwljbUkjm6u+JjEbGTKLAdkYUR2bZm4n/ed0Uw2s/EypJkSu2WBSmkmBMZn+TgdCcoZxYQpkW9lbCRlRThjadkg3BW355lbQuq55b9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OZI58V5dz4WrQUnnzmGP3A+fwC2hY1o</latexit><latexit sha1_base64="2kDEg7QcjcMS1eGLsxr0L2OpKP8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoiBT0WvXisaD+gDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvp357SeujYjVI04S7kd0qEQoGEUrPeCF1y9X3Ko7B1klXk4qkKPRL3/1BjFLI66QSWpM13MT9DOqUTDJp6VeanhC2ZgOeddSRSNu/Gx+6pScWWVAwljbUkjm6u+JjEbGTKLAdkYUR2bZm4n/ed0Uw2s/EypJkSu2WBSmkmBMZn+TgdCcoZxYQpkW9lbCRlRThjadkg3BW355lbQuq55b9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OZI58V5dz4WrQUnnzmGP3A+fwC2hY1o</latexit>

t + 2
<latexit sha1_base64="mfVvsTk2fKgDCpRjynE5oj1hy4U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBZBEEpSBD0WvXisaD+gDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvp357SeujYjVI04S7kd0qEQoGEUrPeBFrV+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophtd+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmnVqp5b9e4vK/WbPI4inMApnIMHV1CHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC4CY1p</latexit><latexit sha1_base64="mfVvsTk2fKgDCpRjynE5oj1hy4U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBZBEEpSBD0WvXisaD+gDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvp357SeujYjVI04S7kd0qEQoGEUrPeBFrV+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophtd+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmnVqp5b9e4vK/WbPI4inMApnIMHV1CHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC4CY1p</latexit><latexit sha1_base64="mfVvsTk2fKgDCpRjynE5oj1hy4U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBZBEEpSBD0WvXisaD+gDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvp357SeujYjVI04S7kd0qEQoGEUrPeBFrV+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophtd+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmnVqp5b9e4vK/WbPI4inMApnIMHV1CHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC4CY1p</latexit><latexit sha1_base64="mfVvsTk2fKgDCpRjynE5oj1hy4U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBZBEEpSBD0WvXisaD+gDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvp357SeujYjVI04S7kd0qEQoGEUrPeBFrV+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophtd+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmnVqp5b9e4vK/WbPI4inMApnIMHV1CHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC4CY1p</latexit>

step t, radius R<latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit>

R
<latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit>

step t+1, radius R<latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit>

R
<latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit><latexit sha1_base64="Q3XUr6egFAOTzVnITKKG+KVC2QM=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl047KKfUAbymQ6aYdOZsLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61jUo1ZS2qhNLdkBgmuGQt5ChYN9GMxKFgnXBym/udJ6YNV/IRpwkLYjKSPOKUoJV6/ZjgmBKRPcwG1ZpX9+ZwV4lfkBoUaA6qX/2homnMJFJBjOn5XoJBRjRyKtis0k8NSwidkBHrWSpJzEyQzSPP3DOrDN1IafskunP190ZGYmOmcWgn84hm2cvF/7xeitF1kHGZpMgkXXwUpcJF5eb3u0OuGUUxtYRQzW1Wl46JJhRtSxVbgr988ippX9R9r+7fX9YaN0UdZTiBUzgHH66gAXfQhBZQUPAMr/DmoPPivDsfi9GSU+wcwx84nz+KI5Fo</latexit>

step t+2, radius ⌧R
<latexit sha1_base64="EsCDaqRN0ncLg7hk7Eqpd3xcO2g=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxmUV+4AmlMl00g6dPJi5KZTQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+YEqRQaHefLqqytb2xuVbdrO7t7+wf24VFHJ5livM0SmaheQDWXIuZtFCh5L1WcRoHk3WByW/jdKVdaJPEjzlLuR3QUi1AwikYa2LaHNCNeRHHMqMwf5gO77jScBchf4pakDiVaA/vTGyYsi3iMTFKt+66Top9ThYJJPq95meYpZRM64n1DYxpx7eeL5HNyZpQhCRNlXoxkof7cyGmk9SwKzGQRUa96hfif188wvPZzEacZ8pgtD4WZJJiQogYyFIozlDNDKFPCZCVsTBVlaMqqmRLc1S//JZ2Lhus03PvLevOmrKMKJ3AK5+DCFTThDlrQBgZTeIIXeLVy69l6s96XoxWr3DmGX7A+vgGCvJOR</latexit><latexit sha1_base64="EsCDaqRN0ncLg7hk7Eqpd3xcO2g=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxmUV+4AmlMl00g6dPJi5KZTQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+YEqRQaHefLqqytb2xuVbdrO7t7+wf24VFHJ5livM0SmaheQDWXIuZtFCh5L1WcRoHk3WByW/jdKVdaJPEjzlLuR3QUi1AwikYa2LaHNCNeRHHMqMwf5gO77jScBchf4pakDiVaA/vTGyYsi3iMTFKt+66Top9ThYJJPq95meYpZRM64n1DYxpx7eeL5HNyZpQhCRNlXoxkof7cyGmk9SwKzGQRUa96hfif188wvPZzEacZ8pgtD4WZJJiQogYyFIozlDNDKFPCZCVsTBVlaMqqmRLc1S//JZ2Lhus03PvLevOmrKMKJ3AK5+DCFTThDlrQBgZTeIIXeLVy69l6s96XoxWr3DmGX7A+vgGCvJOR</latexit><latexit sha1_base64="EsCDaqRN0ncLg7hk7Eqpd3xcO2g=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxmUV+4AmlMl00g6dPJi5KZTQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+YEqRQaHefLqqytb2xuVbdrO7t7+wf24VFHJ5livM0SmaheQDWXIuZtFCh5L1WcRoHk3WByW/jdKVdaJPEjzlLuR3QUi1AwikYa2LaHNCNeRHHMqMwf5gO77jScBchf4pakDiVaA/vTGyYsi3iMTFKt+66Top9ThYJJPq95meYpZRM64n1DYxpx7eeL5HNyZpQhCRNlXoxkof7cyGmk9SwKzGQRUa96hfif188wvPZzEacZ8pgtD4WZJJiQogYyFIozlDNDKFPCZCVsTBVlaMqqmRLc1S//JZ2Lhus03PvLevOmrKMKJ3AK5+DCFTThDlrQBgZTeIIXeLVy69l6s96XoxWr3DmGX7A+vgGCvJOR</latexit><latexit sha1_base64="EsCDaqRN0ncLg7hk7Eqpd3xcO2g=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxmUV+4AmlMl00g6dPJi5KZTQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+YEqRQaHefLqqytb2xuVbdrO7t7+wf24VFHJ5livM0SmaheQDWXIuZtFCh5L1WcRoHk3WByW/jdKVdaJPEjzlLuR3QUi1AwikYa2LaHNCNeRHHMqMwf5gO77jScBchf4pakDiVaA/vTGyYsi3iMTFKt+66Top9ThYJJPq95meYpZRM64n1DYxpx7eeL5HNyZpQhCRNlXoxkof7cyGmk9SwKzGQRUa96hfif188wvPZzEacZ8pgtD4WZJJiQogYyFIozlDNDKFPCZCVsTBVlaMqqmRLc1S//JZ2Lhus03PvLevOmrKMKJ3AK5+DCFTThDlrQBgZTeIIXeLVy69l6s96XoxWr3DmGX7A+vgGCvJOR</latexit>

⌧R
<latexit sha1_base64="EsCDaqRN0ncLg7hk7Eqpd3xcO2g=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxmUV+4AmlMl00g6dPJi5KZTQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+YEqRQaHefLqqytb2xuVbdrO7t7+wf24VFHJ5livM0SmaheQDWXIuZtFCh5L1WcRoHk3WByW/jdKVdaJPEjzlLuR3QUi1AwikYa2LaHNCNeRHHMqMwf5gO77jScBchf4pakDiVaA/vTGyYsi3iMTFKt+66Top9ThYJJPq95meYpZRM64n1DYxpx7eeL5HNyZpQhCRNlXoxkof7cyGmk9SwKzGQRUa96hfif188wvPZzEacZ8pgtD4WZJJiQogYyFIozlDNDKFPCZCVsTBVlaMqqmRLc1S//JZ2Lhus03PvLevOmrKMKJ3AK5+DCFTThDlrQBgZTeIIXeLVy69l6s96XoxWr3DmGX7A+vgGCvJOR</latexit><latexit sha1_base64="EsCDaqRN0ncLg7hk7Eqpd3xcO2g=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxmUV+4AmlMl00g6dPJi5KZTQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+YEqRQaHefLqqytb2xuVbdrO7t7+wf24VFHJ5livM0SmaheQDWXIuZtFCh5L1WcRoHk3WByW/jdKVdaJPEjzlLuR3QUi1AwikYa2LaHNCNeRHHMqMwf5gO77jScBchf4pakDiVaA/vTGyYsi3iMTFKt+66Top9ThYJJPq95meYpZRM64n1DYxpx7eeL5HNyZpQhCRNlXoxkof7cyGmk9SwKzGQRUa96hfif188wvPZzEacZ8pgtD4WZJJiQogYyFIozlDNDKFPCZCVsTBVlaMqqmRLc1S//JZ2Lhus03PvLevOmrKMKJ3AK5+DCFTThDlrQBgZTeIIXeLVy69l6s96XoxWr3DmGX7A+vgGCvJOR</latexit><latexit sha1_base64="EsCDaqRN0ncLg7hk7Eqpd3xcO2g=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxmUV+4AmlMl00g6dPJi5KZTQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+YEqRQaHefLqqytb2xuVbdrO7t7+wf24VFHJ5livM0SmaheQDWXIuZtFCh5L1WcRoHk3WByW/jdKVdaJPEjzlLuR3QUi1AwikYa2LaHNCNeRHHMqMwf5gO77jScBchf4pakDiVaA/vTGyYsi3iMTFKt+66Top9ThYJJPq95meYpZRM64n1DYxpx7eeL5HNyZpQhCRNlXoxkof7cyGmk9SwKzGQRUa96hfif188wvPZzEacZ8pgtD4WZJJiQogYyFIozlDNDKFPCZCVsTBVlaMqqmRLc1S//JZ2Lhus03PvLevOmrKMKJ3AK5+DCFTThDlrQBgZTeIIXeLVy69l6s96XoxWr3DmGX7A+vgGCvJOR</latexit><latexit sha1_base64="EsCDaqRN0ncLg7hk7Eqpd3xcO2g=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxmUV+4AmlMl00g6dPJi5KZTQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+YEqRQaHefLqqytb2xuVbdrO7t7+wf24VFHJ5livM0SmaheQDWXIuZtFCh5L1WcRoHk3WByW/jdKVdaJPEjzlLuR3QUi1AwikYa2LaHNCNeRHHMqMwf5gO77jScBchf4pakDiVaA/vTGyYsi3iMTFKt+66Top9ThYJJPq95meYpZRM64n1DYxpx7eeL5HNyZpQhCRNlXoxkof7cyGmk9SwKzGQRUa96hfif188wvPZzEacZ8pgtD4WZJJiQogYyFIozlDNDKFPCZCVsTBVlaMqqmRLc1S//JZ2Lhus03PvLevOmrKMKJ3AK5+DCFTThDlrQBgZTeIIXeLVy69l6s96XoxWr3DmGX7A+vgGCvJOR</latexit>
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3.1 Batch Transductive Experimental Design
For a deployment problem that has huge amounts of feasible con-

�gurations, limited by the computational resources and experimen-
tal costs, we tend to sample as few con�gurations as possible while
maximizing the system performance at the same time. The sampled
con�gurations must contain rich information and therefore would
signi�cantly bene�t the simulation function to determine which
con�gurations are better and which are not. In other words, the
initial con�gurations should scatter across the input con�guration
space [23, 24]. Although important, this initialization philosophy is
usually ignored, even in the state-of-the-art framework [14].

To scatter across the input con�guration space, the con�gura-
tions we sample should be as far as possible from each other. Some
choose to use SVM or similar methods to learn the scattered data
[23, 25], which is hard to compute on large data sets, with even
only hundreds of points. We propose to use transductive experi-
mental design [24], with the pseudo-code shown in Algorithm 1.
Given the input un-sampled set V, we will sample a subset X which
maximizes the intra-set diversity. KVV is the distance matrix of
con�gurations in V. k(v1,v2) 2 KVV is computed as Euclidean
distance, withv1,v2 2 V.

Algorithm 1 Transductive Experimental Design – TED(V, µ,m)
Input: (V, µ, m), where V is unsampled con�guration set, m is

number of con�gurations we will sample, µ is normalization
coe�cient.

Output: Newly sampled con�guration set X.
1: K  KVV, X ;.
2: for i = 1!m do
3: x = arg maxv 2V

kKv k2
k(v,v )+µ . . Kv and k(v,v) arev’s

corresponding column and diagonal entry in K .
4: X = X [ x .
5: K = K � Kx K >x

(k (x ,x )+µ) .
6: end for
7: return Newly sampled con�guration set X.

To tackle with the huge amounts of con�gurations more e�-
ciently, we propose a new batch transductive experimental design
method, as shown in Algorithm 2. We will randomly sample a
batch of sets from the original set and then conduct Algorithm 1
on these sampled sets. The �nally output X of Algorithm 2 is the
initialization set in our advanced active learning framework.

By introducing randomness into TED, i.e. line 2 in Algorithm 2,
we can reduce the computation complexity in the face of large-
scale sets, while maintaining data diversity. Another advantage
is that our batch method can utilize the system parallelism, and
enlarge the random space which is used to generate the initial set.
While sampling a �xed number of initial con�gurations, we can
compute on as many as possible con�gurations without delaying
the system, by using our batch method. It is quite uplifting that the
batch method has been the core innovation of some new techniques
[26] while our BTED is superior.
3.2 Bootstrap-guided Adaptive Optimization

Except for the challenge in the initialization stage, we solve the
two challenges in the iterative optimization stage. Firstly, the com-
plexities of the hardware characteristics and DNN models make

Algorithm 2 Batch Transductive Experimental Design –
BTED(D, µ,M,B)
Input: (D, µ, M , B), where D is unsampled con�guration set, M

is number of con�gurations we will sample, µ is normalization
coe�cient, and B is the batch size.

Output: Newly sampled con�guration set X.
1: for b = 1! B do
2: Randomly sample a set Vb from V, with |Vb | > M ;
3: X̃b  TED(Vb , µ,M). . Algorithm 1
4: end for
5: X̃U = X̃1 [ X̃2 [ · · · [ X̃B ;
6: X TED(X̃U , µ,M). . Algorithm 1
7: return Newly sampled con�guration set X;

the regression function hard to simulate the real environment ac-
curately. The on-chip performances of the already-sampled con�g-
urations would also mislead the model and result in unstablility
and over�tting. Secondly, the extremely large con�guration space
makes it very expensive to traverse all con�gurations to select
the best one, thus making the searching algorithm unscalable to
large-scale problems.

We introduce the Bootstrap resampling technique into the DNN
hardware deployment community for the �rst time to improve
the stability and accuracy. Bootstrap resampling has been proven
to be a good technique to correct and quantify optimization of
model performance [21]. Firstly, we randomly resample a batch of
sets from the already-sampled con�guration set. Then, we build
simulation functions for each of these resampled sets. The �nal
simulation function is built as the summation of the simulation
functions of these resampled sets. Assume that there are � resam-
pled sets X̃� from X, with� 2 {1, . . . , �}. Accordingly, � simulation
functions are built, denoted as f� ,� 2 {1, . . . , �}. Finally, the next
optimization con�guration x⇤ is the con�guration that maximizes
the summation of these � simulation functions. x⇤ is then deployed
on hardware to get real performance y⇤, for further usage. The
pseudo-code is shown in Algorithm 3.

Algorithm 3 Bootstrap-guided Sampling – BS(X,C, �)
Input: (X,Y,C, �), where X is already sampled con�guration set

and Y is its performance set, C is exploration space, � is number
of resampled sets.

Output: New con�guration pair (x⇤, y⇤).
1: for � = 1! � do
2: Randomly sample X̃� from X, with |X̃� | = |X|.
3: Get X̃� ’s performance set Ỹ� from Y.
4: Initialize simulation function f� with X̃� and Ỹ� .
5: end for
6: x⇤  maxx 2C

Õ�
�=1 f� (x).

7: Deploy x⇤ on hardware to get GFLOPS y⇤.
8: return (x⇤, y⇤);

As mentioned before, it is incredible to traverse the whole design
space even once. Therefore, in this paper, C in Algorithm 3 is pre-
ferred to be de�ned as the neighborhood of the previous sampled
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3.1 Batch Transductive Experimental Design
For a deployment problem that has huge amounts of feasible con-

�gurations, limited by the computational resources and experimen-
tal costs, we tend to sample as few con�gurations as possible while
maximizing the system performance at the same time. The sampled
con�gurations must contain rich information and therefore would
signi�cantly bene�t the simulation function to determine which
con�gurations are better and which are not. In other words, the
initial con�gurations should scatter across the input con�guration
space [23, 24]. Although important, this initialization philosophy is
usually ignored, even in the state-of-the-art framework [14].

To scatter across the input con�guration space, the con�gura-
tions we sample should be as far as possible from each other. Some
choose to use SVM or similar methods to learn the scattered data
[23, 25], which is hard to compute on large data sets, with even
only hundreds of points. We propose to use transductive experi-
mental design [24], with the pseudo-code shown in Algorithm 1.
Given the input un-sampled set V, we will sample a subset X which
maximizes the intra-set diversity. KVV is the distance matrix of
con�gurations in V. k(v1,v2) 2 KVV is computed as Euclidean
distance, withv1,v2 2 V.

Algorithm 1 Transductive Experimental Design – TED(V, µ,m)
Input: (V, µ, m), where V is unsampled con�guration set, m is

number of con�gurations we will sample, µ is normalization
coe�cient.

Output: Newly sampled con�guration set X.
1: K  KVV, X ;.
2: for i = 1!m do
3: x = arg maxv 2V

kKv k2
k(v,v )+µ . . Kv and k(v,v) arev’s

corresponding column and diagonal entry in K .
4: X = X [ x .
5: K = K � Kx K >x

(k (x ,x )+µ) .
6: end for
7: return Newly sampled con�guration set X.

To tackle with the huge amounts of con�gurations more e�-
ciently, we propose a new batch transductive experimental design
method, as shown in Algorithm 2. We will randomly sample a
batch of sets from the original set and then conduct Algorithm 1
on these sampled sets. The �nally output X of Algorithm 2 is the
initialization set in our advanced active learning framework.

By introducing randomness into TED, i.e. line 2 in Algorithm 2,
we can reduce the computation complexity in the face of large-
scale sets, while maintaining data diversity. Another advantage
is that our batch method can utilize the system parallelism, and
enlarge the random space which is used to generate the initial set.
While sampling a �xed number of initial con�gurations, we can
compute on as many as possible con�gurations without delaying
the system, by using our batch method. It is quite uplifting that the
batch method has been the core innovation of some new techniques
[26] while our BTED is superior.
3.2 Bootstrap-guided Adaptive Optimization

Except for the challenge in the initialization stage, we solve the
two challenges in the iterative optimization stage. Firstly, the com-
plexities of the hardware characteristics and DNN models make

Algorithm 2 Batch Transductive Experimental Design –
BTED(D, µ,M,B)
Input: (D, µ, M , B), where D is unsampled con�guration set, M

is number of con�gurations we will sample, µ is normalization
coe�cient, and B is the batch size.

Output: Newly sampled con�guration set X.
1: for b = 1! B do
2: Randomly sample a set Vb from V, with |Vb | > M ;
3: X̃b  TED(Vb , µ,M). . Algorithm 1
4: end for
5: X̃U = X̃1 [ X̃2 [ · · · [ X̃B ;
6: X TED(X̃U , µ,M). . Algorithm 1
7: return Newly sampled con�guration set X;

the regression function hard to simulate the real environment ac-
curately. The on-chip performances of the already-sampled con�g-
urations would also mislead the model and result in unstablility
and over�tting. Secondly, the extremely large con�guration space
makes it very expensive to traverse all con�gurations to select
the best one, thus making the searching algorithm unscalable to
large-scale problems.

We introduce the Bootstrap resampling technique into the DNN
hardware deployment community for the �rst time to improve
the stability and accuracy. Bootstrap resampling has been proven
to be a good technique to correct and quantify optimization of
model performance [21]. Firstly, we randomly resample a batch of
sets from the already-sampled con�guration set. Then, we build
simulation functions for each of these resampled sets. The �nal
simulation function is built as the summation of the simulation
functions of these resampled sets. Assume that there are � resam-
pled sets X̃� from X, with� 2 {1, . . . , �}. Accordingly, � simulation
functions are built, denoted as f� ,� 2 {1, . . . , �}. Finally, the next
optimization con�guration x⇤ is the con�guration that maximizes
the summation of these � simulation functions. x⇤ is then deployed
on hardware to get real performance y⇤, for further usage. The
pseudo-code is shown in Algorithm 3.

Algorithm 3 Bootstrap-guided Sampling – BS(X,C, �)
Input: (X,Y,C, �), where X is already sampled con�guration set

and Y is its performance set, C is current searching space, � is
number of resampled sets.

Output: New con�guration x⇤.
1: for � = 1! � do
2: Randomly sample X̃� from X, with |X̃� | = |X|.
3: Get X̃� ’s performance set Ỹ� from Y.
4: Build simulation function f� , with X̃� and Ỹ� .
5: end for
6: x⇤  maxx 2C

Õ�
�=1 f� (x).

7: Deploy x⇤ on hardware to get GFLOPS y⇤.
8: return (x⇤, y⇤);

As mentioned before, it is incredible to traverse the whole design
space even once. Therefore, in this paper, C in Algorithm 3 is pre-
ferred to be de�ned as the neighborhood of the previous sampled
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Experimental Settings
Platform
I Intel(R) Xeon(R) E5-2680 v4 CPU@ 2.40GHz
I NVIDIA GeForce GTX 1080Ti GPU, CUDA 9.0.176

Benchmark
AlexNet, ResNet-18, VGG-16, MobileNet-v1, and SqueezeNet-v1.1

Criterion
I Inference latency
I Giga floating operations per second (GFLOPS)

Baseline
I AutoTVM
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Fig. 4 Convergence trends of GFLOPs for the first 2 layers of
MobileNet-v1, (a) the first layer, (b) the second layer.

these models. On average, each node has more than 50 million
configuration points. The representative DNN layers widely used
in both industries and academia are all covered in these models,
including conventional convolutional layers, shortcut layers, multi-
branch layers, fully connected layers, depth-wise convolutional lay-
ers, batch-normalization layers, and etc..

A. Experimental Settings

AutoTVM [18], which integrates XGBoost, simulated annealing,
transfer learning, and etc., is the state-of-the-art academic optimiza-
tion framework. In AutoTVM, by default, 64 points are sampled
from the configuration space as the initialization set. Early stopping
is adopted in the searching process as the stopping criterion and the
stopping threshold is set as 400. For each layer in the DNN model,
GFLOPS is used as the optimization objective while the latency of
the whole model is reported as the final deployment performance
metric, as mentioned in Section II-D.

The experiments conducted in this paper are as below:
• AutoTVM: The automatic optimization framework in TVM.
• BTED: Embed BTED initialization algorithm into AutoTVM.
• BTED+BAO: Embed our advanced active learning framework

(BTED and BAO) into AutoTVM.
The input pair in Algorithm 2 is (V = D, µ = 0.1, M =

500, m = 64, B = 10), where D is the default configuration space
generated by TVM. Each batch randomly samples 500 points from
D, and then 64 points are selected from each batch via Algorithm 1.
Thus, the union set X̃U contains 640 points, and finally 64 points are
sampled from X̃U as the initial set. In Algorithm 4, ⌘ is set as 0.05,
� is 2, and ⌧ is set as 1.5. The radius R is set as 3 which means that
the Euclidean distance between points. For fairness, except for the
aforementioned hyper-parameters, we follow the same experimental
settings as AutoTVM. To avoid disturbances caused by hardware
workload uncertainties, in each experiment trial, we run the deployed
model 600 times. Therefore, in experiments, the average latency as
well as the variance of these 600 tests are recorded. Further, to
reduce randomness, each algorithm is performed 10 trials to obtain
the corresponding configuration solutions for each DNN model, and
the final results are the averages of these 10 trials.

B. Results and Discussions

Convergence. We take Fig. 4 as an example to compare the con-
vergence trends of GFLOPS over the number of configurations. Even
if there are millions of configurations, our method can outperform
AutoTVM with a faster converge speed and a higher GFLOPS value.

GFLOPS and Workloads. Our method can achieve much better
GFLOPS performance without sampling more configurations. Lim-
ited by paper length, not all results are plotted. Fig. 5 shows the
number of sampled configurations v.s. GFLOPS values for all 19

layers in MobileNet-v1. Since different layers have diverse GFLOPS
values, for clarity, all of the GFLOPS results are represented as
ratios to the results of AutoTVM. As shown in Fig. 5(a), comparing
to AutoTVM, BTED tends to sample more configurations, while
(BTED + BAO) method samples roughly equal ones. On average,
BTED and (BTED + BAO) improve the GFLOPS values by
up to 36.74% and 47.94% respectively. The results reveal that,
with occasionally sacrificing the cost of optimization workloads,
BTED behaves much better than AutoTVM. With the help of the
BAO, we can reduce the optimization workload without degrading
performance.

Latency and Variance. The inference latencies of end-to-end
models and corresponding variances are recorded in TABLE I. For
convenience, the improvement ratios with respect to AutoTVM are
computed. Our method can reduce the latency by up to 28.08% and
decrease the variance by up to 92.74%, on MobileNet-v1. Averagely,
our framework reduces inference latency and variance by 13.83%
and 67.74% respectively on these representative models.

Discussions. The uplifting performance improvements of our
advanced frameworks show that the three unsolved problems can
be handled efficiently. The foreseeable development trend of DNN
model deployment is that more and more hardware platforms will
be developed and used. Therefore, the size of the deployment con-
figuration space will increase continuously. Besides, huge amounts
of newly proposed models would also enlarge the configuration
space. From this perspective, our advanced framework would be
more remarkable. In addition, it is believed that our framework can
be integrated with more optimization methods, e.g., deep learning
algorithms. Our framework is also easy to be implemented, with
high algorithm stability and low development workloads.

VI. CONCLUSION

In this paper, an advanced active learning framework composed
of BTED and BAO has been proposed to improve the general DNN
hardware deployment framework and solve three crucial problems.
The BTED method can generate an initial set with rich information.
The BAO method can help sample configurations, improve model
accuracy, and adjust searching scope adaptively. Both of them have
high scalability. We believe that our pioneering study will guide the
community to solve some fundamental problems and further improve
the DNN model deployments.
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Results

Table: Comparisons of End-to-end Model Inference Latency and Variance

Model AutoTVM BTED BTED + BAO
Latency (ms) Variance Latency (ms) ∆ (%) Variance ∆ (%) Latency (ms) ∆ (%) Variance ∆ (%)

AlexNet 1.3639 0.1738 1.3373 - 1.95 0.2246 +29.23 1.3304 - 2.46 0.0711 -59.09
ResNet-18 1.8323 0.4651 1.7935 - 2.12 0.4487 - 3.53 1.7519 - 4.39 0.3848 -17.27
VGG-16 6.5176 2.3834 5.6808 -12.84 0.6574 -72.42 5.6183 -13.80 0.3617 -84.82

MobileNet-v1 1.0597 0.9290 0.8738 -17.54 0.5398 -41.89 0.7621 -28.08 0.0674 -92.74
SqueezeNet-v1.1 0.8697 1.1208 0.7436 -14.50 0.5533 -50.63 0.6920 -20.43 0.1709 -84.75

Average 2.3286 1.0144 2.0858 - 9.79 0.4848 -27.85 2.0309 -13.83 0.2112 -67.74
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