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Abstract of “Statistical Learning Tools for Information Fusion in Computational
Fluid Dynamics” by Seungjoon Lee, Ph.D., Brown University, May 2017

For more than a decade, remarkable scientific progress in computational fluid dynam-

ics (CFD) has been achieved via powerful collection of tools for exascale simulations,

data-driven approaches, and machine-learning (or statistical learning) techniques

that enable efficient simulations of multiscale and multiphysics problems.

With the prospect of exascale simulations in the next decade, it is clear that

new flexible tools and specialized algorithms are required to take advantage of such

unprecedented computing environment. For example, in the DOE ASCAC subcom-

mittee report [68] it is stated “new algorithms will need to be designed to optimize not

only for floating-point performance and accuracy, but also to minimize associated

data movement, power, and energy cost”. Furthermore, robust and fault-resilient

algorithms are increasingly attracting attention in exascale simulations against ex-

pected and repeated software or hardware error. Hence, new algorithms for exascale

simulations inherently require the seamless integration of robustness, resilience, cor-

rectness, and efficiency.

Computational fluid dynamics has been developed following different pathways

to address for complex flow physics problems. Many researches have focused on

building up their own model to describe and address multi-resolution and multi-

physics applications. Based on the recent introduction of data-driven algorithms

via machine-learning techniques in computer simulations [26], computational fluid

dynamics must rely also on data-driven approaches as much as on the anticipated

improvements in computer hardware. In data science, data from various heteroge-

neous sources can be used effectively to accelerate simulations via multiple fidelity

information fusion without additional complex models, equations, and extra state



variables. This could result in establishing a new paradigm of multifidelity simula-

tions in computational fluid dynamics.

In this thesis, we address these new requirements for new algorithms in exas-

cale simulations and introduce a novel framework including fault-resilient, robust,

and efficient algorithms via multiple fidelity information fusion realized via statis-

tical learning tools. This achievement addresses the new capability that statistical

learning techniques can bring to traditional scientific computing algorithms.

This thesis proposes two possible directions of a next generation of computational

frameworks for exascale simulations. The first direction addresses resilience via in-

formation fusion with auxiliary data. In exascale simulations, if each processor can

share some global information about the simulation from a coarse, limited accuracy

but relatively costless auxiliary simulator we can effectively fill-in the missing spatial

data at the required times by a statistical learning technique based on multi-level

Gaussian process regression, on-the-fly. The second direction addresses efficiency

via adaptive projective time integration. The aforementioned auxiliary data provide

additional information about dynamics-informed timestepping via Diffusion maps,

which leads to significant acceleration of CFD simulations.

This thesis also presents and demonstrates methods of a robust nonlinear infor-

mation fusion with multiple fidelity, multi-scale, parameterized data via manifold-

driven regression algorithms. Finally, all multiple fidelity data can be integrated

without complex models or equations.

Put simply, ensuring resilience, efficiency will be required for all new algorithm for

simulations at the exascale and beyond. Finally, this thesis sets the foundations of a

new class of algorithms that will combine traditional CFD with cutting-edge machine
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learning techniques. Moreover, it integrates physics, mathematics and computer

science for exascale simulations.
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Chapter One

Introduction
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This thesis proposes two directions for a next generation of exascale simulations.

The first direction is to setup a fault-resilient and efficient algorithmic framework

against spatio-temporal gaps in computational fluid dynamics. It starts from recon-

structing missing fields with an auxiliary simulation, which is relatively costless with

a coarse resolution. It can be extended to an efficient framework, which can reduce

computational redundancy by dynamics-informed projective time integration with

Diffusion maps.

The second direction is focused on establishing a robust information fusion tech-

nique between multiple resolution, fidelity, scale, and even heterogeneous data. Specif-

ically, we introduce a multi-level Gaussian process regression for multiple resolution,

fidelity, and heterogenous data. Also, robust information fusion techniques, different

manifold-driven Gaussian process regressions are introduced for nonlinearly corre-

lated data. Finally, all multiple fidelity data can be integrated without complex

models or equations and this results in enhancing both accuracy and efficiency.

Through several benchmark problems in computational fluid dynamics, we demon-

strate all aforementioned capabilities for exascale simulations. Next, we provide a

brief summary of each chapter and organization of this thesis.

In chapter 2, we introduce three empirical approaches to reconstruct missing

flow fields for three different fault scenarios – (1) only field variables at the current

time step are missing, (2) current and previous field variables are missing, and (3)

current and previous field variables are missing but in addition neighboring data

are contaminated by silent errors. The first approach to reconstruct gappy fields is

“projective time integration” with previous temporal snapshots and it is found to

be the best method for the scenario (1). The second approach is “CoKriging” with

neighboring data at same time step and it is found to be the best method for the
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large time gaps in the scenario (2). The third approach is “Resimulation”, which

resimulate missing flow fields with estimated boundary conditions. This is the best

method for the worst scenario (3), which the other two approaches fail.

In chapter 3, we introduce a novel algorithmic framework against gaps in space,

called “gappy simulation”. Through two benchmark problems, we first demonstrate

a capability of information fusion with multiple resolution auxiliary data. Also, we

investigate important (trade–off) parameters to affect accuracy and efficiency of this

framework. The first parameter is a type of covariance kernel in the multi-level Gaus-

sian process regression and it is found that “Matérn” kernel is the best to construct

a covariance kernel correctly in all benchmark problems. The second parameter is

a buffer size, which can protect our original subdomains from uncertainties of local

boundary condition. A large buffer size guarantees a smaller RMS error but we

need to solve bigger subdomains and this results in losing efficiency. The third pa-

rameter is quality (accuracy) of auxiliary data. The higher accurate auxiliary data

provides the smaller RMS error due to impose more accurate boundary conditions

in each subdomain. The forth parameter is a non-interaction timestep number (τ).

The small τ guarantees the small RMS error because of frequent updating of local

boundary conditions. However, all computer node should communicate each other

more frequently and this leads to additional computational cost.

In chapter 4, we extend the previous framework to efficient algorithm, called

“patch simulation” by dynamics-informed projective time integration via nonlinear

dimensionality reduction techniques, Diffusion maps. We simulate two benchmark

problems as same previous chapter and demonstrate the new capability of informa-

tion fusion with heterogeneous and multi-fidelity data, which come from a stochastic,

particle-based, more “microscopic” simulation, e.g., a Monte Carlo random walk for

the heat equation and a dissipative particle dynamics (DPD) model for the Navier-
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Stokes equations. We investigate that the auxiliary simulation can support the main

simulation in two ways. The first way is to reconstruct (missing) local boundary

condition of each subdomain. The second way is to provide the appropriate projec-

tion time (jump size) and accelerate the main simulation. Finally, we show that the

patch simulation guarantees both efficiency and accuracy against spatio-temporal

gaps.

In chapter 5, we introduce an application of the efficient algorithm via dynamics-

informed projective time integration, which described previous chapter. We demon-

strate a multi-rate problem in a complex biological system. In order to capture all dy-

namics of each species correctly, we need to employ the smallest timestep size and this

leads to computational redundancy. We demonstrate that the dynamics-informed

projective time integration with each coarse simulator guarantees the smaller com-

putational cost compared to the original simulation. Moreover, we found that a

physics-related tuned parameter, α, can estimate appropriate projection time for

each species from the given field variable. In this application, a dynamics-informed

projection time from velocity fields (given) with α = 1/Pr are able to estimate

appropriate projection time for each species and this results in reducing huge com-

putational cost. Hence, we demonstrate the capability of (dynamics and physics

informed) projective time integration without additional coarse simulations.

In chapter 6, we introduce two methods to extend a robust nonlinear information

fusion techniques [79] for nonlinearly correlated data. In order to show capability of

introduced approaches, we simulate Van der Pol oscillators, which have a nonlinear

damping with a intensity parameter µ. Two introduced methods are focus on making

a smooth and one-to-one mappable manifold, where Gaussian process is available.

The first method is “iterative Gaussian process”, which modify the low fidelity data

to make the original manifold smooth (or flatted). It is available in only the similar
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limit cycle case, which frequency and shape of responses of two oscillators are sim-

ilar. The second method, more robust, is the Gaussian process via Diffusion maps.

Diffusion maps provide the smooth and one-to-one mappable manifold constructed

by the appropriate pair of diffusion coordinates. It guarantees robustness for any two

oscillators. Finally, we show the capability of robust nonlinear information fusion

for nonlinearly correlated data.

In chapter 7, we conclude and summarize this thesis. Also, we introduce three

directions of future works. The first direction is to investigate numerical and sen-

sitivity analysis for supporting our framework with a concrete mathematical back-

ground. The second direction is an extension of robust nonlinear information fusion

techniques for more practical and realistic problems. The last direction is to setup

a new type of efficient framework by auto-adaptive and asynchronous algorithm for

demonstrating a complex biological and chemical system effectively.

In appendices, we introduce details of introduced statistical learning tools. In the

appendix A, detailed formula for a classical Gaussian process regression (Kriging) and

a multi-level Gaussian process regression (CoKriging) are included. In the appendix

B, detailed formula and mathematical descriptions for Diffusion maps are included.



Chapter Two

Resilient Algorithms for

Reconstructing and Simulating

Gappy Flow Fields in CFD
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2.1 Introduction

In large-scale simulations of computational fluid dynamics (CFD) on modern mas-

sively parallel computers involving hundreds of thousands of processors, it is very

possible, and in fact it has already been observed that random hardware or software

faults may render the computation useless [40, 107, 72, 94]. While research is on-

going to robustify both hardware and systems software [39, 41], on the algorithmic

side it is also important to formulate a new class of resilient algorithms that per-

form the simulation accurately irrespective of such faults. Hence, in order to make

progress on developing new methods or reformulating existing methods but in this

new context, we can hypothesize a few different scenarios and apply them to CFD

benchmark problems in order to evaluate the effectiveness of such approaches. First,

we will assume that being able to reproduce accurately but also efficiently the data

from a failed processor is, in principle, equivalent to omitting the processor from

the computation. Hence, fault tolerance implies that we have to be able to com-

pute with reasonable accuracy on “partial” spatio-temporal domains [29, 1, 2, 77].

Based on this general assumption, we then proceed to examine three progressively

more complex cases: (1) only grid values at the current time step are missing, (2)

current and previous grid values are missing, and (3) current and previous values

are missing but in addition the neighboring data are contaminated by silent errors,

detected after some delays such as L1 cache, or double bit flips error [4]. In order

to reconstruct missing flow field data on-the-fly, we can employ temporal or spatial

estimation methods and other known data recovery techniques.

For spatial estimation of gappy flow fields in fluid dynamics, the gappy proper

orthogonal decomposition (POD) method was introduced in [106, 110], which ex-

trapolates the POD basis from previous data. Another spatial estimation method
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used often in geophysics is Kriging and coKriging, which are unbiased linear interpo-

lations [103, 43, 65]. While the Kriging method uses one sample set, the coKriging

method uses two or more sample sets, e.g., a coarse and a refined set correspond-

ing to different fidelity [46]. For temporal estimation of missing data, the projective

integration was introduced in [38, 89] to use previous snapshots and POD-assisted

bases. Based on the projective integration the equation-free/Galerkin-free method

was introduced in [99] for solving the incompressible Navier-Stokes equations.

In the current work, we employ two estimation methods; see 2.1: the projective

integration and the coKriging method for the three aforementioned scenarios. We

also introduce a new method, the “resimulation” method, which resolves via simula-

tion a missing region only with the proper initial and boundary conditions. Finally,

we compare these three methods for two classical problems of fluid dynamics, namely

the lid-driven cavity flow and flow past a circular cylinder.

This chapter is organized as follows: In section 2, we introduce the projective

integration, the coKriging, and the resimulation method and present the mathe-

matical algorithms for each. In section 3, we present the computational domains

and simulation set up. In section 4, we present results of the flow problems for the

three aforementioned scenarios and compare them in terms of accuracy. In section

5, we summarize our results and discuss open issues in estimation theory for further

developments of fault-resilient methods.
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2.2 Methodology

Incompressible flow is described by the divergence-free Navier-Stokes equations:

∂v

∂t
+ v · ∇v = −∇p+ ν∇2v + f (2.1)

∇ · v = 0 (2.2)

where v is the velocity vector, p is pressure, and ν is the kinematic viscosity of

the fluid. Here we employ the spectral element method to solve these equations

[50]. In order to produce a useful estimate for the missing part, we have to use

both temporal and spatial data and corresponding estimators. In this section, we

introduce the projective integration for temporal estimation and the coKriging for

spatial estimation. We will also formulate a new method, the resimulation method,

with different boundary conditions.

2.2.1 Temporal estimation: Projective integration

If numerical solutions are sufficiently smooth in time, the temporal estimation based

on previous saved data can give a highly accurate result on a missing part of the

solution. To accomplish this, the best and simplest way is to save flow field data

every time step and employ good extrapolation schemes to estimate the missing

data. Also, if the time step (∆t) of a simulation is small enough, an alternative

way is to use just previous flow field data as current flow field data, in analogy zero-

and first-order continuation schemes. However, these ways are inefficient due to big

memory issues and additional computational cost in large-scale simulations. In order
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(a) Spatial estimation (b) Temporal estimation

Figure 2.1: Temporal and Spatial estimations: In (a), the green box denotes the entire domain,
the blue box is the missing part, and the red box represents the region of sampling. In (b), the
three blue “slices” represent previously saved data to be used for estimation of the current fields in
the missing part.

to avoid this drawback, an equation-free/Galerkin-free projective integration can be

employed instead [99]. The projective integration is based on the proper orthogonal

decomposition (POD) for a dimension reduction [100, 3]. The saved flow field data

can be represented by the corresponding temporal modes a(t) and POD-bases φk(x)

as follows:

u (t, x) =
∑
k

ak(t)φk(x). (2.3)

The basic algorithm of the projective integration consists of three stages: the

restriction, estimation, and lifting. In the restriction part we calculate the temporal

modes a(ti) of the POD-assisted bases in equation (4). The number of snapshots (n)

we employ determines the number of terms of the POD expansion.

a(ti) = Pu(ti, x) = {(u(ti, x), φk(x)) ,∀k} i = 1, . . . , n. (2.4)
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After the restriction, using the computed POD-assisted temporal modes, the

required missing coefficients a(t∗) of the corresponding POD-assisted basis are es-

timated by an extrapolation scheme (“projected” forward in time) based on the

Piecewise Cubic Hermite Interpolating Polynomial in equation (2.5), see the refer-

ence [35]. This extrapolation method is found to agree well with current boundary

conditions in scenario 3 in section 4. Hence, we have:

a(t∗) =

[
di + di+1 − 2∆i

(ti+1 − ti)2
]

(t∗−ti)3+

[−2di − di+1 + 3∆i

ti+1 − ti

]
(t∗−ti)2+di(t

∗−ti)+a(ti),

(2.5)

where ∆i = (a(ti+1)− a(ti))/(ti+1 − ti) and di = da(ti)/dt.

Finally, the lifting step is to find the current flow field data by the estimated tem-

poral modes with the low-dimensional POD-assisted bases by the following equation:

u (t∗, x) = La(t∗) =
∑
k

ak(t
∗)φk(x). (2.6)

If we use only temporal data to estimate the current flow fields, the accuracy of

this method depends on how many snapshots (number of terms of POD expansion

and Taylor expansion for calculating the derivative, di), which extrapolation scheme

(local truncated error) we use, and how big the time gaps are. This chapter used

three snapshots (three POD modes) for each simulation. For the efficiency, the POD

modes are calculated in only missing regions.
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2.2.2 Spatial estimation: coKriging

While for the temporal estimation we use the previous flow field data and smooth-

ness in time, in the spatial estimation we need to use geometrically neighboring

data points at the current time to exploit smoothness in space. There are many

ways to estimate gappy flow field data by the neighboring data. In this chapter, a

“multi-fidelity coKriging interpolation method”, the unbiased linear interpolation,

is introduced for estimating the missing part because of higher accuracy compared

with the simple Kriging for the same size of neighboring data as shown in 2.3 [46].

A general multi-fidelity coKriging method uses two sample sets: a coarse sample

set (small number of points) corresponding to high fidelity and a refined sample set

(large number of points) corresponding to low fidelity. In this chapter we choose the

same fidelity model for both the coarse and refined sample sets; the coarse sample set

can be any subset of the refined sample set, see 2.2. The basic idea of this method

is that the target value ŷ(x) at the target point x can be found using a linear inter-

polation by the two sample sets. The first equation for the coKriging interpolation

method is as follows:

ŷ(x) = λT1 y1 + λT2 y2, (2.7)

where y1 ∈ Rn is a neighboring field data vector in the refined sample set and

y2 ∈ Rm is in the coarse sample set. In this chapter, the coarse set is chosen by a

subset of the refined set. Here we solve a simple optimization problem in minimizing

the mean squared error (MSE) of this linear combination.

arg min
λ1,λ2

E[(ŷ(x)− y(x))2], (2.8)
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subject to the unbiased constraint

E[ŷ(x)] = E[y(x)] or
n∑
i=1

λ1i = 1 and
m∑
i=1

λ2i = 0. (2.9)

Then, we can solve the linear system with Lagrange multipliers µ1 and µ2 as follows:



C11 C12 1 0

C21 C22 0 1

1T 0T 0 0

0T 1T 0 0





λ1

λ2

µ1

µ2


=



c1(x)

c2(x)

1

0


, (2.10)

where C is a covariance matrix whose submatrix C11 is the covariance matrix be-

tween sample points in the refined set, C22 between sample points in the coarse

set, and C12 between the refined and the coarse set. c1(x) is the covariance vector

between the target point (x) and sample points in the refined set, and c2(x) between

the target point (x) and sample points in the coarse set. For the correlation kernel

R for modeling covariance in the sample set S, we employ a spherical correlation

model since the flow fields are smooth near the missing part as follows:

R(θ, xi, xj) = A{1.5θ(|xi − xj|)− 0.5(θ(|xi − xj|))3}, (2.11)

where xi and xj are points in S, θ is the correlation length and A is a scalar parameter

calculated by the least-squared method.
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Figure 2.2: Resimulation with estimated boundary condition: First, we estimate the initial con-
dition for the missing part (blue) with two sample sets: refined (orange) and coarse (red). Sub-
sequently, we use the projective integration to update the boundary using the refined sample set.
Finally, we solve the Navier-Stokes equations in the missing part only.

2.2.3 Resimulation

The main idea of the resimulation method is to solve the Navier-Stokes equations

again on the missing part only. Generally, we prescribe initial and boundary condi-

tion by function of space and time at the beginning of the space-time interval – that

is, the boundary conditions are not altered by communication in an unit timestep

between data dumps. If we have exact initial and boundary conditions for the miss-

ing part, we can obtain the highest accurate solution compared to any method we

can choose. For example, in steady-state, since a boundary condition of the missing

part is independent of time, the resimulation method can give the exact solution

[50]. However, if we do not have the correct information about initial and boundary

conditions, then it is not so clear how to estimate these data in order to assign appro-

priate initial and boundary conditions. For initial conditions, if we do not have any

previous data (scenarios 2 and 3 in section 4), the coKriging method can be employed

for estimating initial conditions of the missing part. For the boundary conditions,

there are two ways: the first is to use the latest saved data as a Dirichlet boundary

condition. If the solution of the flow problem is smooth enough and changes of flow

fields are relatively small during time gaps, then this boundary condition works for

resimulation. However, if the solution is not smooth or the difference between the
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latest saved and current flow field data at the boundary is not sufficiently small, then

the error at the boundary propagates through the entire missing domain, resulting

in bigger errors than other estimation methods.

In order to avoid error propagation from assigning an incorrect boundary con-

dition, a boundary estimation technique is introduced in this chapter as shown in

2.2. The basic idea of this method is that we can extrapolate a boundary condition

from previous snapshots by the projective integration, which is already explained in

section 2.2. In order to reduce the computational cost, the estimated boundary is

extracted not from the entire domain but only from the domain of sample sets. The

process of calculating the estimated boundary is as follows:

• Assign the size of a sample set by choosing a “spacing” parameter.

• Employ the projective integration method and estimate the current flow field

data in the sample set.

• Extract the flow field data at the boundary of missing region (boundary con-

dition is constant in time).

In section 4, the “estimated” boundary is found to approximate the boundary

condition reasonably well. Hence, we can impose this as a Dirichlet boundary con-

dition for the missing region. This boundary condition is useful during sufficiently

short time intervals.

An important objective in any resilient method is to synchronize the simulation

in the gappy domain with the rest of the simulation as soon as possible. Hence, we

can resimulate the missing part with a coarse grid by interpolation. If the solutions

are smooth, a coarse time-step can also be used for the resimulation. In this case,
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the error comes from the interpolation scheme, spatial and temporal discretization,

and consistency error with respect to initial and boundary conditions.

2.2.4 Key parameters

This resilient method has some key parameters that affect accuracy and efficiency.

The first key parameter is the size of the missing part; as it grows, the accuracy

decreases due to the increased estimation error. Since the spatial estimation uses

an interpolation method with neighboring data, points on the middle of the miss-

ing region have no accurate neighboring data. Hence, the accuracy of the spatial

estimation is dramatically decreased as the missing part is growing.

The second key parameter is the size of time gaps (∆Tg) between current and

previous saved data. If the time gaps are small and we have available previous data

(scenario 1), then the projective integration or resimulation method can give good

estimation results compared to the coKriging method. However, when the time

gaps are big, the projective integration cannot give us a good accuracy and also the

consistency error of the resimulation method is growing by the propagation of the

incorrect boundary conditions. On the other hand, the coKriging method is less

dependent on time gaps.

The last key parameter is the “spacing” (∆s), which is a physical parameter for

choosing the number of sample points, see 2.3. The formulation of choosing the

sample set (S) for the missing region (M) is defined as follows:

S = {x ∈ Ω : min d(x,y) < ∆s, y ∈M}, (2.12)
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represents the sample set, where the size of sample set is changed by the “spacing” parameter.



18

where Ω represents the entire domain and ∆s is the spacing.

If the spacing is too small, the spatial estimation is performed by only a few

neighboring sample points. Consequently, the result cannot be very accurate as

shown in 2.3. On the other hand, if the spacing is too big, then the computational

cost is dramatically increased by calculating a big covariance matrix inversion in

the coKriging method in equation (10). Furthermore, the accuracy is also slightly

dropped by using uncorrelated data that are too far from the missing region. How-

ever, if we do not know the true solution we should use the local residuals in similar

fashion as in adaptivity methods.

2.3 Simulation Configuration

In this chapter, two benchmark problems are chosen for comparisons of three differ-

ent estimation methods in three different scenarios. The first simulation is a two-

dimensional lid-driven cavity flow at Reynolds number Re = 100, which represents

quasi-steady flow. The second simulation is a two-dimensional flow past a circular

cylinder at Reynolds number Re = 100, which represents quasi-periodic flow. The

numerical method is based on a high-order spectral/hp element method using the

solver NekTar [50]. In order to readily impose the Dirichlet boundary condition, the

missing part is chosen always as a rectangle box with a rectangular grid. In order

to satisfy this condition, the smoothed profile method (SPM) is employed, see [70],

to describe a rectangular structured grid by the use of an indicator function, which

is a constraint of a force distribution associated with the flow boundary condition.

Details for the simulation setup are presented below.
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2.3.1 Lid-driven cavity flow at Re = 100

The computational domain is a structured rectangular mesh shown in 2.4(a). Nor-

malized unidirectional flow is imposed on the top boundary (Γ1) while on the other

boundaries (Γ2) we impose no-slip condition on the velocity. The domain has the

same size of discretization in the x and the y directions defined by dx = dy = 0.1

with 3rd order Jacobi polynomial basis, for a total 961 nodes to solve for. The tem-

poral discretization corresponds to dt = 0.005. Our simulation is scheduled to stop

at two different times: t=2.0 and 2.5. At those times, we assume that we have three

saved snapshots at t=1.40, 1.45 and 1.50. Hence, the time gaps (∆Tg) are 0.5 and

1.0, respectively.

In order to investigate error propagation of three methods, the missing region is

chosen as a rectangle box in the middle of cavity. The missing region (Ml) is defined

as follows:

Ml = {(x1, x2) ∈ Ω : 0.4 ≤ x1 ≤ 0.8 and 0.4 ≤ x2 ≤ 0.8 }

where Ω = [0, 1] × [0, 1] and the origin (0, 0) is located in the Southwest corner of

the cavity.

The spacing for the sample set corresponds to 0.2. The sample set has 433 points

for the refined case and 144 points for the coarse case, while the missing region has

144 missing points.
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(a) Lid-driven cavity flow

(b) Flow past a circular cylinder

Figure 2.4: Computational domains and spectral element meshes for the two flow problems
considered. In (a), the blue line represents the missing region (Ml) and the red line represents the
sample set (S). The coarse sample set is a subset of the refined set.
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2.3.2 Flow past a cylinder at Re = 100

The computational domain consists of 1118 rectangular elements with Jacobi poly-

nomial order P = 3; the domain is shown in 2.4(b). The inflow boundary conditions

(Γ1 and Γ2) correspond to a normalized unidirectional flow (U = 1). On the outlet

boundary (Γ3), the zero Neumann boundary condition is applied. The surface of the

circular cylinder with diameter D = 1.0 has a no-slip boundary condition imposed

via the indicator function with a 0.03 interface thickness according to the smoothed

profile method. Since the grid resolution near the circular cylinder is 0.15, the in-

terface thickness can capture artificial boundary of the circular cylinder effectively.

In order to increase the accuracy of the smoothed profile method, regions near the

circular cylinder have a refined grid to capture the geometric boundary better.

We choose the missing region as a rectangular box in the near wake, i.e., the region

of absolute instability that is responsible for sustaining the von Karman street, see

[51]. The temporal discretization corresponds to dt = 0.001. Our simulation is

scheduled to stop at two different times, 331.89 and t = 332.09, and we have three

snapshots available at t = 331.60, 331.61, and 331.62. Hence, the time gaps (∆Tg)

correspond to 0.27 and 0.47, respectively. The shedding frequency corresponds to

0.167, i.e., a shedding period is 5.98 unit time. Hence, chosen time gaps are small

enough compared to a shedding period. The missing region (Mc) is defined as follows:

Mc = {(x1, x2) ∈ Ω : 1.5 ≤ x1 ≤ 2.5 and − 0.5 ≤ x2 ≤ 0.5 }

where Ω = [−15, 25] × [−9, 9] and the origin (0, 0) is located on the center of the

circular cylinder.

The spacing for sampling corresponds to 0.25. The sample set has 289 points for
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Table 2.1: Comparison of RMS error for three different methods in lid-driven cavity flow. ()∗

indicates Projection Integration

Velocity Time gaps (∆Tg) Scenario P.I.∗ coKriging Resimulation
streamwise 0.5 1 0.0044 0.0136 0.0075

2 — 0.0136 0.0074
3 — — 0.0078

1.0 1 0.0156 0.0150 0.0124
2 — 0.0150 0.0122
3 — — 0.0158

crossflow 0.5 1 0.0007 0.0177 0.0060
2 — 0.0177 0.0059
3 — — 0.0088

1.0 1 0.0116 0.0192 0.0108
2 — 0.0192 0.0106
3 — — 0.0105

the refined case and 97 points for the coarse case, while the missing region has 240

missing points.

2.4 Results for Three Fault Scenarios

We introduce three possible fault scenarios that may occur in massively parallel

simulations. The Root-Mean-Squared (RMS) errors are presented in Tables 1-3

while contour plots of absolute errors are shown in Figures 5-14. Details about each

scenario are presented in the following subsections.

2.4.1 Scenario 1

The first scenario assumes that at some point in time a gappy region arises, but that

we have complete information up to that point. In this case, saved data is available

to estimate the current missing data. Thus, we can employ all three methods for



23

Table 2.2: Comparison of RMS error for three different methods in flow past a circular cylinder.
()∗ indicates Projection Integration

Velocity Time gaps (∆Tg) Scenario P.I.∗ coKriging Resimulation
streamwise 0.27 1 0.0039 0.0219 0.0060

2 — 0.0219 0.0172
3 — — 0.0175

0.47 1 0.0193 0.0251 0.0144
2 — 0.0251 0.0235
3 — — 0.0291

crossflow 0.27 1 0.0046 0.0178 0.0065
2 — 0.0178 0.0168
3 — — 0.0189

0.47 1 0.0231 0.0159 0.0149
2 — 0.0159 0.0241
3 — — 0.0374

reconstructing the flow fields, namely projective integration, coKriging, and the res-

imulation method with correct initial conditions. In assigning a boundary condition

for the resimulation method, we employ a Dirichlet boundary condition, which is

extracted from the “current” neighboring flow subdomains.

Lid-driven cavity flow:

For ∆Tg = 0.5, 2.1 shows that the projective integration method appears to be the

best way to reconstruct gappy flow fields because there are no big changes in the

flow field within that time interval; this is true for both the streamwise and crossflow

velocity. In particular for the crossflow velocity, we observe that the projective

integration method reduces the error greatly compared to other methods. Thus, the

projective integration seems to be the most effective method for short time gaps in

this simulation. By increasing the time gap to ∆Tg = 1.0, however, we observe

that the magnitude of error of the projective integration is increased substantially

compared to ∆Tg = 0.5. On the other hand, the changes in error for the coKriging
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Figure 2.5: Lid-driven cavity flow in scenario 1 and 2: Absolute error of streamwise velocity at
∆Tg = 0.5.
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Figure 2.6: Lid-driven cavity flow in scenario 1 and 2: Absolute error of crossflow velocity at
∆Tg = 0.5.
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Figure 2.7: Lid-driven cavity flow in scenario 1 and 2: Absolute error of streamwise velocity at
∆Tg = 1.0.



27

 

 

0.4 0.5 0.6 0.7 0.8

0.4

0.5

0.6

0.7

0.8

0

0.005

0.01

0.015

0.02

(a) Projective Integration

 

 

0.4 0.5 0.6 0.7 0.8

0.4

0.5

0.6

0.7

0.8

0

0.005

0.01

0.015

0.02

(b) coKriging

 

 

0.4 0.5 0.6 0.7 0.8

0.4

0.5

0.6

0.7

0.8

0

0.005

0.01

0.015

0.02

(c) Resimulation in Scenario 1

 

 

0.4 0.5 0.6 0.7 0.8

0.4

0.5

0.6

0.7

0.8

0

0.005

0.01

0.015

0.02

(d) Resimulation in Scenario 2

Figure 2.8: Lid-driven cavity flow in scenario 1 and 2: Absolute error of crossflow velocity at
∆Tg = 1.0.
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and resimulation method are small compared to the projective integration method.

For this time gap, the resimulation method seems to be the most effective approach

to recover the flow field in the gappy region. In both cases, since the accuracy of the

coKriging method depends only on surrounding data, the magnitude of the error is

not changed significantly for either time gaps. In general, the resimulation method

is competitive to the projective integration and seems to be robust for different time

gap sizes. With regard to error distribution, the maximum error in the coKriging

method is located at the middle of the spatial domain whereas the maximum error

of the resimulation method is located near the boundary due to the incorrect type

of boundary condition, see 2.5 and 2.6.

Flow past a circular cylinder:

Since the gappy region (Mc) is located in the near-wake, relying on the neighboring

data only cannot guarantee a strong correlation with the missing flow field data.

First, for ∆Tg = 0.27, the results shown in 2.2 lead to the same conclusion

as in the lid-driven cavity flow. Even though the flow is unsteady, the projective

integration is the most effective approach to reconstruct the gappy flow fields because

the “current” flow field is still similar to the saved one. In particular, we see in 2.9

that the velocity at the boundary does not deviate significantly from the saved values.

Hence, the resimulation method can also estimate the current flow field well while the

coKriging method seems to be the worst method due to the rapid spatial variation

of velocity in this region. However, increasing the time gap to ∆Tg = 0.47 seems to

result in a big change in velocity and hence the projective integration method cannot

be used effectively. Since saved or neighboring data are not available to estimate the

current flow field accurately, all three methods show similar results but the best
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Figure 2.9: Flow past a circular cylinder in scenario 1 and 2: Absolute error of streamwise velocity
at ∆Tg = 0.27.
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Figure 2.10: Flow past a circular cylinder in scenario 1 and 2: Absolute error of crossflow velocity
at ∆Tg = 0.27.
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Figure 2.11: Flow past a circular cylinder in scenario 1 and 2: Absolute error of streamwise
velocity at ∆Tg = 0.47.
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Figure 2.12: Flow past a circular cylinder in scenario 1 and 2: Absolute error of crossflow velocity
at ∆Tg = 0.47.
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method seems to be the resimulation method.

2.4.2 Scenario 2

The second scenario assumes that there exist previous gaps but there is no contam-

ination in the neighboring data, which can be used in the reconstruction. In this

scenario, the projective integration cannot be employed because of the absence of

previous data in the missing region. Hence, we employ the coKriging and resim-

ulation methods only for reconstruction of the gappy flow field. Also, due to lack

of correct initial conditions to be used in the resimulation method, we employ the

coKriging interpolation for estimating the initial condition, see 2.2. Hence, the res-

imulation method will inherit an error due to approximate initial conditions but it

will employ the correct (Dirichlet) boundary conditions since we assumed that the

current neighboring data are not contaminated.

Lid-driven cavity flow:

Even though we employ the coKriging interpolation for the initial condition of the

resimulation method, the resimulation method seems to be more accurate than the

coKriging method, see 2.1. Moreover, the error distribution is similar to scenario 1,

which uses correct initial conditions. Based on this result we observe that the initial

perturbation by the coKriging method is “forgotten” during resimulation with a

divergence-free constraint. Furthermore, the maximum RMS error is located near

the boundary as shown in Figures 2.5-2.8.
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Flow past a circular cylinder:

While the resimulation method is better than the coKriging method for ∆Tg = 0.27,

the coKriging method is competitive with the resimulation method for ∆Tg = 0.47.

The reason is that the resimulation method is affected by the initial condition ap-

proximation by the coKriging method and the error due to the Dirichlet boundary

condition for big time gaps. Specifically, the coKriging method is better in pre-

dicting the crossflow velocity. As shown in 2.2, the RMS errors of the coKriging

and resimulation methods are bigger than the same methods in scenario 1, which

means that the initial perturbation in the gappy region affects the entire missing

domain. Figures 2.9-2.12 show that the error distribution is affected by both initial

and boundary conditions while the error in the lid-driven cavity flow appears to be

affected by the boundary condition only. Hence, the initial perturbation is a key

factor in error propagation for unsteady flows.

2.4.3 Scenario 3

The third scenario represents the worst case. There exist previous time gaps but,

in addition, the current neighboring data are somehow contaminated by silent er-

ror. In this scenario, we cannot employ the projective integration or the coKriging

method because of the absence of accurate previous data and the contamination of

neighboring data. Hence, the only way to reconstruct gappy flow fields is the resim-

ulation method, where we need to consider carefully how to set appropriate initial

and boundary conditions. A rather simple way is to employ coKriging to estimate

the initial condition and employ previously saved flow field data as a boundary con-

dition, which we will refer to as “previous boundary”. However, this may propagate
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Figure 2.13: Lid-driven cavity flow in scenario 3: Comparison of velocity at the boundary of
the gappy region at ∆Tg = 0.5. “Current” represents the correct value, “previous” represents last
saved data, and “estimated” is calculated by Projective Integration.
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Figure 2.14: Lid-driven cavity flow in scenario 3: Comparison of velocity at the boundary of
the gappy region at ∆Tg = 1.0. “Current” represents the correct value, “previous” represents last
saved data, and “estimated” is calculated by Projective Integration.
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Figure 2.15: Lid-driven cavity in scenario 3: Absolute error of different boundary at ∆Tg = 0.5.
Left: previous boundary, Right: estimated boundary.
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Figure 2.16: Lid-driven cavity in scenario 3: Absolute error of different boundary at ∆Tg = 1.0.
Left: previous boundary, Right: estimated boundary.
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Figure 2.17: Flow past a circular cylinder in scenario 3: Comparison of velocity at the boundary
of the gappy region at ∆Tg = 0.27. “Current” represents the correct value, “previous” represents
last saved data, and “estimated” is calculated by Projective Integration.
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Figure 2.18: Flow past a circular cylinder in scenario 3: Comparison of velocity at the boundary
of the gappy region at ∆Tg = 0.47. “Current” represents the correct value, “previous” represents
last saved data, and “estimated” is calculated by Projective Integration.
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Figure 2.19: Flow past a circular cylinder in scenario 3: Absolute error of different boundary at
∆Tg = 0.27. Left: previous boundary, Right: estimated boundary.
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Figure 2.20: Flow past a circular cylinder in scenario 3: Absolute error of different boundary at
∆Tg = 0.47. Left: previous boundary, Right: estimated boundary.
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Table 2.3: RMS Errors for different boundary conditions in scenario 3.

Type Velocity Time gaps (∆Tg) Previous Estimated
Lid-driven Cavity1 streamwise 0.5 0.0170 0.0078

1.0 0.0310 0.0158
crossflow 0.5 0.0116 0.0088

1.0 0.0214 0.0105
Flow Past a Cylinder2 streamwise 0.27 0.0248 0.0175

0.47 0.0386 0.0291
crossflow 0.27 0.0980 0.0189

0.47 0.1797 0.0374

errors into the entire gappy region and more globally due to the erroneous boundary

condition. In order to avoid this issue and increase accuracy, we introduce the con-

cept of “estimated boundary” by the projective integration method. This concept

uses the same initial condition as before (by the coKriging method) but employs the

projective integration method for extracting proper boundary condition from points

in a sample set. In this section, we examine the quality of the simulation results

for two different boundary conditions, the “previous” and “estimated” boundary

conditions.

Lid-driven cavity flow:

We see from 2.3 that the “estimated” boundary condition reduces the error signifi-

cantly. However, the crossflow velocity is captured reasonably well by the “previous”

boundary condition as well. The reason is that boundary values are not changing

rapidly as shown in Figures 2.13 and 2.14. In other cases the “estimated” bound-

ary gives better result because it can estimate the current velocity at the boundary

better. When imposing “estimated” boundary, the absolute error at the boundary

is reduced dramatically compared to “previous” boundary, see 2.15 and 2.16. This

results in total error reduction in the entire missing region.
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Flow past a circular cylinder:

In this case, the resimulation method with the “estimated” boundary seems to pro-

vide the better approach. In this unsteady flow, the current boundary is totally

different from the “previous” saved boundary as shown in Figures 2.17-2.18. The

“estimated” boundary by the projective integration can capture the current bound-

ary condition well for both ∆Tg = 0.27 and 0.47. This results in a noticeable error

reduction at the boundary in this unsteady flow even though the inner part of the

missing region still has large error, see 2.3, 2.19 and 2.20. Furthermore, in the cross-

flow velocity, the “estimated” boundary leads to the significant error reduction in

2.20. So in general, the “estimated” boundary approach seems to be a more robust

method for predicting the proper boundary values, see results in 2.3.

2.5 Summary

Data assimilation in Computational Fluid Dynamics is a relatively unexplored area.

The techniques that we have developed in this chapter by combining numerical ap-

proximation with statistical learning methods (e.g., Kriging/coKriging) for recon-

struction of gappy fields can also be used for data assimilation. Here, our interest

has been the “restarting” of a CFD simulation in a massively parallel environment,

which may be interrupted due to hardware or software problems in only one relatively

small part of the space-time computational domain. To this end, we developed and

tested three empirical approaches to reconstruct gappy flow fields. Specifically, we

performed simulations of two “textbook” CFD problems, namely flow in a lid-driven

cavity and flow past a circular cylinder in two dimensions, and under three different

fault scenarios with progressive complexity. We summarize here the main findings
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of our study:

• For sufficiently small time gaps the projective integration method is the best

while for longer time gaps the coKriging method is better.

• Overall, the resimulation method seems to be the most robust method, per-

forming well in all three fault scenarios.

• Estimating the boundary condition using projective integration leads to ac-

curate results for the resimulation method in scenario 3 where the other two

methods fail.



Chapter Three

Fault-resilient simulations based

on multi-resolution information

fusion
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3.1 Introduction

The present work introduces a new paradigm in Computational Fluid Dynamics

(CFD) and is motivated by two facts: (1) The lack of robust and efficient methods

to carry out multiscale simulations in practical applications, despite several pub-

lished papers proposing coupling techniques for heterogeneous flow models [76, 113,

84, 6, 108]. (2) The occurrence of random faults from hardware or software that

may render the simulation results erroneous on petaflop and on the emerging ex-

aflop computing platforms [94, 4, 72, 14]. While one may think that the latter is a

computer science issue and can be solved e.g. via fault-tolerant MPI [41, 39, 47, 7],

there may be an algorithmic solution to it that can lead to affective recovery of the

computation or protecting against the erroneous results in the first place. Here we

develop a framework that addresses simultaneously fundamental open issues of the

aforementioned two topics. This framework can be readily generalized to accommo-

date heterogeneous flow models as well as deterministic or stochastic descriptions;

in this chapter we focus only on multi-resolution to layout the basic ideas. One fun-

damental question is how to reconstruct complete fields from gappy data and some

auxiliary information. This issue has been addressed before in different contexts,

including the dynamical systems approach with the so-called gap-tooth and patch

dynamics algorithm [37, 91, 54]. However, this algorithm has not yet been applied

to the Navier-Stokes equations, which is the subject we examine in the current work,

by also introducing reconstruction techniques employed by the statistical learning

community.

Considering the faulty processors scenario, we may assume that we encounter

spatial gaps in the computational domain at certain time. Hence, we need to re-

construct the gaps with appropriate methods, e.g., based on estimation theories
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[117, 1, 77, 2, 55]. In particular, for spatial estimation for gaps in fluid dynamics,

the gappy proper orthogonal decomposition (gappy POD) method was introduced in

[29, 106, 110], which extrapolates the POD basis from previous data. Another spatial

estimation method used often in geophysics is Kriging and coKriging, which are un-

biased linear interpolations [103, 65, 43, 46, 80]. More recently, a resilient algorithm

based on a “re-simulation” method for CFD was introduced in [62], demonstrating

the possibility of filling the spatial gaps effectively at a fixed time.

In this chapter, we aim to combine the gap-tooth algorithm with information

fusion methods for field reconstruction emphasizing robustness and generality. We

assume that we only have gaps in the spatial domain but not gaps in time. We

introduce a new CFD algorithm for parallel simulations, namely a gappy simula-

tion with auxiliary data, which is capable of performing uninterrupted simulations

despite the occasional presence of spatial gaps. Furthermore, by employing tech-

niques from statistical learning for information fusion, we can potentially increase

the overall simulation accuracy by utilizing low-resolution auxiliary data from diverse

sources. This new capability allows us to simulate multiscale but also multiresolution

discretizations. The new framework can be extended to generalize previous multi-

scale approaches (e.g., continuum-atomistic) [32] in a unified parallel computational

framework.

This chapter is organized as follows: In section 2, we introduce the gappy sim-

ulation algorithms with a definition and a flow chart. In section 3, we present

the computational domains and simulation set up for two benchmark problems. In

section 4, we present results of a parametric study and analyze them in terms of

accuracy. In section 5, we summarize our results and discuss open issues for further

developments of gappy simulations.
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Figure 3.1: A schematic illustration of a gappy simulation: Computations are performed only on
the green subdomains (left) with independent auxiliary data on a small number of points (right).

3.2 Gappy Simulation Framework

3.2.1 Problem set up

In the gappy simulation framework we compute explicitly the solution to a PDE not

on the entire domain but only partially on some subdomains (colored by green) with

some auxiliary data that are distributed across the entire domain (colored by blue)

and obtained independently, see Figure 3.1. The main idea is to combine the global

coarse information with some finely resolved subdomains and appropriately fuse the

two solutions to obtain a more accurate solution on the entire domain. This set up ad-

mits two different interpretations. From the multiscale perspective, the global coarse

solution represents the large scales, whereas the solution on the fine-resolution subdo-

mains represents dynamics of finer scales. From the parallel computing perspective,

the gappy subdomains may be regions corrupted by random software or hardware

faults whereas the global coarse solution is obtained on an independent small set

of processors, which is assumed to be immune to such faults that the big computer

system may suffer from. This framework has some similarities with the“gap-tooth”
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Figure 3.2: Breakup of the computation into fine resolution on a few patches (parallel execution)
and into an auxiliary computation in the entire domain. Auxiliary data should be obtained from
an independent computer node and should be tuned to run (approximately) synchronously with
the main parallel simulation.

algorithm for micro-simulators [37, 91, 54]. In the micro-systems, the computational

cost increases greatly as the number of particles or the size of the computational

domain increases. Hence, the “gap-tooth” algorithm was introduced to solve only

partial subdomains (in a “micro” sense) and smoothly interpolate/extrapolate state

variables (in a “macro” sense) at the expense of some penalty in accuracy but with

a large computational gain and thus enhanced computational efficiency.

3.2.2 Auxiliary data

The auxiliary data is a key component of the gappy simulation. First, to facilitate

resilience, the auxiliary data should be independent of the main simulation by com-

puting them on a separate computer node or even by obtaining them experimentally,

e.g., using a Particle-Image-Velocimetry (PIV) technique [71, 42, 98], see Figure 3.2.

Moreover, the auxiliary data should be small in size so that it can be saved on a

fast disk, e.g., a solid state device. In order to be (approximately) in synch with

the parallel main simulation, the auxiliary data should be much faster to compute

compared to the main parallel simulation. Alternatively, a lower-dimensional model
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Figure 3.3: A flow chart for a gappy simulation (start from left-top): We first check where the
gappy domains are located. Next, we choose a buffer size, impose appropriate boundary conditions,
and estimate field variables at local boundaries. Each subdomain is solved in parallel and indepen-
dently during non-interaction time τ ·∆t. Subsequently, all gappy domains are re-joined together
after cutting-off the buffer region. Finally, fusing information from the fine resolution patches with
auxiliary data, all field variables are updated at the local boundaries (buffers) of the subdomains.
This is one complete cycle of the gappy simulation algorithm.

can be constructed based on a coarse-grained simulation and be run in parallel with

the main simulation but on a smaller fault-free computer. Irrespective of the sce-

nario employed to obtain the auxiliary data, we will assume here that they provide

information of lower resolution and of course at lower fidelity but can be acquired

much faster compared to the main simulation. Second, because the auxiliary data

span the entire domain, they contain information of global connectivity, which the

main simulation does not have. Based on methods of information fusion, we can

then endow the estimated field variables at the local boundary with both global

(from auxiliary data) as well as local information (from the gappy domains).
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Figure 3.4: A schematic representation of information fusion via coKriging: coKriging uses two
data sets, red and green: a red box represents a set of auxiliary data and a green box represents a
set of data from the gappy simulation.

3.2.3 Algorithm flow chart

A flow chart of the gappy simulation is shown in Figure 3.3. First, upon notification of

a fault detection (not discussed here), we check which domains are affected by errors,

and define computational subdomains and gaps. Next, we choose a proper buffer

size and corresponding boundary conditions for each subdomain. After imposing

the boundary conditions, the gappy simulation estimates the field variables at the

local boundaries of each subdomain by the information fusion method using also

the independent auxiliary data (coKriging). After setting-up all the parameters and

variables, the gappy simulation solves each subdomain on independent nodes during

non-interaction time τ ·∆t. After time τ ·∆t, all subdomains are re-joined together

and the buffer region of each subdomain is cut-off. Finally, using the auxiliary data,

the new field variables at the boundaries can be updated via coKriging. The gappy

simulation repeats again this procedure until the main simulation ends or all faults

are fixed.
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3.2.4 CoKriging

In order to estimate field variables at the local boundary, a multi-fidelity coKriging

interpolation method is introduced [62, 23, 52]. In this chapter, we use two data sets:

data from the gappy simulation, locally computed with high accuracy, and data from

auxiliary data, globally computed with low accuracy, see Figure 3.4. The basic idea

of this method is that the estimated field variable ŷ(x) at the local boundary x can

be represented by a linear combination of two data sets as follows:

ŷ(xb) = λT1 x + λT2 y, (3.1)

where x ∈ Rn is a field data vector in the auxiliary data and y ∈ Rm is in the gappy

simulation data. Also, λ1 and λ2 are vectors of weights which will be determine below.

Here we solve a simple optimization problem in minimizing the mean squared error

(MSE) of this linear combination, i.e.,

arg min
λ1,λ2

E[(ŷ(xb)− y(xb))2], (3.2)

subject to the unbiased constraints

E[ŷ(xb)] = E[y(xb)] or
n∑
i=1

λ1i = 1 and
m∑
i=1

λ2i = 0. (3.3)

Then, we can solve the linear system with Lagrange multipliers µ1 and µ2 as follows:



C11 C12 1 0

C21 C22 0 1

1T 0T 0 0

0T 1T 0 0





λ1

λ2

µ1

µ2


=



c1(xb)

c2(xb)

1

0


, (3.4)
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Figure 3.5: A schematic illustration of a buffer: The left plot shows numerical errors propagating
from the boundaries into the subdomains. The right plot shows how the buffer can prevent the
error at the local boundary from entering the fine-resolution subdomains.

where C is a covariance matrix whose submatrix C11 is the covariance matrix be-

tween points in auxiliary data, C22 between points in the fine-resolution subdomains,

and C12 between the auxiliary data and the subdomains. Here, c1(x) is the covari-

ance vector between the target point (x) and points in the auxiliary data, and c2(x)

between the target point (x) and points in the subdomains. In order to set a covari-

ance matrix, we need to choose the proper correlation kernel, see section 4.1.

3.2.5 Buffer region

In this framework we choose a Dirichlet boundary condition as the default type. If

we have no auxiliary data (via Kriging) and no buffer, the field variables at the local

boundary of each subdomain cannot be changed by the basic property of Kriging

estimation – the estimated value at the training data point should be the same as

the training data. Even though we employ the coKriging estimation with auxiliary

data, there is still “default” error coming from the estimation, which may render
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our simulation useless after long time integration. In order to prevent this negative

effect from polluting the solution in the interior of our subdomains during the non-

interaction time τ ·∆t, we introduce the concept of a “buffer”, which plays a similar

role as that of a “dashpot” in the classical vibration system of a mechanical design.

We choose a proper size of the buffer as shown in Figure 3.5 by balancing computa-

tional cost and desired accuracy; this size should be correlated to the dominant time

scales of the problem, e.g., diffusion or convection time scale.

3.3 Simulation setup

3.3.1 Heat equation

We consider a square domain for simplicity, and we solve the two-dimensional heat

equation with diffusivity, κ, given by:

∂T

∂t
= κ∇2T, (3.5)

with proper boundary conditions at the boundaries of the domain. This is a simpler

problem than the Navier-Stokes equations but it serves as a pedagogical example to

introduce all the steps of the algorithmic framework we propose.

In order to perform a fine-resolution gappy simulation and a fine-resolution refer-

ence simulation on the complete domain, we employ the second-order finite difference

method. The physical boundary conditions are: T = 1 at the top and T = 0 on all

other sides. The computational domain consists of a structured rectangular mesh.

The grid resolution of the gappy simulation is 11× 11 per each subdomain (total of
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Figure 3.6: A schematic illustration of gappy domains for two benchmark problems: (left) the
global (physical) boundary condition of the reference simulation. (right) the location and index
of the fine-resolution subdomains colored by green. In the heat equation (a), the fine-resolution
subdomains are connected by only the corner point of cell “3” while the fine-resolution subdomains
are totally disconnected in the Navier-Stokes equations (b).
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5 subdomains), with a total of 605 grid points in the gappy simulation while the grid

resolution of the reference simulation is 31 × 31. In order to compare the influence

of auxiliary data on the overall accuracy, we employ a coarse grid with resolution

4 × 4, 6 × 6, and 10 × 10. Four subdomains have two global boundaries but one

subdomain in the middle, cell 3, has no global boundary, see Figure 4.6(a). The

temporal discretization corresponds to time step ∆t = 0.0125 with heat diffusivity,

κ = 0.01. The simulation is integrated from t=0 to t=30 (the steady-state is near

t=25). Temperature contours at the steady-state are shown in Figure 3.7.

3.3.2 Navier-Stokes equations

Next, we consider incompressible flow for the lid-driven cavity described by the

divergence-free Navier-Stokes equations:

∂v

∂t
+ v · ∇v = −∇p+ ν∇2v + f, (3.6)

∇ · v = 0, (3.7)

where v is the velocity vector, p is pressure, and ν is the kinematic viscosity of

the fluid. For spatial discretization we employ a two-dimensional finite difference

method. For the physical boundary condition, we prescribe the streamwise velocity,

u = 1 at the top and u = 0 on all other sides; the crossflow velocity v = 0 at all

boundaries, see Figure 4.6(b). The resolution of a rectangular cell for each subdomain

is 8×8, with total 320 cells for the gappy simulation. In order to compare errors from

different auxiliary data quantitatively, we employ a coarse simulation with resolution

4×4, 8×8, and 16×16 for the entire domain. The gappy regions are similar as in the
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previous example but the only difference is that all fine-resolution subdomains are

totally disconnected, see Figure 4.6(b). The time step is ∆t = 0.005 with Reynolds

number, Re=100. The discretized equations are integrated from t=0 to t=15 (the

steady-state is near t=10). Streamwise velocity contours at the steady-state are

shown in Figure 3.8.

3.4 Results

In this section, we show results of the parametric study in terms of the correlation

kernel, the size of buffer, the auxiliary data, and the non-interaction time τ · ∆t.

In order to compare effectiveness quantitatively, we employ two measures of RMS

error, namely the “total” RMS error for temporal accuracy and the “time-averaged”

RMS error for overall accuracy. The “total” RMS error at time t is calculated by

the following formula

RMST(t) =

√√√√ 1

nN

n∑
j=1

N∑
i=1

(ur,j(i, t)− ug,j(i, t))2, (3.8)

where N is the number of grid point of each subdomain and n is the number of

fine-resolution subdomains while ur,j(i, t) and ug,j(i, t) represent the reference solu-

tion and the gappy solution in jth fine-resolution subdomain, respectively. We also

introduce another accuracy metric, the time-averaged RMS error from t=0 to t=T,

calculated by

RMST(T) =
1

T

ˆ T

0

RMST(t)dt. (3.9)
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(a) The reference simulation.

(b) The gappy simulation.

Figure 3.7: Temperature contours for the heat equation: the reference simulation solves the entire
domain (31× 31 grid) by a second-order finite difference method.
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(a) The reference simulation.

(b) The gappy simulation.

Figure 3.8: Streamwise velocity contours for the Navier-Stokes equations: the reference simulation
solves the entire domain (27× 27 cell), by a second-order finite difference method.
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3.4.1 Correlation Kernel

In order to set a covariance matrix by the information fusion via Kriging or coKriging,

see section 2.4, we need to choose a proper correlation kernel (also called correlation

function). We employ four different kernels widely used in general problems as

follows:

• Gaussian

κg(xi, xj) = exp
(
−θd(xi, xj)

2
)
. (3.10)

• Exponential

κe(xi, xj) = exp (−θd(xi, xj)) . (3.11)

• Spherical

κs(xi, xj) = 1− 3

2
min(θd(xi, xj), 1) +

1

2
(min(θd(xi, xj), 1))3 . (3.12)

• Matérn

κm(xi, xj) =
(

1 +
√

3θd(xi, xj)
)

exp
(
−
√

3θd(xi, xj)
)
. (3.13)

The hyperparameter θ is obtained by maximum likelihood estimation (MLE); it

decides how fast the correlation kernel converges to zero, i.e. the larger θ represents

that the points are affected by only nearer points; on the other hand, for small θ, all

points are correlated to each other.

The results of constructing the covariance matrix at the steady-state by different

correlation kernels are shown in Figures 3.9 and 3.10. In order to compare the
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(a) The heat equation: RMST.
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(b) The heat equation: RMSE in cell 3.
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(c) The Navier-Stokes equations.

Figure 3.9: The time history of the total RMS error for different correlation kernels. In (a) and
(b), fixed parameters are the size of buffer at 30%, no auxiliary data (by Kriging), and a non-
interaction timestep number (τ) of 50. In (c), the fixed parameters are the size of buffer at 25%,
no auxiliary data (by Kriging), and a non-interaction timestep number (τ) of 5. (In plots (a) and
(b), the blue and red curves coincide).
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(a) The heat equation.

(b) The Navier-Stokes equations.

Figure 3.10: Covariance matrix of different correlation kernels at the steady-state. Fixed param-
eters are same as in Figure 3.9. In (a), each fine-resolution subdomain has 121 points, totally 605
points. In (b), each fine-resolution subdomain has 90 points, totally 450 points.
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(a) t=5 (at transient).
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(b) t=30 (at steady-state).

Figure 3.11: Correlation functions (kernels) at two different times. Fixed parameters are same
as in Figure 3.9.
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effectiveness of the kernel only, other test parameters should be fixed. In the heat

equation, the size of the buffer is fixed at 30%, the non-interaction timestep number

(τ) is 50, and no auxiliary data are provided by Kriging. In the Navier-Stokes

equations, the size of buffer is fixed at 25%, the non-interaction timestep number (τ)

is 5, and no auxiliary data are available by Kriging.

In the heat equation, we found that the best kernel at steady-state is the Matérn

kernel. Theoretically, solutions of a diffusion problems yield strong spatial corre-

lations between subdomains. Thus, all kernels show a strong correlation between

subdomains except the Gaussian kernel. As shown in Figures 3.10 (a) and 3.11,

the Gaussian kernel has weak correlation between other subdomains and this leads

to the highest RMS error compared to other kernels. Specifically, as shown in Fig-

ure 3.9 (b), the dominant RMS error comes from cell 3, where there is no global

boundary condition. Hence, the accuracy of the boundary conditions in cell 3 is

much more critical than the boundary conditions in other cells. Since the Gaussian

kernel exhibits less communication between subdomains due to its weak correlation,

the updated boundary condition of cell 3 becomes inaccurate compared to the other

kernels. Moreover, similar to the weak correlation, the strong correlation leads to

higher RMS error as well. For example, the strong correlation of the Matérn kernel

during the transient period makes the RMS error increase. However, as we approach

the steady-state, the correlation is decreased smoothly and this results in a reduction

of the RMS error, see Figure 3.11.

In the Navier-Stokes equations, the spatial correlation between different subdo-

mains is relatively weaker than the heat equation. After the maximum likelihood

estimation, we observed that the worst kernel is the spherical one which has weak

correlations with points between other subdomains. The exponential kernel has sim-

ilar but relatively stronger correlation compared to the spherical kernel, see Figure
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3.10, and this leads to reduction of the RMS error. In the Gaussian kernel, however,

the correlations between other subdomains are too strong, that is, too many data

can affect an estimated boundary condition. This over-fitting leads to wiggles in the

total RMS error. Finally, we found that the Matérn kernel is the best because it has

very strong correlation for the inner subdomains but also an appropriate correlation

with respect to directions. Specifically, in cell 1, the distance from cell 2 and cell 4

is the same but the correlation with the cell 4 is relatively strong, which means that

the spatial correlation along the y-axis is much stronger than along the x-axis.

3.4.2 Size of a buffer

The next parameter we focus on is the size of the buffers we employ for estimating

the boundary conditions on each fine-resolution subdomains. The results of the to-

tal RMS error and time-averaged RMS error are shown in Figure 3.12. The main

observation is that the total and time-averaged RMS errors are reduced as the buffer

becomes larger during the transient period but also at steady-state. Specifically,

considering the heat equation first, the uncertainties from the estimation during the

transient period due to a rapid change of field variables are large and this leads to

high effectiveness of a large buffer, e.g., see the peak of the RMS error in Figure

3.12 (a). On the other hand, because the uncertainties at the local boundary are

relatively small near the steady-state, the associated errors can be diffused in the

buffer region. Hence, the difference of the RMS error at the steady-state is smaller

than the error during the transient states. Considering now the Navier-Stokes equa-

tions, the convection mechanism introduces a different time scale and the vector field

presents another complication so the results are somewhat different compared with

the diffusion equation. The size of the buffer becomes even more important both
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Figure 3.12: The time history of total RMS error and time-averaged RMS error for different
buffer sizes. In (b) and (d), the x-axis represents the percentage of the buffer with respect to
the size of a fine-resolution domain. In the heat equation, the fixed parameters are as follows:
resolution of auxiliary data is 6×6, and a non-interaction timestep number (τ) of 1. In the Navier-
Stokes equations, the fixed parameters are as follows: resolution of auxiliary data is 8 × 8, and a
non-interaction timestep number (τ) of 5.
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during the transient period and at steady-state.

3.4.3 Auxiliary data

The auxiliary data affects the accuracy of the estimation scheme via coKriging in

estimating the boundary conditions for all fine-resolution subdomains. The results

of total and time-averaged RMS error for different auxiliary data are shown in Figure

3.15. As a reference case, the results of the gappy simulation with no auxiliary data

are added in the same graph; by that we refer to using the Kriging method instead

of coKriging, which estimates the field variables with only one data set from the

gappy simulation due to the absence of auxiliary data. From these results we can

appreciate that the accuracy of the auxiliary data greatly affects the RMS errors in

both cases.

In the simulation of the heat equation, the temperature contours of different

resolutions of auxiliary data are shown in Figure 3.13. The auxiliary data with finer

resolution gives the lower RMS error at the steady state. However, at the transient

region (t ≤ 10), the case with no auxiliary data with Kriging leads also to a good

reduction of RMS error. This is because all fine-resolution subdomains have near

zero value except the top boundary, i.e., cells 1 and 2. Thus, even though the Kriging

method estimates near zero value at the local boundaries at cell 3, 4, and 5, these

estimated values are not that different from the exact value. However, after t = 5,

cell 3 exhibits nonzero values in the field variables at the local boundary. Hence, the

RMS errors of the no-auxiliary data cases increase up to the steady-state.

In the simulation of the Navier-Stokes equations, the different resolutions of aux-

iliary data, see Figure 3.14, show the relatively bigger effect of the auxiliary data
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(a) 4× 4 grid.

(b) 6× 6 grid.

(c) 10× 10 grid.

Figure 3.13: Temperature contours for the heat equation by different auxiliary data from coarse
grids.
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(a) 4× 4 cell.

(b) 8× 8 cell.

(c) 16× 16 cell.

Figure 3.14: Streamwise velocity contours for the Navier-Stokes equations by different auxiliary
data from coarse grids.



71

compared to any other tested parameter. Because of the weak spatial correlations of

the solution between the fine-resolution subdomains, the auxiliary data can support

the information associated with global interactions, and this results in significant

reduction of the RMS error. However, the lowest resolution (4× 4) is too coarse to

be useful to the information fusion technique, see Figure 3.14(a). Specifically, the

center of vortex in the 4× 4 auxiliary data is located near the middle of the domain

whereas in truth it should lie toward near the top-right corner in the exact solution.

This mismatch leads to big RMS error at cells 2 and 3, which affect the total RMS

error.

3.4.4 Non-interaction timestep number (τ)

Employing a non-interaction timestep number, τ , as an independent parameter al-

lows us to minimize communications by performing independent parallel runs dur-

ing time τ · ∆t. From the multiscale modeling perspective, τ · ∆t can represent a

“macro” time step as compared to a micro time step, ∆t. The results of total and

time-averaged RMS error with different τ are shown in Figure 3.15. The difference

of RMS errors between various τ is large during the transient period while the dif-

ference is relatively small (or negligible) at steady-state. Hence, we need to choose a

proper τ by balancing computational cost and desired accuracy at target simulation

time. For example, for long time integration until the steady-state, a large value of

τ is a good choice with respect to computational cost.

In the heat equation, we have observed that the optimal τ depends on the pen-

etration length for diffusion – the measure of how long each field variable can pen-

etrate into the neighborhood numerically during a unit time step. Generally, the
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Stokes equations.

Figure 3.15: The time history of time-averaged and total RMS errors for different auxiliary data.
In the heat equation, fixed parameters are as follows: size of buffer at 30% and non-interaction
timestep number (τ) of 1. In the Navier-Stokes equations, the fixed parameters are as follows: size
of buffer at 25% and with non-interaction timestep number (τ) of 5.
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(c) Time history of total RMS error in the
Navier-Stokes equations with a 25% buffer
length.
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Figure 3.16: Time history of time-averaged and total RMS errors for different non-interaction
timestep number (τ). In (a), the dashed lines correspond to τ ≥ τd = 64.8. In (c), the dashed
lines correspond to τ ≥ τa = 15. In the heat equation, (a) and (b), the fixed parameters are as
follows: auxiliary data 6× 6, and buffer of 30%. In Navier-Stokes equations, (c) and (d), the fixed
parameters are as follows: auxiliary data 8× 8, and buffer of 25%.
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penetration length for the diffusion can be estimated by

lp,d ∼
√
κ · τ∆t. (3.14)

Then, the allowable non-interaction timestep number τd for the diffusion, corre-

sponding to the length of the buffer lb, is obtained as

τd =
l2b
κ∆t

. (3.15)

First, we obtain τd for a 30% and a 20% buffer, which is about 64.8 and 28.8,

respectively. As shown in Figure 3.16, if the selected value of τ is smaller than τd,

i.e. the penetration length is smaller than the length of the buffer, we observe that

the total and time-averaged RMS errors become smaller as τ becomes larger. On

the other hand, if we choose τ bigger than τd, the error from the local boundary

can penetrate the fine-resolution subdomains and this would lead to the increase of

RMS error. In the case of Navier-Stokes equations, we have an extra length scale

associated with convection, namely

lp,a ∼ V · τ∆t. (3.16)

Thus, the allowable non-interaction timestep number τv for the convection with

the length of the buffer lb is

τv =
lb

V∆t
, (3.17)

where V is the maximum streamwise velocity. Finally, the allowable non-interaction
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timestep number, τa is the minimum between these two different non-interaction

timestep numbers as follows:

τa = min{τd, τv}. (3.18)

In this simulation, τa for a 25% buffer is around 15. However, as shown in Figure

3.14, the RMS error increases linearly as τ increases. This result shows that the RMS

error in the Navier-Stokes equations appears to be independent of the allowable non-

interaction timestep number τa. The reason is that it is hard to find optimal τa in a

nonlinear convection-diffusion equation. In order to investigate further, we perform

a similar simulation of the same problem but with different size of the buffer, 37.5%.

The results for this case follow the same trend as before, i.e., the smallest τ is the

best with respect to RMS error.

3.5 Summary

We developed a new algorithmic framework and tested simulations of two benchmark

problems, namely the heat equation and flow in a lid-driven cavity in two dimen-

sions, and under different resolutions of auxiliary data. We obtained important first

insights via a parametric study by varying: 1) type of correlation kernel, 2) size of

buffer, 3) accuracy of auxiliary data, and 4) non-interaction timestep number, τ . We

summarize here the main findings of our study:

• Kernel : The Matérn kernel is found to be the best kernel with respect to

RMS error and stability in both problems.
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• Buffer : A bigger buffer can guarantee a smaller RMS error in both problems

because the error at the local boundary can be diffused in a buffer region.

Moreover, as the auxiliary data is inaccurate or auxiliary data may not be

available, the size of the buffer enhances the robustness of the method.

• Auxiliary data : Higher resolution auxiliary data lead to a smaller RMS

error in both problems because of increasing accuracy of results by information

fusion. The accuracy of auxiliary data is found to be the most important

parameter to reduce the RMS error effectively.

• Non-interaction timestep number (τ): In the heat equation (only dif-

fusion), near the allowable τd, calculated by the estimation of a penetration

length for a diffusion, we can guarantee the smallest RMS error. However, in

the Navier-Stokes equations (combined diffusion and convection), the smaller

τ (update boundary values more frequently) gives the smallest RMS error.

From the fact that the auxiliary data can be of any fidelity, scale, or model, this

framework can be extended to enable multifidelity and multiscale parallel simulations

in a resilient way. In next chapter, we have employed the Monte Carlo method for

the heat equation, and dissipative particle dynamics (DPD) for the Navier-Stokes

equations to obtain auxiliary data. We will also address the spatio-temporal gappy

simulation with gaps both in time and space.



Chapter Four

Resilient and efficient simulations

based on multi-fidelity and

heterogeneous information fusion
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4.1 Introduction

As demands for solving complex physics problems are growing in computational fluid

dynamics, exascale simulations will be performed in the near future, e.g., [27, 101].

However, exascale simulations, which use massive numbers of processors, require not

only an efficient algorithm but also a fault-resilient algorithm to address traditional

open issues [14]. The key issue is “fault resilience” against repeated and expected

(but random) software or hardware failures during computations, which may render

the simulation results unsatisfactory or simply unusable. Many research approaches

have been developed to recover the missing data on both sides, computer systems

[83, 30, 119, 60] and mathematical algorithms [110, 114, 67, 62]. The other im-

portant issue is “computational efficiency” against computational redundancy from

inadequate spatio-temporal discretization or dynamics of a problem itself. Over the

last few decades, several numerical methods are introduced to overcome the compu-

tational redundancy [66, 97].

This chapter is motivated by the approach introduced by Lee et. al., which

demonstrably achieved fault-resilience when solving PDEs and processor failures

resulting in spatial gaps in the simulation output. This was achieved by an infor-

mation fusion method with multi-resolution auxiliary data from a repeatedly reini-

tialized, short-duration, coarse resolution, auxiliary simulation of the problem [63].

Based on this algorithm, we now introduce a new framework, namely “patch simula-

tion”, for accelerating simulations via a statistical learning technique, Diffusion Maps

(DMaps), that helps detect computational redundancy in time and hence acceler-

ating the simulation by projective time integration. The projective time integration

was introduced by Gear and Kevrekidis and used in Sirisup et. al. in a CFD con-

text, demonstrating computational acceleration by an equation-free POD-assisted
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approach [99]. However, choosing appropriate projection steps is still an open is-

sue. In this chapter, learning from the auxiliary data via diffusion maps provides a

dynamics-informed temporal discretization, which can lead to an acceleration of the

computation in time.

The original concept of the patch simulation comes from “patch dynamics”

[53, 90], which can predict large scale spatio-temporal dynamics (macro level) from

a series of short spatio-temporal dynamics (micro level). In order to extend this

concept to a large scale simulation of a CFD problem, we employ two statistical

learning techniques to provide additional and important spatio-temporal informa-

tion from the auxiliary data, produced by a coarse, auxiliary, repeatedly restarted,

relatively costless simulations (even experiments). The first method is a multi-level

Gaussian process regression, which can help to “fill-in” the missing data in space

[85, 86, 80, 82]. The other method is diffusion maps, which can provide lower-

dimensional information to estimate the appropriate projection time [22, 20, 74, 19].

In this chapter, we show that these two statistical learning techniques can use the

auxiliary data to improve the accuracy and the efficiency simultaneously.

Furthermore, in order to investigate multiscale phenomena in complex problems,

many research efforts have sought to couple numerical simulations and even exper-

iments, with multi-fidelity and heterogeneous models via information fusion tech-

niques [76, 113, 108]. In this chapter, the auxiliary data is generalized to stochastic

descriptions such as a random walk model for the heat equation and a dissipative

particle dynamics (DPD) model for the Navier-Stokes equations. This results in a

guarantee of the generality of the auxiliary data, which can come, in principle, from

any scale, any fidelity and any heterogeneous model.

This chapter is organized as follows: In section 2, we introduce a general patch



80

simulation framework with a flow chart. In section 3, we introduce the two statistical

learning techniques used here, the multi-level Gaussian process regression and Dif-

fusion Maps (DMaps). In section 4, we introduce heterogeneous and multi-fidelity

models as the source of auxiliary data for each benchmark problem. In section 5,

we present the computational domains and simulation set up for the benchmark

problems. In section 6, we present results of parametric studies and analyze them

in terms of the overall accuracy. In section 7, we summarize our results and discuss

open issues for further development of a robust and efficient CFD framework.

4.2 The Patch Simulation Framework

In the new CFD framework we propose, we split up the simulation into a main

simulation and an auxiliary simulation. The main simulation computes a solution to

a PDE on some (non-overlapping) fine-resolution subdomains with spatial gaps. The

auxiliary simulation, on the other hand, computes a solution on the entire domain

but with less accuracy. This auxiliary data can come from any fidelity, scale, or

model. In previous work (see reference [63]), data from the auxiliary simulation

provide information about the global continuity of the solution fields to the gappy,

main simulation via multi-level Gaussian process regression, namely coKriging. We

can then estimate field variables at each local boundary using both global (with low

accuracy) and local (with high accuracy) information. This leads to a fault-resilience

with respect to spatial gaps.

In [99], a data-driven “equation-free/Galerkin-free POD-assisted computation”

was presented that exploited brief bursts of the full Navier-Stokes simulation over

the entire computational domain and the low-dimensionality of the behavior to ac-
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(a) A flow chart of the patch simulation.
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(b) A schematic illustration of information fusion between the two simulations.

Figure 4.1: In (a), we first initialize all hyper-parameters of the main simulation. Next, we
advance the main simulation (the gappy simulation) and save a snapshot of field variables. After
“N” snapshots are saved, we estimate time derivatives and use them to approximate long term
variables by projective time integration. The auxiliary simulation provides two types of information
to the main simulation (colored blue): global but inaccurate estimates of the field variables via
Gaussian process regression and a jump size (projection steps) for the projective time integration
via diffusion maps. In (b), the auxiliary simulation helps to update local boundary conditions every
non-interaction time (colored by blue) and to estimate a jump size (colored by red).
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celerate the overall simulation. In this chapter we show how to extend this approach

so as to avoid doing the detailed simulation over the entire spatial domain. The

main new enabling ingredient is the availability of a “cheap and coarse” auxiliary

simulation which is reliable only over short times, and which is therefore repeatedly

(and carefully) reinitialized. Keeping the same assumption (low-dimensionality of

the long-term dynamics) this new ingredient will, as we will show, enable signifi-

cant computational savings over the spatial extent of the full detailed simulation.

While this ingredient allows the full simulation to be performed systematically in

only parts of the domain, the same idea can be also used in enabling the “filling

in” of computational information loss through hardware/software failure locally in

space-time. We repeat that the main assumption is that the long-term dynamics lie

on a slow manifold, which can be parameterized by a few POD basis functions [29].

Then, we can perform simulations on this manifold through short time computations

via “projective time integration”, and this results in accelerating the main simula-

tion. However, it is nontrivial to systematically and accurately estimate the length

of the appropriate projection steps due to rapid changes of dynamics in a transient

period. The auxiliary data can help estimate this projection time, or “a jump size”,

for the main simulation via a statistical learning technique, diffusion maps. Finally,

this framework bears some similarities with “patch dynamics” for a micro-macro

simulator [53, 90]. The projection time represents a macro time scale for dynamics

on the slow manifold while detailed computation on the fine-resolution subdomains

represents the micro (fine)-level of the description of the dynamics.

A flow chart of the patch simulation is shown in Figure 4.1. A cycle of the

main simulation with fine-resolution subdomains is described below (see reference

[63] for details). We first check spatial gaps due to computational faults and choose

a buffer size for each fine-resolution subdomain. Next, we estimate the local bound-
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ary condition of each subdomain with auxiliary data and obtain the solution (in

embarrassingly parallel or EP) during a macro timestep, called the non-interaction

timestep. After each macro timestep, we save a snapshot of the field variables on

fine-resolution subdomains. We repeat this cycle until we have “N” snapshots. Af-

ter that, we employ the projective time integration scheme on each fine-resolution

subdomain independently with an appropriate projection time. This constitutes one

complete cycle of the patch simulation algorithm. The patch simulation repeats this

cycle until the main simulation ends or all faults are fixed. The number of saved

snapshots, N, is a hyper-parameter of the patch simulation and will be discussed in

section 4.6.3.

As shown in Figure 4.1 (a), the auxiliary data provides two different types of

information (colored by blue) through two different statistical learning techniques

(colored by red). As shown in Figure 4.1 (b), first is the global and spatial information

of field variables with low accuracy, via the multi-level Gaussian process regression,

for estimating local boundary conditions for the fine-resolution subdomains. Second

is the temporal information of a projection size, via diffusion maps, for the projective

time integration. Details of these statistical learning techniques are described below.

4.3 Statistical Learning Algorithms

In order to connect the auxiliary simulation with the main simulation, we take ad-

vantage of two statistical learning algorithms, namely multi-level Gaussian process

regression and diffusion maps. Multi-level Gaussian process regression has to do

with fine-resolution subdomains, and can be done independent of projection. The

other, Diffusion Maps, have to do with projection, and can be done independent of
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gaps in space. Here we will put them together but we first describe each “without

the other”.

4.3.1 Gaussian Process Regression

The auxiliary simulation, which is relatively costless, provides a data set to “fill in”

the missing data spatially, such as the boundary conditions of each subdomain. In

this framework we have 2-levels of data sets: (1) data from the main simulation,

the local information with high accuracy and (2) data from the auxiliary simulation,

the global information with low accuracy. Two data sets, from the main simulation

and the auxiliary simulation, can be modeled by two different Gaussian Processes,

Z and Za, respectively. Then, the auto-regressive scheme of Kennedy and O’Hagan

[52] can be written as follows:

Z(x) = ρ(x)Za(x) + δ(x), (4.1)

where ρ is a scaling parameter, which represents a correlation between two Gaussian

processes, and δ(x) is a bias Gaussian field, which is independent of Z and Za. ŷ(x∗)

is a predicted field variable, i.e., temperature or velocities, at the local boundary

x∗ of each subdomain. Predicted field variables can be obtained by the following

equation:

ŷ(x∗) = µ+ ρŷa(x
∗) + rT

(
R + σ2

ε I
)−1

[y(x)− 1µ− ρŷa(x)] , (4.2)
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ŝ2(x∗) = ρ2ŝ2a(x
∗) + σ2

1− rT
(
R + σ2

ε I
)−1

r +

[
1− rT (R + σ2

ε I)
−1
r
]2

1T (R + σ2
ε I)−1 1

 , (4.3)

where {µ, σ2} and {µa, σ2
a} represent means and variances of Gaussian processes of

Z and Za, respectively. R = κ(x, x′, θ) and r = κ(x, x∗, θ) represent a correlation

matrix and a correlation vector, respectively, and σ2
ε is the variance of the normally

distributed random field for Z. The correlation kernel, κ(x, x′, θ), is constructed by

the Matérn kernel [103] as follows:

κ(x, x′, θ) =
(

1 +
√

3θd(x, x′)
)

exp
(
−
√

3θd(x, x′)
)
, (4.4)

where d(·, ·) represents the Euclidean distance between two data.

An optimal hyperparameter set, {µ, σ, σε, ρ, θ}, can be obtained by maximum

likelihood estimation (MLE) from the aforementioned data sets. For details of the

formulation and hyper-parameters, see reference [82].

4.3.2 Diffusion Maps

Diffusion maps, based on a discrete Laplace-Beltrami operator, provides a parametriza-

tion of the low-dimensional nonlinear manifold as well as a (diffusion) distance on

it [20, 74, 19]. As shown in Figure 4.2, diffusion maps obtained by temporal snap-

shots of field variables can provide a “dynamics-related” temporal discretization on

the diffusion coordinate. This observation can be used as a criterion of the com-

putational redundancy of the original uniform discretization in time. Based on the

diffusion distance, we can assign an appropriate jump size for the projective time



86

1 2

3 4

(a) Snapshots of the streamwise velocity.
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(b) The component of the data on the leading Diffusion
Map eigenfunction.

Figure 4.2: A schematic illustration of our use of diffusion maps: the left contours show a
series of snapshots of the streamwise velocity from a 16 × 16 grid of auxiliary data in the Navier-
Stokes equations. The right plot represents the component of these snapshots in the first nontrivial
diffusion map eigenvector obtained from the data ensemble. The first diffusion map coordinate of
the sample snapshots in (a) are colored by red in (b).
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integration. The diffusion distance, D(·, ·), between adjacent snapshots on a one

dimensional slow manifold can be calculated by the following equation:

D2(ti+1, ti) = λ21 [φ1(ti+1)− φ1(ti)]
2 , (4.5)

where (λ1, φ1) represents the first nontrivial eigenvalue and eigenvector of the dis-

crete Laplace-Beltrami operator, which is a generalized Laplace operator on the

Riemannian manifold, via a diffusion kernel, W , like the following:

Wi,j = exp

(
−‖yi − yj‖

2

ε2

)
, (4.6)

where y represents each data vector (temporal snapshot) and ε represents a char-

acteristic distance between data vectors. In this framework, we choose ε to be the

median distance between all data from the coarse but full simulation.

A formulation for finding an appropriate jump size starts from a fundamental

observation of the diffusion distance between temporal snapshots – the diffusion

distance between adjacent snapshots in time corresponds to the data variability of

the slow dynamics during that time interval. A large diffusion distance, for example,

represents a large change in the dynamics, i.e., we have to employ the projective

time integration with small timesteps, and vice versa. Hence, the jump size at time

ti for the projective time integration can be generalized to an “adaptive timestep

refinement” by the following equation:

J(ti) = α log
Dm

D(ti+1, ti)
, (4.7)

where α is a tuned parameter and Dm represents the maximum diffusion distance

along the time series. Since the jump size should be an integer, J(ti) is rounded
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to the nearest integer. Then, we can project and estimate field variables at time

t∗ = t + J(t) · τ · ∆t by a POD assisted projection, where τ is a non-interaction

timestep number (see reference [63]).

In this formulation, there is no jump (no projection) when the diffusion distance

is the maximum, while there is the biggest jump when the diffusion distance is the

minimum. There is a trade-off between the computational efficiency and accuracy

via the tuned parameter α. For example, if α is bigger than 1, there is an efficiency

gain (proportional to α) but a loss of accuracy due to the long time projection. In

this framework, α is set to 1 as a default.

4.4 Multi-fidelity and Heterogeneous Auxiliary Data

In order to demonstrate the capability of the information fusion with multi-fidelity

and heterogenous auxiliary data, we introduce two stochastic and particle-based

auxiliary simulations, namely a two-dimensional random walk model for the heat

equation and a dissipative particle dynamics (DPD) model for the Navier-Stokes

equations. In order to understand and characterize the capability for multi-fidelity

and heterogeneous simulations, we used accurate and expensive models (but small

number of particles) as the auxiliary simulation for analysis purpose. In the future,

we will use “cheap and dirty but useful” auxiliary simulations. Details for simulation

and problem setup are presented below.
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T(i+4 ,j+1, τ)

T(i+2, j+4, τ)
T(i-2, j-2, τ)

T(i-4, j-3,τ )

T(i, j, τ+nΔt)T(i, j, τ)

Figure 4.3: A schematic illustration of a random walk model for the two-dimensional heat equa-
tion: the temperature T at the node (i,j) at the next time t+ n∆t (colored orange) is obtained by
averaging the field variables over all sample paths that visited (i,j) at time t + n∆t (colored red)
by the Monte Carlo method.

4.4.1 Two-dimensional random walk model for the heat equa-

tion

The two-dimensional heat equation in a uniform rectangular grid can be solved by

a simple random walk model via the Monte Carlo method. Specifically, by Fick’s

law, a particle with temperature T (x, τ) at a point x can move north, south, east,

or west with equal probability, p(N) = p(S) = p(E) = p(W ) = 0.25, after a unit

time t = τ + ∆t. Hence, after t = τ + n∆t, all particles originally located at the

point x are distributed by the random walk model. Using those distributed data, we

calculate the updated temperature T (x, t+ n∆t) at every grid point. The equation

for calculating a heat quantity in the arbitrary domain D after time n∆t is as follows:

T (x∗, τ + n∆t) =

 
T (x, τ)dµ(x) ∀x ∈ D, (4.8)

where µ(x) is a probability measure representing the probability that a particle moves

from x to x∗ after time n∆t (n steps).
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As shown in Figure 4.3, the continuous model can be rewritten as a two-dimensional

10 × 10 grid discrete model with N sample paths (particles) of the Monte Carlo

method as:

T (x∗, τ + n∆t) =
∑
x∈D

T (x, τ)P (x), (4.9)

where x is the position of each node (i,j) and P (x) is a discrete probability measure

calculated by the Monte Carlo method:

P (x) =
n

N
, (4.10)

where N is the number of total sample paths originating from x, and n is the number

of those paths that land at x∗ at time t+ n∆t.

In this work, we choose 20, 200 and 2000 sample paths at each grid point (totaling

2000, 20000 and 200000 computations, respectively) for calculating the updated

temperature at each point through equations (4.9) and (4.10). By the equivalent

numerical discretization corresponding to the random walk model, the diffusivity

κ = h2/4∆t is determined by temporal and spatial discretization (∆t and h) of the

random walk model. Temperature contours of different auxiliary data are shown in

Figure 4.4.

4.4.2 Dissipative Particle Dynamics (DPD) for the Navier-

Stokes equations

Next, we introduce a dissipative particle dynamics (DPD) model, a particle-based

mesoscale simulation, as auxiliary data-producing simulator for the Navier-Stokes

equations. The DPD method uses virtual particles, which represent “molecular clus-
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(a) 4× 4 grid. (b) 6× 6 grid.

(c) 10× 10 grid. (d) 20 sample paths.

(e) 200 sample paths. (f) 2000 sample paths.

Figure 4.4: Temperature contours of different auxiliary data for the heat equation at time t = 15
(a transient period). (a)-(c): the finite difference method. (d)-(f): the random walk model by the
Monte Carlo method.



92

ters” moving together in Lagrangian fashion. In DPD systems, we assume that

particles interact with each other by pairwise-additive forces, which consist of three

terms: (1) conservative force (FC
ij), (2) dissipative force (FD

ij ), and (3) random force

(FR
ij) as follows:

FC
ij = FC

ij (rij)rij, (4.11)

FD
ij = −γωD(rij)(vij · rij)rij, (4.12)

FR
ij = σωR(rij)ξijrij, (4.13)

where rij = ri − rj, rij is a distance between i and j particles; γ and σ are hyper-

parameters for dissipative and random force, respectively; ωD and ωR are weight

functions, and ξij is a normally distributed random variable. For details of DPD

systems, see reference [34].

In this chapter, the kinematic viscosity, ν, of the DPD fluid is equal to 2.86 (in

DPD units), corresponding to Reynolds number Re=35. This value was obtained by

fitting a double parabola to the DPD results using the reverse Poiseuille flow method

described in reference [5]. The field variables of the DPD results are obtained by a

spatiotemporal averaging. In space, the DPD results are averaged on 10×10 rectan-

gular bins, total 100 bins. In time, the DPD results are averaged by every 1000 time

steps with t = 0.1. The accuracy of averaged values are dependent on the number of

particles, which is controlled by the length in the z-direction. Due to our definition

of the auxiliary data as relatively costless, we employ small numbers of particles like

1000, 4000, and 8000 DPD particles to obtain field variables. Streamwise velocity

contours of different auxiliary data are shown in Figure 4.5.
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(a) 4× 4 grid. (b) 8× 8 grid.

(c) 16× 16 grid. (d) 1000 DPD particles.

(e) 4000 DPD particles. (f) 8000 DPD particles.

Figure 4.5: Streamwise velocity contours of different auxiliary data for the Navier-Stokes equations
at time t = 5 (a transient period). (a)-(c): the finite difference method. (d)-(f): the DPD model.
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4.5 Simulation setup

4.5.1 Heat equation

First, we solve the two-dimensional heat equation with diffusivity κ, given by:

∂T

∂t
= κ∇2T. (4.14)

The physical boundary conditions are described in Figure 4.6(a). The grid reso-

lution of the patch simulation is 11×11 per each subdomain (total of 5 subdomains),

with a total of 605 grid points in the patch simulation, while the grid resolution of

the reference simulation is 31 × 31. In order to investigate the influence of multi-

fidelity auxiliary data on the overall accuracy, we employ not only a coarse grid with

resolution 4× 4, 6× 6, and 10× 10, but also the random walk model with different

numbers of sample paths as 20, 200, and 2000 on a 10×10 grid. We use an ensemble

average of the data by 30 trials of the random walk model. The temporal discretiza-

tion corresponds to time step ∆t = 0.01 with heat diffusivity κ = 1/60 given by the

random walk model. The non-interaction timestep number τ is 15. The discretized

equations are integrated from t=0 to t=30 (the steady-state is established around

t=25).
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(a) Heat equation.
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(b) Navier-Stokes Equations.

Figure 4.6: A schematic illustration of gappy domains for two benchmark problems [63]: (left)
the global (physical) boundary condition of the reference simulation. (right) the location and index
of the fine-resolution subdomains colored by green.
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4.5.2 Navier-Stokes equations

Next, we consider incompressible flow for the lid-driven cavity described by the

divergence-free Navier-Stokes equations:

∂v

∂t
+ v · ∇v = −∇p+ ν∇2v + f, (4.15)

∇ · v = 0, (4.16)

where v is the velocity vector, p is the pressure, and ν is the kinematic viscosity

of the fluid. For spatial discretization we employ a two-dimensional finite difference

method. The physical boundary conditions are shown in Figure 4.6(b). The res-

olution of a rectangular cell for each subdomain is 8 × 8, with a total of 320 cells

for the patch simulation. In order to compare errors from different auxiliary data

quantitatively, we employ not only coarse simulations with resolution 4 × 4, 8 × 8,

and 16× 16 for the entire domain, but also DPD simulations with different numbers

of DPD particles as 1000, 4000, and 8000. For the DPD result, we use an ensem-

ble average data of 30 trials. The time step is ∆t = 0.005 with Reynolds number

Re=35 given by the DPD model. The non-interaction timestep number τ is 20. The

discretized equations are integrated from t=0 to t=9 (the steady-state is established

around t=5).

4.6 Results

The contour plots of field variables compared to reference simulations (no spatial

gaps or projective time integration) are shown in Figure 4.7. Also, the results of
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(a) Reference solution. (b) Auxiliary data from a finite
difference model with a 6 × 6
grid resolution.

(c) Auxiliary data from a ran-
dom walk model with 200 sam-
ple paths.

(d) Reference solution. (e) Auxiliary data from a finite
difference model with 8×8 grid
resolution.

(f) Auxiliary data from a DPD
model with 4000 paritcles.

Figure 4.7: Contours of field variables at the steady-state. (a)-(c): Temperature contours for the
heat equation. The reference simulation is obtained on the entire domain (31 × 31 grid). (d)-(f):
Streamwise velocity contours for the Navier-Stokes equations. The reference simulation is obtained
on the entire domain (27 × 27 cell). Results of patch simulations are based on fine-resolution
subdomains with different auxiliary data.
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(a) Projection to 2 · τ ·∆t.
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(b) Projection to 10 · τ ·∆t.
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(c) Projection to J(t) · τ ·∆t.

Figure 4.8: The time history of time-averaged RMS error for different jump sizes in the heat
equation ((b) has a different RMSE scale). The green line represents a solution of the gappy
simulation, which has no projective time integration. The blue dots represent a solution of the
patch simulation with different jump sizes. The auxiliary data comes from a finite difference model
with resolution 6× 6. We employ 10 snapshots in the projective time integration.
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(a) Projection to 2 · τ ·∆t.
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(b) Projection to 10 · τ ·∆t.
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(c) Projection to J(t) · τ ·∆t.

Figure 4.9: The time history of time-averaged RMS error for different jump sizes in the heat
equation ((b) has a different RMSE scale). The green line represents a solution of the gappy
simulation, which has no projective time integration. The blue dots represent a solution of the
patch simulation with different jump sizes. The auxiliary data comes from the random walk model
with 2000 sample paths. We employ 10 snapshots in the projective time integration.
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(a) Projection to 2 · τ ·∆t.
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(b) Projection to 10 · τ ·∆t.
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(c) Projection to J(t) · τ ·∆t

Figure 4.10: The time history of time-averaged RMS error for different jump sizes in the Navier-
Stokes equations. The green line represents a solution of the gappy simulation, which has no
projective time integration. The blue dots represent a solution of the patch simulation with different
jump sizes. The auxiliary data comes from a finite difference model with resolution 8×8. We employ
5 snapshots in the projective time integration.
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(a) Projection to 2 · τ ·∆t.
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(b) Projection to 10 · τ ·∆t.
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(c) Projection to J(t) · τ ·∆t.

Figure 4.11: The time history of time-averaged RMS error for different jump sizes in the Navier-
Stokes equations ((c) has a different RMS scale). The green line represents a solution of the gappy
simulation, which has no projective time integration. The blue dots represent a solution of the
patch simulation with different jump sizes. The auxiliary data comes from the DPD result with
4000 DPD particles. We employ 5 snapshots in the projective time integration.
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the patch simulation with different auxiliary data and jump sizes, compared to the

results of the gappy simulation (no projective time integration), are shown in Figures

4.8 - 4.11. The green line represents the result of the gappy simulation, which has

no projective time integration as in previous work [63]. The blue dots represent

the result of the patch simulation, which employ projective time integration with

different jump sizes.

In order to compare results of patch simulations with different auxiliary data,

we employ a measure of RMS error, namely the “total” RMS error (RMSET) for

temporal accuracy. The “total” RMS error at time t is calculated by the following

formula:

RMSET(t) =

√√√√ 1

nNg

n∑
j=1

Ng∑
i=1

(ur,j(i, t)− up,j(i, t))2, (4.17)

where Ng is the number of grid points of each fine-resolution subdomain and n is the

number of fine-resolution subdomains, while ur,j(i, t) and up,j(i, t) represent the fine-

resolution reference solution and the patch solution on jth fine-resolution subdomain,

respectively.

As shown in Figures 4.8 - 4.11, for a small fixed jump size, the difference be-

tween RMSET of the gappy simulation and the patch simulation is relatively small.

However, too many computations are needed near the steady-state when the change

of dynamics is negligible. For a large fixed jump size, on the other hand, a large

difference in RMSET is observed during the transient period. For a jump size given

by diffusion maps, the gap between results of the gappy simulation and the patch

simulation is small enough during the transient period (due to a small jump size),

and the computation redundancy is also small enough near the steady-state (due to

a large jump size).
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(a) Heat equation.
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(b) Navier-Stokes Equations.

Figure 4.12: RMSET for different auxiliary data. The RMS errors are converged as the accuracy
of the auxiliary data increases in both cases.
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In order to quantify these observations, we introduce three different measures:

namely “a scaled maximum difference of RMSET (DM)” for quantifying the accuracy,

“a normalized computation time (TC)” for the efficiency, and “an overall accuracy (ζ)

compared to a reference gappy simulation. As shown in Figure 4.12, the RMS errors

converge as the accuracy of auxiliary data increases for both the finite difference

method and the particle based method. Hence, we can choose a fine-resolution

simulation as the reference gappy simulation for each problem – the finite difference

method with a 24 × 24 grid resolution for both the heat equation and the Navier-

Stokes equations. Then, the DM is calculated by the following equation:

DM = max (|RMSEp
T(t)− RMSEg

T(t)|) ·R, t ∈ (0, T ), (4.18)

where superscripts “p” and “g” represent the patch simulation and the gappy simu-

lation, respectively, while R is the ratio of the mean RMSEg
T between each auxiliary

data and the reference auxiliary data. Then, the RMS error of all auxiliary data can

be scaled with respect to the reference gappy simulation. Another measure TC can

be calculated by the ratio of total computation time of the patch simulation to the

reference gappy simulation. There are inverse correlations between the two afore-

mentioned measures, i.e., if DM becomes larger, then TC becomes smaller. Hence,

we introduce the “overall accuracy (ζ)” as follows:

ζ = 1− (DM · TC). (4.19)

4.6.1 Accuracy versus efficiency

In the heat equation, for cases of fixed jump sizes only, TC decreases linearly while

DM grows exponentially as the jump size increases (see Figure 4.13). Hence, a
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(c) Overall accuracy (ζ).

Figure 4.13: Three computational quality measures in the heat equation: the x-axis represents a
fixed jump size for the projective time integration and “DMAP” represents a varying jump size by
the diffusion maps. Square and triangle markers represent auxiliary data from a finite difference
model with a coarse grid and a random walk model by Monte Carlo method, respectively.
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Figure 4.14: Three computational quality measures in the Navier-Stokes equations: the x-axis
represents a fixed jump size for the projective time integration and “DMAP” represents a varying
jump size by the diffusion maps. Square and triangle markers represent auxiliary data from a finite
difference model with a coarse grid and a DPD model, respectively.
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small jump size requires a large computation time linearly while a large jump size

loses accuracy exponentially. That is, a small jump size has higher overall accuracy

compared to a large jump size. However, varying the jump size by the diffusion

distance gives a value for DM that is similar to the value for a fixed jump size of

2, and a value for TC that is similar to the value for a fixed jump size of 6. This

leads to a better overall accuracy (ζ). The patch simulation with the random walk

model (stochastic and particle based auxiliary data) has the same trend as the finite

difference method (deterministic and grid based auxiliary data), i.e., varying the

jump size by the diffusion distance always provides the highest overall accuracy for

any auxiliary data. The random walk model with 2000 sample paths is found to

be the best auxiliary data with respect to the overall accuracy, although the finite

difference model with a 10 × 10 grid is comparable. Since the random walk model

solves the heat equation on a 10 × 10 grid resolution, DM appears to be similar to

the finite difference method with a 10× 10 grid.

In the Navier-Stokes equations, for cases of fixed jump sizes with a finite difference

method only, results are same as the heat equation, i.e., varying the jump size by the

diffusion distance provides the highest overall accuracy; DM is at a similar level as

for a fixed jump size of 2, and TC is at a similar level as for a fixed jump size of 4 or 6.

However, the DPD model with 1000 particles (too coarse) cannot provide an adequate

jump size due to its incorrect slow manifold, which results in a decrease in overall

accuracy even though we employ the varying jump size. As the number of DPD

particles increases from 1000 to 8000, the diffusion map provides the appropriate

jump size, which leads to large improvement of both the accuracy and the efficiency

(see Figure 4.14). Furthermore, since differences in TC for all cases are negligible

(except the finite difference with 4 × 4 grid), DM determines the overall accuracy.

Finally, the finite difference model with a 16 × 16 grid (the lowest DM) is found to
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be the best auxiliary data with respect to the overall accuracy.

From the results of all simulations, we conclude that varying the jump size at

every projection step, based on the rate of temporal variation of the local leading

diffusion maps coordinate, is the best method to achieve the highest overall accuracy

for any auxiliary data. Moreover, the heterogenous models (based on particles)

are comparable as the number of particles increase. This result shows that the

patch simulation can provide high quality even when using heterogeneous information

fusion.

4.6.2 Jump size and auxiliary data

Diffusion maps provide a non-linear low-dimensional manifold associated with the

slow dynamics of the original problem. The diffusion maps from accurate auxiliary

data can draw a smooth coordinate which contains slow dynamics precisely and this

results in increasing the jump size compared to inaccurate auxiliary data (see Figure

4.15). Hence, TC decreases as the auxiliary data becomes accurate due to a large

projection time. The accuracy of the auxiliary data also affects computation time

for the multi-level Gaussian process regression. For example, finite difference meth-

ods with high accuracy have more data points, which results in consuming extra

computation time to obtain optimal hyper-parameters by the maximum likelihood

estimation. Hence, more accurate auxiliary data cannot guarantee smaller computa-

tion time. However, more accurate auxiliary data provides more accurate snapshots,

which results in a smaller DM with the same projection time. Finally, we show that

more accurate auxiliary data gives higher overall accuracy (ζ).

Next, we focus on the jump size of heterogeneous models (stochastic and particle-
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(a) Heat equation.
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(b) Navier-Stokes equations.

Figure 4.15: The jump sizes with respect to time given by the diffusion maps . The dashed lines
represent the jump sizes for the finite difference model in both cases. The solid lines represent the
jump sizes for the random walk model in the heat equation and the DPD model in the Navier-Stokes
equations, respectively.
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based models). As shown in Figure 4.15, the jump size is bounded above and has

wiggles near the steady-state. As the system approaches the steady-state, the change

of dynamics is very small (or negligible). This, in turn, means that the diffusion dis-

tance between adjacent snapshots at that time is very small. Thus, the jump size

(inverse logarithm scale of the diffusion distance) becomes very large and it can be

affected strongly by a small perturbation of each snapshot. Thus, intrinsic perturba-

tions of both stochastic models, the random walk model and the DPD model, cause

the oscillation of the jump size near the steady-state in both benchmark problems.

4.6.3 Number of snapshots

The number of saved snapshots, N , determines the number of terms of a POD

expansion for reconstructing field variables in the projective time integration. If

we use more snapshots for the projection with the same auxiliary data and same

jump size, the accuracy of the patch simulation can be increased while the extent of

simulation “saved” becomes less, leading to less efficiency.

In the heat equation, as shown in Figures 4.16, accuracy gains with respect to

DM are very small even though TC increases. This result shows that 5 snapshots, i.e.,

5 terms of POD expansion, are enough to reconstruct and estimate field variables

of the heat equation we setup. On the other hand, for the Navier-Stokes equations

(which are much more complex than the heat equation), DM decreases as the number

of snapshots increases (see Figure 4.17(a)). The additional snapshots can reconstruct

the field variables precisely, which leads to high accuracy for the patch simulation

by using more terms of POD expansion. However, additional snapshots require

more time steps to perform fine simulations for each projective time integration,

which make TC increase (see Figure 4.17(b)). From our observations, DM has a
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Figure 4.16: Results of three computational quality measures with different number of snapshots
in the heat equation. x-axis represents the number of snapshots for the projective time integration.
The blue and the red represent the coarse grid (10 × 10) and the random walk model with 2000
sample paths, respectively.
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Figure 4.17: Results of three computational quality measures with different number of snapshots
in the Navier-Stokes equations. x-axis represents the number of snapshots for the projective time
integration. The blue and the red represent the coarse grid (8× 8) and the DPD model with 4000
particles, respectively.
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more pronounced effect than Tc on the overall accuracy. Hence, as shown in Figure

4.17(c), more snapshots are suitable for this problem setup.

4.7 Summary

We formulated and implemented a new framework to extend gappy simulation with a

“patch dynamics” flavor and tested simulations of two benchmark problems, namely

the heat equation and flow in a lid-driven cavity in two dimensions. Furthermore,

we demonstrate the new capability that statistical learning tools can help achieve

with heterogeneous and multi-fidelity data. By learning from the auxiliary data, the

new algorithmic framework can achieve not only high accuracy via the Gaussian pro-

cess regression, but also high temporal integration efficiency via the diffusion maps.

From results of simulations, we observed important trends about the patch simula-

tion. Accurate auxiliary data provides accurate data sets in the Gaussian process

regression and the appropriate projection time from the diffusion map. Moreover,

the number of snapshots we use for the projective time integration totally depends

on the dynamics of the problem. Generally, more snapshots increase the accuracy

but decrease the efficiency. We demonstrated that this framework can be extended

to enable multi-fidelity and multiscale parallel simulations in a resilient way.



Chapter Five

Efficient simulations based on

dynamics-informed projective time

integration
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5.1 Introduction

In exascale simulations, the acceleration of simulations is as important as robustness

and resilience in previous chapters. Many researches have been developed in not only

computer frameworks [10, 24] but also mathematical algorithmic side [8, 105, 75] to

accelerate simulations. Among many applications of the exascale simulation, some

physics problems can be accelerated by an adaptive timestep, if we know its dy-

namics “briefly”. For example, a biological system where many species are mixed

together [111, 118, 59, 13]. Each species has its own dynamics of concentration and

thus corresponding evolution time are totally different depending on some param-

eters of physics. If we simulate this system with the smallest equidistant timestep

for capturing all different evolution of dynamics effectively, the computational cost

increases dramatically as fast as a number of species and it is impossible to solve the

dynamical system within reasonable computation time.

In order to reduce the computation cost in this multi-rate dynamics problem,

we extend the previous framework, “adaptive” projective time integration. First,

we obtain a concentration of each species in time by a coarse simulator and find a

dynamics-informed timestep for each species by Diffusion maps. Then, we perform

the fine simulation with the aforementioned dynamics-informed timestep. In this

case, we should perform coarse simulators as many as a number of species and this

leads to additional computation coset. However, if concentrations of each species are

highly related to other field variables, e.g., velocity fields (given from auxiliary data),

we avoid performing coarse simulators to obtain adaptive timestep. For example,

we put the velocity field data as the auxiliary data. Then, Diffusion maps for the

velocity field provide a suggested timestep with a tuning parameter. If we find a

relation between dynamics-informed timestep for velocity fields and concentration,
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we can solve the multi-species problem without coarse simulators and this guarantees

efficiency gain.

In this chapter, we introduce “one-way” coupled the transport equation with

the Navier-Stokes equations. We demonstrate that the dynamics of different species

can be parameterized by a physical-informed parameter and finally, we show this

framework enhances the computational efficiency by the adaptive timestep for each

species.

5.2 Simulation setup

A general multi-rate dynamics system has two governing equations. The first is a

(scalar)“transport” equation for evolution of the concentration of each species (C),

which consists of a convection and diffusion term as

dC

dt
+ u · ∇C =

1

Pe
∆C, (5.1)

where Pe is a dimensionless number which is ratio of the convective transport rate

to the diffusion transport rate as

Pe =
Lu

α
(5.2)

where L represents a characteristic length, u and α represent a maximum velocity

and a diffusivity of species, respectively.

In the transport equation, the convective term has a velocity vector field u, which
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Figure 5.1: (left) The physical boundary condition for velocity fields and concentrations. (right)
The Navier-Stokes equations provide the velocity fields (u) to the transport equation.

is given by the Navier-Stokes equations as

∂u

∂t
+ u · ∇u = −∇p+ ν∇2u + f, (5.3)

∇ · u = 0, (5.4)

where u is the velocity vector, p is the pressure, and ν is the kinematic viscosity

of the fluid. In this framework, the Navier-Stokes equations are independent of the

transport equation. Thus, this system is “one-way” coupled from the Navier-Stokes

equations to the transport equation.

In order to perform a simulation, we employ a second-order finite difference

method for both equations. The physical boundary conditions are imposed Dirichlet

condition and shown in Figure 5.1. For the concentration, C = 1 at the top and

C = 0 on all other sides and for the velocity fields, u = 1 and v = 0 at the top and

u = v = 0 at all other sides. The computational domain consists of a structured

rectangular mesh and their grid resolutions of the transport equation and the Navier-
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Stokes equations are 20 × 20 and 8 × 8, respectively. The temporal discretization

corresponds to timestep ∆t = 0.001 with Peclet number, Pe = 1, 2, 5, and 10·Re

– Peclet numbers are proportional to Reynolds number (Re) of driving flow. The

simulation is integrated from t=0 to t=10 and the number of snapshot for projective

time integration corresponds to 30 snapshots. For details about projective time

integration, see the reference [99]. Due to one-way coupling system, we solve the

Navier-Stokes equations first and obtain velocity fields at every time step. After

that, we interpolate velocity fields on 8 × 8 grid to 20 × 20 grid for the transport

equation.

5.3 Results

First of all, in order to find “reference” projection time for different Peclet number,

we solve all the transport equations for different Peclet number Pe= 1, 2, 5,and 10·Re

with a same grid resolution. After that, we obtain “adaptive” projection time via

the first nontrivial diffusion coordinate with 1000 temporal snapshots from t = 0 to

t = 10 for each species. A projection time (jump size) J(ti) is obtained by

J(ti) = α log
Dm

D(ti+1, ti)
, (5.5)

where α is a tuned parameter and Dm represents the maximum diffusion distance

along the time series. Since the projection time should be an integer, J(ti) is rounded

to the nearest integer. Then, we can project and estimate field variables at time

t∗ = t+ J(t) ·∆t by a POD assisted projection, see [99].

First, Figure 5.2 (a) shows reference jump sizes for different Pe obtained by the
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(b) Tuned jump size of each species via tuned
parameters α = 1/Pr.

Figure 5.2: Jump sizes of each species with different Pe. The black line represents a jump size
calculated by streamwise velocity field in the Navier-Stokes equations. (a): the original (untuned)
jump size of each species. (b): all jump sizes are tuned by α = 1/Pr.

equation (5.5). The black line represents the adaptive jump size by snapshots of the

streamwise velocity fields (auxiliary data). Each species has a different jump size at

time t, which means that each species has different dynamics evolution. Hence, we

should employ the smallest jump size at every jumps in order to capture all dynamics

effectively. However, if there is correlation between jump sizes of each species and

velocity fields (auxiliary data), we estimate the jump size of each species from the

jump size of velocity fields, which is given.

As shown in Figure 5.2 (b), if we employ a linear multiplier β = Pe/Re in jump

sizes of each species, then jump sizes of all species are well matched to the jump

size of velocity fields. This β has a physical meaning, called a Prandtl number (Pr),

which is ratio of viscous momentum of fluid to diffusivity of each species. Hence, we

are able to choose a tuning parameter as α = 1/Pr in the jump size of velocity fields

and this results in huge computations saving because we eliminate the computational

redundancy to solve coarse simulations for each species to obtain the adaptive jump

size.
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Figure 5.3: Temporal RMSE of each concentration in different Peclet number (Pe). The black,
blue, and red lines represent jump size by velocity fields, velocity fields with tuned parameters, and
each concentration, respectively. (a): the black line coincides with the red line because the tuned
parameter α = 1.
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In order to show the capability of this framework with physical-informed tuned

parameters α = 1/Pr, we compare RMS error of three different approaches in time:

the jump size by snapshot of each concentration (the reference), velocity fields (un-

tuned), and velocity fields tuned by physical-informed parameter α, see Figure 5.3.

From results, RMS error from three different approaches are bounded in acceptable

magnitude of error. Moreover, the RMS error from velocity fields tuned by physical-

informed parameter is much smaller than the RMS error from untuned velocity fields

and also comparable to the RMS error from the reference. Thus, in this framework,

we are able to save the computational cost without performing a coarse simulator

for each species.

5.4 Conclusions

We demonstrate the efficient algorithm for the multi-rate problem in the complex

biological system. First, we demonstrate the projective time integration adaptively

with appropriate projection time (jump size). Also, different but physically related

field variables are able to give the appropriate jump sizes via physical-informed tuned

parameter α. If multi-species are solved by different projective time integration asyn-

chronously, then there is a huge computational cost saving in exascale simulations

because of less communication between computer nodes, see chapter 7.

Furthermore, if we have time series data of concentrations but do not know the

Peclet number, a tuned parameter α given by Diffusion maps provides the Prandtl

number and finally provide the (unknown) physical parameter by data mining ap-

proaches. Hence, it shows the data are able to parameterize the dynamics intrinsi-

cally, without explicit reference to fundamental physical quantities [116].



Chapter Six

Robust nonlinear information

fusion via manifold-driven

Gaussian process regression
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6.1 Introduction

Thanks to advance in the new paradigm of computer science, the burst of data-

driven approaches has been widespread through all scientific computing area, for

example, exascale simulations for multiscale and multiphysics problems [112, 31,

33, 64]. In specific, many researches have been developed by their own models for

simulations or experiments to demonstrate a same physics problem much effectively.

Hence, multiple fidelity data for the same physics problem are omnipresent and it

is possible to combine data to gain accuracy and efficiency. In computational fluid

dynamics, many results from different algorithms or experiments have been published

for describing same flow physics. Hence, we can compare accuracy and efficiency of

multiple models and distinguish their own strength and weakness. Finally, we are

able to integrate multiple models to take their advantages only.

In data-driven approaches, it has shown that the information fusion between

multiple fidelity data gain the computational efficiency if it is very expensive to

obtain the highest fidelity data. In statistical learning theory, the Gaussian process

has been widely used to fuse multiple fidelity data [80, 82, 79, 78, 63, 96]. The

classical technique is to find a linear correlation between low and high fidelity via

the approach of Kennedy and O’Hagan [52]. However, if multiple fidelity data not lie

on the same linear manifold, i.e., there is no linear correlation, this linear approach

loses its capability. In order to resolve this nonlinearity problem, nonlinear auto-

regressive Gaussian process (NARGP) was introduced [79] and shows the capability

of fusion for multiple fidelity data which are nonlinearly correlated. This approach

introduces a hidden (latent) dimension to find a strong correlation between low and

high fidelity data on (d + 1) dimensional manifold. In specific, low fidelity data

provides an additional dimension and high fidelity data is projected onto (d + 1)
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manifold, where Gaussian process has a simple and correct kernel.

Sometimes, results from same physics problem are different depending on the

problem setup (the initial or the boundary condition and physical parameters) or

uncertainty. For example, in computational fluid dynamics, there is a textbook

problem, “flow past a circular cylinder”. In this simulation or experiment, depending

on mesh or experiment size, order of accuracy of scheme, type of scheme, and other

parameter uncertainties, the flow dynamics are changed [44, 115, 69, 15]. In this case,

we cannot guarantee the high fidelity data lie on the introduced (d+ 1) dimensional

manifold, where Gaussian process is available.

In order to resolve this problem, we may need to find another appropriate man-

ifold where the Gaussian process is available. In this chapter, we introduce two

different approaches to find the appropriate manifold, where low and high fidelity

functions are invertible each other. This invertibility provides a (one-to-one) map

between two functions, which makes Gaussian process available. The first method is

iterative Gaussian process, which modifies the low fidelity data iteratively until we

get the smooth manifold. Another approach is to construct the appropriate mani-

fold with (intrinsic) diffusion coordinates via Diffusion maps. In this approach, we

construct a (d+ x) dimensional manifold by choosing pairs of diffusion coordinates.

Specifically, Diffusion maps check a number of additional dimensions (x) for one-to-

one mapping between two fidelity data and also provide the corresponding (d + x)

dimensional manifold where the Gaussian process works.

In order to show the capability of our approaches, we demonstrate a nonlinear

dynamic system, Van der Pol oscillators [109], which have a bifurcation by a (scalar)

nonlinear damping parameter µ. Depending on µ, responses of oscillators are totally

different with respect to its frequency and shape. Hence, without physical intuition,
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it is hard to find a reasonable relation between data from different Van der Pol

oscillators.

In this chapter, we introduce general Van der Pol oscillators. After that, we

present two different approaches of the manifold-driven Gaussian process. In order

to demonstrate effectiveness of two approaches, we present two examples: intensity

parameters of two data are 1) similar or 2) totally different. Finally, we show two ap-

proaches are good methods to find the GP-available (one-to-one invertible) manifold

for the nonlinear information fusion.

6.2 Problem setup: Van der Pol oscillator

Van der Pol oscillators, which have a nonlinear damping, draw different response

curves depending on an intensity parameter of nonlinear damping. The Van der Pol

oscillator evolves in time according to following ODE:

d2x

dt2
− µ(1− x2)dx

dt
+ x = 0, (6.1)

where µ is a scalar parameter, which controls the intensity of nonlinear damping.

Generally, time evolution of dynamics of the Van der Pol oscillator can be rewrit-

ten to two-dimensional ODE system by Lienard transformation as

ẋ = y, (6.2)

ẏ = µ(1− x2)y − x. (6.3)
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Figure 6.1: Dynamics of Van der Pol oscillators. (a): the evolution of a limit cycle depending
on a parameter µ. Peak points increase as µ increases. (b): Responses of two oscillator with
different parameters µ = 0.1 and µ = 7.5. The x-axis and y-axis represent time t and response x,
respectively.
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The limit cycle of oscillators are parameterized by the scalar parameter µ, see

Figure 6.1 (a). We employ Matlab solver ODE45 for solving the ordinary differential

equation (ODE) system 6.2 and 6.3. For simplicity, in this thesis, we use only two

different oscillators for the nonlinear information fusion.

In a view of data mining, our merged and expanded data set Y = {xh,yh,xl,yl}

(introduced in next section), supports to find appropriate pair of coordinates via

nonlinear statistical learning algorithm, Diffusion maps. Hence, we can find latent

dimensions on parametric space and this results in finding intrinsic function effec-

tively.

Data from two oscillators cannot be distinguished with respect to fidelity. How-

ever, in order to match the general concept of multiple fidelity information fusion

framework, we assume one oscillator as a high fidelity model and another as a low

fidelity model.

6.3 Methods

6.3.1 Nonlinear auto-regressive Gaussian Process

A generalized auto-regressive scheme for multiple fidelity is

fh(x) = zl (fl(x)) + δh(x), (6.4)

where fl and fh are low and high fidelity data, respectively. zl(·) is an unknown

mapping from a low fidelity model to a high fidelity model. If there is a linear



128

map zl(·) between fl and fh, then we employ a classical linear approach of Kennedy

and O’Hagan, i.e., zl is independent of x. For a nonlinear map between low and

high fidelity model, the generalized scheme still enable to find appropriate mapping

via nonlinearity of zl(·). However, the computational cost to find the appropriate

nonlinear map is dramatically increasing and this results in losing total efficiency of

information fusion.

In order to gain efficiency, Paris et al. [79] employ the additional dimension via

previous inference level fl. Hence, the auto-regressive scheme on a (d+1) dimensional

manifold can be rewritten as

fh(x) = g (x, fl(x)) . (6.5)

and g is a Gaussian process as follows:

g ∼ GP (fh|kh((x, fl(x)), (x∗, fl(x
∗)); θh) , (6.6)

where x,x∗ are given data points. For more details, see the reference [79].

If high fidelity data are embedded on the low fidelity data and invertible (or

have directionality) as Figure 6.2 (a), i.e., the high fidelity data lie on the (d + 1)

dimensional manifold constructed by x and fl(x), the kernel on this manifold for

Gaussian process has a main direction and this leads to gain higher accuracy of

Gaussian process compared to the original d dimensional manifold. However, if

distribution of high fidelity data has no directionality on the (d + 1) dimensional

manifold as Figure 6.2 (b), the introduced NARGP fails and finally there is no

accuracy gain even though we use multiple fidelity data.

From this simple counter-example, we show that the introduced NARGP is not
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(a) fh = (x−
√

2)fl(x)2. (b) fh = (x−
√

2)fl(x+ 1/10)2.

Figure 6.2: A example of (d + 1) dimensional manifold. Colormaps of different high fidelity
models embedded on low fidelity data, fl = sin(8πx). A color distribution represents high fidelity
data at location x (x-axis). (a): the high fidelity data are embedded on the low fidelity model
with directionality in y direction. (b): the high fidelity model are not embedded on the low fidelity
model because of non-directionality.

capable for information fusion with nonlinearly correlated data. In this case, we

need to find other approaches to fuse multiple information or find the appropriate

manifold where the high and low fidelity data are invertible each other. In this

chapter, first, we introduce “iterative” Gaussian process” to find a smooth (d + 1)

manifold by modifying low fidelity data.

6.3.2 Iterative Gaussian Process

Generally, it is relatively costless to obtain data from low fidelity models (either

simulations or experiments) compared to high fidelity models. Since a number of

low fidelity data is enough (but less accurate), we can modify our low fidelity data

until fitting targeted high fidelity data. Then, we are able to employ nonlinear auto-

regressive Gaussian process with modified data sets. In geometrical interpretation,

the original manifold constructed by x, fl(x), and fh(x) is not smooth and has

wiggles, which makes the accuracy of NARGP down. Hence, we stretch this uneven
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manifold until we get a smooth (or flat) manifold by modifying low fidelity data

iteratively.

The iterative Gaussian process (IGP) has an iteration and regression. First, two

multiple fidelity data sets are merged into one big data sets as

yT = {(yl(x1), . . . , yl(xnl), yh(x1), . . . yh(xnh)}. (6.7)

where subscript l and h represent the low and high fidelity data, respectively. After

that, we perform the Gaussian process regression with yT for estimating new low

fidelity data at location xl. Then, we have updated low fidelity data yl1 by regression

and perform this process iteratively until we get a smooth manifold, see the algorithm

1.

Algorithm 1: Iterative Gaussian Process (IGP) for modifying the low fidelity
data
1 Gaussian Process;

Data : ({xl, xh}, {yl, yh})
Result: (xl, y

∗
l )

2 for i← 1 to l do
3 (xl, yl) ← (xl, y

∗
l );

4 D = ({xl, xh}, {yl, yh});
5 h ∼ GP (fl|kh(x, x∗); θl) for x, x∗ ∈ D;
6 y∗ = h(xl);
7 (xl, y

∗
l )

8 end

In the iterative Gaussian process framework, the high fidelity data pick up low

fidelity data to match its own frequency iteratively. Finally, two fidelity data are

matched their frequency, which makes our manifold smooth. In this thesis, our stop

criteria of iterations is given by the physical intuition but generally, (d) dimensional

total variation is one of the best candidates to measure the smoothness (or flatness)

of the manifold.



131

(a) The original low fidelity model.

(b) The modified low fidelity model.

Figure 6.3: A example of iterative Gaussian process. The distribution of high fidelity data on (a):
the original low fidelity data and (b): the modified low fidelity data. The color represents the high
fidelity data at location x (x-axis). The modified low fidelity data is obtained after 10 iterations.
The high and low fidelity data have parameters µ = 1.5 and µ = 1.1, respectively.
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In Van der Pol oscillators, changing a intensity parameter (µ) changes the period

of the limit cycle and this results in changing the shape and phase of responses.

As difference between two parameters getting bigger, corresponding responses of

oscillators have large shifted phase. It may render low fidelity data useless since

different frequency and phase provides spurious frequency to the high fidelity oscil-

lator. Hence, we need another approach which is capable to find a smooth mani-

fold correctly and effectively. In next section, we introduce another manifold-driven

Gaussian process via a nonlinear statistical learning tool, Diffusion maps.

6.3.3 Gaussian Process via Diffusion maps

Diffusion maps have been widely used in dimensionality reduction. It extracts a

nonlinear low dimensional manifold without losing of slow dynamics of the system.

Hence, it guarantees the minimum dimensional manifold compared to classical linear

techniques like principal component analysis (PCA) [48].

In this chapter, the other way around, we employ Diffusion maps for finding

hidden (latent) dimensions, i.e., dimensionality expansion. Two or multiple fidelity

data, which have space and time dependent correlations, can be embedded on a

parametric manifold where Gaussian process is available. Diffusion maps extract

several principal nonlinear coordinates from our expanded data set and some pairs

of these coordinates construct a GP-available manifold.

Given n multiple fidelity data {y1(x), . . . ,yn(x)} of N observations, we set an

N ×N affinity matrix via diffusion kernel by

Wij = exp

(
−‖Yi −Yj‖2

ε

)
, (6.8)



133

where Yi = (y1(xi), . . . , yn(xi)) is an observation vector of multiple fidelity models

at same location xi. Then,

W̃ = D−1W, (6.9)

where D is a diagonal matrix given by

Dii =
∑
j

Wij. (6.10)

Then, the matrix W̃ can be a transition probability matrix of a Markov chain and

this matrix is equivalent to discrete Laplace-Beltrami operator [20]. Eigenfunctions

of the matrix W̃, called diffusion coordinates, describe the embedded (nonlinear)

coordinates effectively. Among those eigenfunctions, we choose a pair of diffusion

coordinates which high and low fidelity data embedded with directionality. Then,

the number of elements in the chosen pair informs the number of hidden (latent)

dimension for mapping each other. On the chosen manifold, the high and low fi-

delity data are constructed by corresponding Gaussian processes gh and gl on the m

dimensional manifold as:

fh(x) = gh (φ1(x), φ2(x), . . . , φm(x)) , (6.11)

fl(x) = gl (φ1(x), φ2(x), . . . , φm(x)) , (6.12)

where gh and gl are Gaussian processes constructed by

gh ∼ GP (fh|kh((φ1(x), . . . , φm(x)), (φ1(x∗), . . . , φm(x∗))); θh) , (6.13)
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gl ∼ GP (fl|kl((φ1(x), . . . , φm(x)), (φ1(x∗), . . . , φm(x∗))); θl) . (6.14)

Hence, we employ Gaussian process gh on the (d + x) parametric space for the

estimation of high fidelity function. For details about Diffusion maps and Gaussian

process, see the Appendices.

6.4 Result

6.4.1 On the similar limit cycle (µh ∼ µl)

As shown in Figure 6.1, if parameters µ of two oscillators are similar, i.e., two data

have similar limit cycles, we are able to employ iterative Gaussian process (IGP). In

this chapter, we choose parameters µ = 1.5 for the high fidelity model and µ = 1.1

for the low fidelity model. Modified low fidelity data by IGP give a stretched (and

smoothed) manifold, where high and low fidelity data have one-to-one mapping,

see Figure 6.3. As shown in Figure 6.4 (b), modified low fidelity data (labeled by

NARGP(M)) have the lower RMSE compared to Gaussian process with high fidelity

data only (Kriging) and NARGP with original low fidelity data. Moreover, it is found

that IGP shows the better result if we have a few high fidelity data. Hence, this

framework is robust to number of high fidelity data compared to other approaches.

Moreover, we employ another manifold-driven Gaussian process. Each oscillator,

solved by equations (6.2) and (6.3), has two data sets, x and ẋ (totaling four data

sets). We construct an expanded data set as Y = {xh, ẋh, xl, ẋl}. And Diffusion

maps provide several diffusion coordinates from Y and we choose the best pair of
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(a) Responses of two oscillators on the similar limit cycle.

(b) Regression results of different approaches.

Figure 6.4: A result of iterative Gaussian process. (a): exact responses of two different oscillators
– µ = 1.1 for low fidelity and µ = 1.5 for high fidelity. (b): regression results with different
approaches. (M) represents the modified low fidelity data by IGP.
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(b) Low fidelity data.

Figure 6.5: Distribution of two fidelity data on the GP-available manifold. The pair of (φ1 and
φ2) is the best to embed high and low fidelity data with directionality. The green line represents
the path along with x. (a): The color represents high fidelity data. (b): The color represents low
fidelity data.

them, see Figure 6.5. On this chosen manifold constructed by diffusion coordinates

φ1 and φ2, the high and low fidelity data are invertible and one-to-one mappable.

Color distributions of two fidelity data on this manifold are tilted each other. It

informs the phase shift between two oscillators, see the Figure 6.4 (a). The Gaussian

process on the GP-available manifold is found to be the best approach compared

to simple Gaussian process and original NARGP see the Figure 6.6. However, if

the number of high fidelity data increase, other approaches provide better results

because the chosen manifold does not have a clear directionality everywhere, which

makes small wiggles on the manifold.

6.4.2 On the different limit cycle (µh 6= µl)

We choose parameters of two different oscillators as µ = 1.5 for high fidelity model

and µ = 5.0 for low fidelity model and the exact responses of two oscillators are

shown in Figure 6.7 (a). The shape and frequency are totally different and hence it

is hard to find a nonlinear relation between data without physical intuition or prior



137

0 5 10 15 20 25

4

3

2

1

0

1

2

3

4

Exact
Kriging
NARGP
DMAP(D+1)

(a) Regression results of different approaches.
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(b) Normalized RMSE with different approaches.

Figure 6.6: The result of manifold-driven Gaussian process in the similar limit cycle. (a): Regres-
sion results of different approaches. (D+1) represents that we employ one additional dimension.
Blue dots represent high fidelity data points. (b): the x-axis represents number of high fidelity
data. Each RMSE is normalized by max fh and averaged by 10 simulations.
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(a) Responses of different approaches on the different limit cycle.
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Figure 6.7: The result of iterative Gaussian process. (a): exact responses of two different oscil-
lators: µ = 5.0 for low fidelity and µ = 1.5 for high fidelity. (b): regression results of different
approaches. (M) represents the modified low fidelity data by IGP.
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(b) Low fidelity data.

Figure 6.8: Distribution of two fidelity data on the GP-available manifold. The pair of (φ1, φ3,
and φ4) is found the best manifold to embed high and low fidelity data effectively. (a): The color
represents high fidelity data. (b): The color represents low fidelity data.

knowledge of the dynamical system.

First, we employ IGP and its results are shown in Figure 6.7 (b). IGP is no longer

good approach with two data sets because two oscillators have totally different fre-

quencies and thus, IGP produces a spurious oscillation between two frequencies. This

result makes IGP worse than Kriging (GP with only high fidelity data) even though

we employ two data sets. However, the manifold-driven GP still provides the better

result if we add two additional dimension, see Figures 6.8 and 6.9. While similar

oscillators need only one additional dimension to map each other, different oscillators

need two additional dimensions to construct GP-available manifold because there is

a bifurcation of the limit cycle between two oscillators. In this case, we choose a pair

of triple diffusion coordinates of φ1, φ3, and φ4, see the Figure 6.8. The manifold-

driven GP are able to reduce the RMSE dramatically compared to other approaches,

see Figure 6.9 (b) and this reduction is independent of the number of high fidelity

data. Because we construct a smooth-enough manifold for GP, the RMSE is always

small independent of the number of high fidelity data.
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Figure 6.9: The result of manifold-driven Gaussian process on the different limit cycle. (a):
regression results of different approaches. (D+2) represents that we employ two additional dimen-
sions. Blue dots represent high fidelity data points. (b): the x-axis represents number of high
fidelity data. Each RMSE is normalized by max fh and averaged by 10 simulations.
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From this result, we are able to find a (hidden) nonlinear correlation between

two data sets via the pair of Diffusion coordinates. Also, we demonstrate the capa-

bility of the manifold-driven for bifurcated dynamical systems. Finally, we setup the

algorithm to find the appropriate manifold to (one-to-one) map each other, whose

manifold becomes the important clue to describe physics between oscillators.

6.5 Conclusion

In this chapter, we introduce two novel approaches for the nonlinear auto-regressive

information fusion and demonstrate their capabilities in the Van der Pol oscillators.

Specifically, if parameters µ are similar, i.e., limit cycles are similar, the IGP frame-

work can stretch and smooth the original manifold. Also, it is a clever way to find the

GP-available manifold via Diffusion maps. If parameters µ are totally different, on

the other hand, only Gaussian process with Diffusion maps presents the reasonable

result and it shows the robustness for nonlinear correlated data. The ultimate goal

of two approaches are same; to find a smooth (one-to-one) manifold with high and

low fidelity data, where Gaussian process is available. Finally, we present the new

type of the information fusion between nonlinearly correlated data.

Moreover, we show that the manifold given by Diffusion maps is able to map two

oscillators each other. In this mapping, the number of additional dimensions may

provide the important physical meaning, which informs the location of the bifurcation

in dynamical systems. From data, we are able to find a system identification without

physical models, equations, variables, and parameters. Hence, this approach will

provide a breakthrough in data mining of complex dynamical systems.



Chapter Seven

Conclusions and Future work
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7.1 Conclusions

In this thesis, we have demonstrated a fault-resilient, robust, and efficient frame-

work for exascale computational fluid dynamics. The novel framework contains

cutting-edge techniques in data science. For example, we employed a supervised

statistical learning technique, multi-level Gaussian process regression, for informa-

tion fusion with multiple fidelity or scale simulations to equip the resilience against

expected hardware or software error. Moreover, we employed a nonlinear dimension-

ality reduction technique, Diffusion maps, to detect the computational redundancy

and accelerate simulations via projective time integration adaptively. Furthermore,

we combine these statistical learning techniques, a nonlinear manifold-driven auto-

regressive Gaussian process to fuse nonlinearly correlated data. Finally, we set the

foundations of a new framework in CFD, called patch simulation, that combines in-

formation fusion techniques from, in principle, multiple fidelity and resolution simu-

lations (and even experiments) with a new adaptive timestep refinement technique.

More broadly, in this thesis we demonstrate the symbiotic and synergistic combi-

nation of statistical learning, domain decomposition, and scientific computing in

exascale simulations.

In chapter 2, we introduced three different approaches to fill-in the spatial miss-

ing gaps. In chapter 3, we set a novel framework, the gappy simulation, which are

able to keep simulating against spatial missing data with limited accuracy but cost-

less auxiliary simulation vis information fusion techniques. In chapter 4 and 5, we

extended the aforementioned framework for spatio-temporal gaps, called the patch

simulation, which are able to not only accelerate simulation by projective time inte-

gration with dynamics-informed time steps but also combine multiple fidelity, rate,

or heterogeneous data. In chapter 6, we introduced a new information fusion tech-
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nique, manifold-driven auto-regressive Gaussian process, which combine Diffusion

maps and nonlinear auto-regressive Gaussian process for nonlinearly correlated data

in complex dynamical system. Here we draw up a list for future works to extend our

framework.

7.2 Future work

7.2.1 Numerical analysis of the patch (or gappy) simulations

In previous chapters, we formulated the novel framework, the patch (or gappy) sim-

ulation and demonstrated various benchmark problems to show its effectiveness,

robustness, and efficiency. In mathematical view, it is also highly desirable to in-

vestigate the numerical stability of this framework with respect to auxiliary data,

gap size, and projection time, and we are currently pursuing such an investigation.

The reference frameworks (the gap-tooth algorithm and patch dynamics) have been

shown their numerical analysis and sensitivity in [87, 88, 90, 12].

The first idea for the numerical analysis of the proposed framework is the compar-

ison of two operators. We formulate an equivalent operator of the patch (or gappy)

simulation, Â compared to the original (reference) operator, A in simple dynamics

given by

xn+1 = Axn, (7.1)

where x is a state variable vector, e.g., velocity fields and pressure field in compu-

tational fluid dynamics. Depending on gap sizes, auxiliary data, projection time,

equivalent operators Â are changed. Then, we compare eigenfunctions of two oper-
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Figure 7.1: The error of log D̂/D for fixed error ε.

ators and obtain sensitivity or error analysis from difference of eigenfunctions with

respect to targeted parameters. Equivalent operator Â can be obtained by “dy-

namic mode decomposition”, which is capable to find approximated eigenfunctions

of a nonlinear dynamic operator [92, 17].

The second idea for the numerical analysis is to use Diffusion maps with time

series data and compare principal diffusion coordinates. A rough sketch for the

sensitivity analysis by Diffusion maps is following. If we assume that the equivalent

operator Â = A + ε has (fixed) constant error, without loss of generality, then

‖Âx− x‖ = ‖(A + ε)x− x‖ ≤ ‖Ax− x‖+ ‖εx‖. (7.2)

And then,

‖Âx− x‖2 ≤ ‖Ax− x‖2 + 2ε‖Ax− x‖‖x‖. (7.3)
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We can rewrite above equation to a normal form of Diffusion maps as

exp

(
−‖Âx− x‖2

σ2

)
≥ exp

(
−‖Ax− x‖2

σ2
− 2ε‖Ax− x‖‖x‖

σ2

)
. (7.4)

Finally, we finish the rough sketch of the sensitivity analysis and get the relation

between a constant error ε and approximated Laplace operator as

Â = A + ε ↔ D̂ = D · exp(α‖ε‖), (7.5)

where D represents a diffusion kernel. The preliminary result for fixed ε shows that

we estimate the error in the right way, see Figure 7.1.

From this rough sketch, we will develop the numerical analysis with respect to

targeted parameters. Finally, this fundamental numerical analysis are able to support

and provide mathematical foundation to the proposed framework, and this gives the

generality of this framework.

7.2.2 The extension of manifold-driven Gaussian process

We demonstrated that manifold-driven Gaussian process are able to fuse two data

which are nonlinearly correlated each other. Now, we can extend this scheme to

find a structure of nonlinear dynamical system from data [25, 9, 93, 104, 11]. If we

construct the (d+x) manifold which is able to map each data, we find the knowledge

about a bifurcation by data mining in complex dynamical system. However, (d+ x)

manifold cannot be visualized if d + x > 3. Hence, we need new algorithms to find

the appropriate manifold without visualization.
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Another topic we are making effort is to construct same manifold with a few

high fidelity data. In the previous chapter, we demonstrated and addressed the

capability of the GP-available manifold with a large set of high and low fidelity

data. This approach provided not only the number of hidden (latent) dimension

for Gaussian process but also the pair of Diffusion coordinates of the GP-available

manifold. More practical issue is that we have a few high fidelity data in general

cases. In this case, we find diffusion coordinates by a few data and extend these

coordinates by interpolation.

As shown in preliminary result, we employ a spline interpolation with equidistant

data, which works better than randomly distributed data. As shown in Figure 7.2,

a few data construct not a same but similar manifold compared to the original

manifold constructed by a large set. A simple interpolation (like a spline) provides

similar Diffusion coordinates but it works for only equidistant data.

In order to overcome this limitation, we suggest to employ geometric harmonics

[58, 21]. Geometric harmonics, based on Nyström method, is able to extend tar-

geted function to large dimensional manifold. Geometric harmonics introduce the

extension (K) and restriction (K∗) operators as

Kψj = λjΨj, (7.6)

K∗Ψj = ψj, (7.7)

where ψ and Ψ represent eigenfunctions on restricted and extended manifolds, re-

spectively. Then, the extension algorithm starts to project a targeted function onto
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(a) The GP-available manifold constructed by 25 high fidelity data.

(b) Regression results of different approaches.

Figure 7.2: The result of manifold-driven Gaussian process with a few data. (a): the (d + 1)
and (d+ 2) dimensional GP-available manifold by 25 high fidelity data. (b): regression results by
Kriging (simple GP), NARGP, (d+ 1) dimensional manifold, and (d+ 2) dimensional manifold.
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Figure 7.3: A schematic illustration of auto-adaptive scheme in space. (a): a computational
domain is divided by nine subdomains and we choose four subdomains among them. (b): the
concentration of species in transport equation.

the orthonormal manifold as

f 7→ Pδf =
∑
j∈Sδ

〈f, ψj〉ψj. (7.8)

After that, we can extend this function to the larger manifold constructed by an

extend operator E as

Ef(x) =
∑
j∈Sδ

〈f, ψj〉Ψj. (7.9)

Then, we construct extended (mapped) diffusion coordinates with a few high and

low fidelity data. Finally, we will obtain much accurate manifold compared to the

reference manifold constructed by all high and low fidelity data. We will set the

best approach to construct GP-available manifold with a few data and this results

in computational cost saving in multiple fidelity information fusion.
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7.2.3 Auto-adaptive and asynchronous exascale simulations

In exascale simulations, the multiscale simulation has been developed to demonstrate

real physics problem effectively [112, 31, 33, 64]. In algorithmic sides, the efficient

algorithm is highly required to solve the problem within reasonable computational

time. We demonstrated that the patch simulation works against spatio-temporal

gaps. Then, we can extend this framework to an auto-adaptive framework for the

multiscale simulation. We choose gappy subdomains and corresponding timestep

adaptively, i.e., we make spatio-temporal gaps intentionally, with relatively cost-

less auxiliary data (given). Then, the auxiliary data provides not only appropriate

locations of gappy domains but also dynamics-informed timestep size. Thus, this

framework will be equivalent to classical adaptive mesh refinement (AMR) and this

results in reducing computational cost dramatically. Moreover, if each gappy sub-
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domain has its own projective time asynchronously, then the computational cost is

reduced by less communication between computer nodes. For example, as shown in

Figure 7.3, we choose four subdomains among nine subdomains to reduce compu-

tational time, which is governed by the equation 5.1. As shown in Figure 7.4, the

chosen subdomains by Diffusion maps show the less RMS error compared to “min-

max” algorithm, which find subdomains which have the largest difference of field

variable.

Now we extend this framework to targeted problems. For example, in simulation

for flow past a circular cylinder, velocity fields and pressure gradient in far field are

not affected strongly by vortex shedding of the cylinder. Thus, we assign the spatial-

temporal gaps in far field and furthermore, we can employ a different computational

model, e.g., a potential flow model. This results in huge computational cost saving

compared to classical approaches, which should employ same equations in whole

fields.

Another example is the multiscale simulation in biological system. In complex

biological system, there are multiple models for describing multiple scales, from

atomic scale to continuum scale. If we solve all domains by (atomic scaled) mol-

ercular dynamics (MD), it is impossible to get results in reasonable computational

time. However, this framework allows multiple information fusion between multiple

scales with adaptive spatio-temporal gaps. Hence, we obtain results efficiently within

reasonable simulation error, which is smaller than the modeling error.



Appendix A

Statistical learning tool: Gaussian

Process regression
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A.1 Classical Gaussian process – Kriging

A general Gaussian process, a supervised learning technique, has been widely used

in the regression [86, 85, 102, 95, 16, 36]. The definition of Gaussian process is “a

collection of random variables, any finite of which have a joint Gaussian distribution”

[86]. Hence, we assume that our observations come from a realization of a Gaussian

random field, f , with additive independent identically distributed Gaussian noise ε

with variance σ2
n, i.e., ε(x) ∼ N(0, σ2

n). Then, our observation can be modeled by

y(x) = f(x) + ε(x). (A.1)

This framework is specified by a mean function µ(x) and its covariance kernel

k(x,x∗; θ) with hyperparameters θ as

µ(x) = E[f(x)], (A.2)

k(x,x∗) = E[(f(x)− µ(x))(f(x∗)− µ(x∗))], (A.3)

where x and x∗ are elements of a training set.

We find a hyperparameter via maximum likelihood estimation in training part.

Using reconstructed y(x), we can predict y(xnew) at test location xnew by trained

mean µ̂, variance σ̂2, and hyperparameter θ. The predicted mean, ŷ(xnew) and the

predicted variance s2(xnew) are calculated [49] as

ŷ(xnew) = µ̂+ kT
(
K + σ̂2

nI
)−1

(y − 1µ̂) , (A.4)
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s2(xnew) = σ̂2

1− kT
(
K + σ̂n

2I
)−1

k +

[
1− kT

(
K + σ̂n

2I
)−1

k
]2

1T
(
K + σ̂n

2I
)−1

1

 , (A.5)

where k = k(x,xnew; θ) and K = k(x,x∗; θ) represent the covariance vector and

matrix. For detail, see the references [86, 81].

A.2 multi-level Gaussian Process - CoKriging

Depending on a chosen scheme, model, and parameter, we have multiple fidelity data

for same physical problem. If these multiple fidelity data have a linear correlation,

we are able to employ a multi-level Gaussian process regression by a well-known

auto-regressive scheme introduced by Kennedy and O’Hagan [52]. Without loss of

generality, in this thesis, we assume that there are two fidelity data: high and low

fidelity data. High and low fidelity data can be constructed by different Gaussian

process f(x) and fl(x), respectively. Then an auto-regressive scheme sets a linear

correlation as

f(x) = ρfl(x) + δ(x), (A.6)

where δ ∼ N(µδ, σ
2K) is a Gaussian field and ρ is a (scalar) linear correlation pa-

rameter, which is also trained by given data set via maximum likelihood estimation.

Then, the predicted mean and variance at test location xnew is calculated [61] as

ŷ(xnew) = µ̂+ ρ̂lŷl(xnew) + kT
(
K + σ̂2

nI
)−1

(yh − 1µ̂− ρ̂ŷl) , (A.7)
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s2(xnew) = ρ̂2s2l (xnew) + σ̂2

1− kT
(
K + σ̂n

2I
)−1

k +

[
1− kT

(
K + σ̂n

2I
)−1

k
]2

1T
(
K + σ̂n

2I
)−1

1

 ,
(A.8)

where subscript l indicates low fidelity. Furthermore, we are able to employ the auto-

regressive scheme for multiple fidelity data through iterated process. For detail, see

the reference [81].



Appendix B

Statistical learning tool: Diffusion

maps
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B.1 Diffusion maps

Diffusion maps have been used in model and dimensionality reduction fields and

it is chosen one of the best candidate for finding nonlinear embedding manifold

[22, 20, 19, 18, 45, 58, 57, 56, 73, 74]. Nonlinear dimensionality reduction schemes

are able to project high dimensional data onto a lower dimensional manifold and it

guarantees the lower dimension compared to linear dimensionality reduction schemes

like principal component analysis (PCA).

In recent year, they have been studied that eigenfunctions of Laplace-Beltrami

operator, which is a generalized Laplace operator and can be extended to form

curvilinear manifold to Riemannian manifold, on the nonlinear manifold provide

principal coordinates of lower dimensional manifold. For example in [28], on the

two-dimensional rectangle (L1 × L2), the first two eigenfunctions are two cosine

functions, φ1 = cos(πx/L1) and φ2 = cos(πy/L2) except a constant eigenvector.

These two eigenfunctions are one-to-one with x and y coordinates and hence we are

able to parameterize given observations on the manifold which is constructed by two

eigenfunctions. This results in the good parametric manifold via eigenfunctions of

Laplace-Beltrami operator.

However, in general, observed data is not a continuous but scattered. Hence, it

is needed to introduce “discrete” and “approximated” Laplace-Beltrami operator for

scattered data. In order to provide approximation of continuous Laplace-Beltrami

operator with scattered data, we employ a normalized Diffusion kernel matrix be-

tween observations as

Wij = exp

(
−‖yi − yj‖2

ε

)
, (B.1)
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where yi is an observation at location xi. After that, we obtain W̃ by

W̃ = D−1W, (B.2)

where D is a diagonal matrix by

Dii =
∑
j

Wij. (B.3)

Then W̃ is a Markovian matrix whose elements represent the probability of jump

from yi to yj on the true manifold and this matrix is equivalent to discrete Laplace-

Beltrami operator.

Finally, high dimensional observations lie on the low dimensional manifold con-

structed by first d eigenfunctions as

yi 7→ (λ1φ1,i, λ2φ2,i, . . . , λdφd,i)
T . (B.4)

where descending ordered eigenvalues λi represent scalar parameters which decide

relative diffusion distance of corresponding coordinates. And its diffusion distance D

on the embedded d-dimensional manifold is calculated by a normal form of Euclidean

distance as

D2(yi,yj) =
d∑

k=1

λ2k,i(φk,i − φk,j)2. (B.5)

And we can use this diffusion distance to the distance between data on the lower

dimensional manifold. Also, it can be used for constructing a kernel in Gaussian

process. For all details, see the reference [28].
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[85] Joaquin Quiñonero-Candela and Carl Edward Rasmussen. A unifying view of
sparse approximate Gaussian process regression. Journal of Machine Learning
Research, 6(Dec):1939–1959, 2005.

[86] Carl Edward Rasmussen and C K I Williams. Gaussian processes for machine
learning. MIT Press, 2006.

[87] AJ Roberts and IG Kevrekidis. Higher order accuracy in the gap-tooth scheme
for large-scale dynamics using microscopic simulators. ANZIAM Journal,
46:637–657, 2005.

[88] Anthony J Roberts and Ioannis G Kevrekidis. General tooth boundary con-
ditions for equation free modeling. SIAM Journal on Scientific Computing,
29(4):1495–1510, 2007.

[89] G Samaey, AJ Roberts, and IG Kevrekidis. Equation-free computation: An
overview of patch dynamics. Multiscale methods: bridging the scales in science
and engineering, page 216, 2010.



166

[90] Giovanni Samaey, Ioannis G Kevrekidis, and Dirk Roose. Patch dynamics
with buffers for homogenization problems. Journal of Computational Physics,
213(1):264–287, 2006.

[91] Giovanni Samaey, Dirk Roose, and Ioannis G. Kevrekidis. The gap-tooth
scheme for homogenization problems. Multiscale Modeling & Simulation,
4(1):278–306, 2005.

[92] Peter J Schmid. Dynamic mode decomposition of numerical and experimental
data. Journal of fluid mechanics, 656:5–28, 2010.

[93] Michael Schmidt and Hod Lipson. Distilling free-form natural laws from ex-
perimental data. science, 324(5923):81–85, 2009.

[94] B Schroeder and G A Gibson. Understanding failures in petascale computers.
Journal of Physics: Conference Series, 78:12–22, 2007.

[95] Matthias Seeger, Christopher Williams, and Neil Lawrence. Fast forward se-
lection to speed up sparse gaussian process regression. In Artificial Intelligence
and Statistics 9, number EPFL-CONF-161318, 2003.

[96] LEE Seungjoon, I. G. Kevrekidis, and G. E. Karniadakis. A resilient and
efficient cfd framework: statistical learning tools for multi-fidelity and hetero-
geneous information fusion. Journal of Computational Physics, under review,
2017.

[97] Fengyan Shi, James T Kirby, Jeffrey C Harris, Joseph D Geiman, and
Stephan T Grilli. A high-order adaptive time-stepping TVD solver for Boussi-
nesq modeling of breaking waves and coastal inundation. Ocean Modelling,
43:36–51, 2012.

[98] S. Sirisup, G. E. Karniadakis, Y. Yang, and D. Rockwell. Wave-structure inter-
action: Simulation driven by quantitative imaging. Proceedings: Mathematical,
Physical and Engineering Sciences, 460(2043):729–755, 2004.

[99] Sirod Sirisup, George Em Karniadakis, Dongbin Xiu, and Ioannis G.
Kevrekidis. Equation-free/Galerkin-free POD-assisted computation of incom-
pressible flows. Journal of Computational Physics, 207(2):568 – 587, 2005.

[100] Lawrence Sirovich. Turbulence and the dynamics of coherent structures. i.
coherent structures. Quarterly of applied mathematics, 45(3):561–571, 1987.

[101] Jeffrey Slotnick, Abdollah Khodadoust, Juan Alonso, David Darmofal, William
Gropp, Elizabeth Lurie, and Dimitri Mavriplis. Cfd vision 2030 study: a path
to revolutionary computational aerosciences. 2014.

[102] Alexander J Smola, Peter Bartlett, et al. Sparse greedy gaussian process re-
gression. Advances in neural information processing systems, 13:619–625, 2001.

[103] M Stein. Interpolation of spatial data: some theory for Kriging. Berlin:
Springer, 1999.



167

[104] George Sugihara, Robert May, Hao Ye, Chih-hao Hsieh, Ethan Deyle, Michael
Fogarty, and Stephan Munch. Detecting causality in complex ecosystems.
science, 338(6106):496–500, 2012.

[105] DL Sun, ZG Qu, YL He, and WQ Tao. An efficient segregated algorithm
for incompressible fluid flow and heat transfer problems—ideal (inner doubly
iterative efficient algorithm for linked equations) part i: Mathematical formula-
tion and solution procedure. Numerical Heat Transfer, Part B: Fundamentals,
53(1):1–17, 2008.

[106] B-T Tan, K Willcox, and M Damodaran. Applications of proper orthogonal
decomposition for inviscid transonic aerodynamics. AIAA, pages AIAA2003–
4213, 2003.

[107] Dong Tang, Ravishankar K Iyer, and Sujatha S Subramani. Failure analysis
and modeling of a vaxcluster system. In Fault-Tolerant Computing, 1990.
FTCS-20. Digest of Papers., 20th International Symposium, pages 244–251.
IEEE, 1990.

[108] Yu-Hang Tang, Shuhei Kudo, Xin Bian, Zhen Li, and George Em Karniadakis.
Multiscale universal interface: A concurrent framework for coupling heteroge-
neous solvers. Journal of Computational Physics, 297:13–31, 2015.

[109] Balth Van der Pol. The nonlinear theory of electric oscillations. Proceedings
of the Institute of Radio Engineers, 22(9):1051–1086, 1934.

[110] Daniele Venturi and George Em Karniadakis. Gappy data and reconstruction
procedures for flow past a cylinder. Journal of Fluid Mechanics, 519:315–336,
2004.

[111] Oskar Wanner and Willi Gujer. A multispecies biofilm model. Biotechnology
and bioengineering, 28(3):314–328, 1986.

[112] E Weinan and Bjorn Engquist. Multiscale modeling and computation. Notices
of the AMS, 50(9):1062–1070, 2003.

[113] Thomas Werder, Jens H Walther, and Petros Koumoutsakos. Hybrid
atomistic–continuum method for the simulation of dense fluid flows. Journal
of Computational Physics, 205(1):373–390, 2005.

[114] Karen Willcox. Unsteady flow sensing and estimation via the gappy proper
orthogonal decomposition. Computers & Fluids, 35(2):208–226, 2006.

[115] Dongbin Xiu and George Em Karniadakis. Modeling uncertainty in flow sim-
ulations via generalized polynomial chaos. Journal of computational physics,
187(1):137–167, 2003.

[116] Or Yair, Talmon Ronen, Ronald R. Coifman, and Ioannis G. Kevrekidis. No
equations, no parameters, no variables: data, and the reconstruction of normal
forms by learning informed observation geometries. arXive preprint, 2016.

[117] F Yates. The analysis of replicated experiments when the field results are
incomplete. Empire Journal of Experimental Agriculture, 1:129–142, 1933.



168

[118] Gour-Tsyh Yeh and Vijay S Tripathi. A model for simulating transport of reac-
tive multispecies components: model development and demonstration. Water
Resources Research, 27(12):3075–3094, 1991.

[119] Ben Yanbin Zhao, John Kubiatowicz, Anthony D Joseph, et al. Tapestry: An
infrastructure for fault-tolerant wide-area location and routing, UCB/CSD-01-
1141. Technical report, 2001.


	Vitae
	Acknowledgments
	Introduction
	Resilient Algorithms for Reconstructing and Simulating Gappy Flow Fields in CFD
	Introduction
	Methodology
	Temporal estimation: Projective integration
	Spatial estimation: coKriging
	Resimulation
	Key parameters

	Simulation Configuration
	Lid-driven cavity flow at Re=100
	Flow past a cylinder at Re=100

	Results for Three Fault Scenarios
	Scenario 1
	Scenario 2
	Scenario 3

	Summary
	Fault-resilient simulations based on multi-resolution information fusion
	Introduction
	Gappy Simulation Framework
	Problem set up
	Auxiliary data
	Algorithm flow chart
	CoKriging
	Buffer region

	Simulation setup
	Heat equation
	Navier-Stokes equations

	Results
	Correlation Kernel
	Size of a buffer
	Auxiliary data
	Non-interaction timestep number ()

	Summary


	Resilient and efficient simulations based on multi-fidelity and heterogeneous information fusion
	Introduction
	The Patch Simulation Framework
	Statistical Learning Algorithms
	Gaussian Process Regression
	Diffusion Maps

	Multi-fidelity and Heterogeneous Auxiliary Data
	Two-dimensional random walk model for the heat equation
	Dissipative Particle Dynamics (DPD) for the Navier-Stokes equations

	Simulation setup
	Heat equation
	Navier-Stokes equations

	Results
	Accuracy versus efficiency
	Jump size and auxiliary data
	Number of snapshots

	Summary


	Efficient simulations based on dynamics-informed projective time integration
	Introduction
	Simulation setup
	Results
	Conclusions

	Robust nonlinear information fusion via manifold-driven Gaussian process regression
	Introduction
	Problem setup: Van der Pol oscillator
	Methods
	Nonlinear auto-regressive Gaussian Process
	Iterative Gaussian Process
	Gaussian Process via Diffusion maps

	Result
	On the similar limit cycle (h l)
	On the different limit cycle (h =l)

	Conclusion

	Conclusions and Future work
	Conclusions
	Future work
	Numerical analysis of the patch (or gappy) simulations
	The extension of manifold-driven Gaussian process
	Auto-adaptive and asynchronous exascale simulations


	Statistical learning tool: Gaussian Process regression
	Classical Gaussian process – Kriging
	multi-level Gaussian Process - CoKriging

	Statistical learning tool: Diffusion maps
	Diffusion maps


