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Topics
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Model categories

21http://mlss.tuebingen.mpg.de/2015/slides/ghahramani/gp-neural-nets15.pdf 
https://en.wikipedia.org/wiki/Mathematical_model

Non-Parametric

Mathematical Modeling
Differential modeling

ODEs and PDEsParametric

linear regression
Artificial neural networks

Other Frameworks
- Particle modeling
- Monte Carlo methods
- Cellular automaton
- Reinforcement simulations
- Network modeling

http://mlss.tuebingen.mpg.de/2015/slides/ghahramani/gp-neural-nets15.pdf


Complexity: data vs models
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“All models are wrong, but some are useful” 
~ George E. P. Box 

Applied physics 
Engineering 
Chemistry

Nature, Biology ,Genetics
Social phenomena  

Economics  
Stock market prediction

Toolset is always 
Mathematics

• many variables 
• More assumptions 
• complex phenomena  
• hard to determine generating function 
• larger difference between reality and models

C
om

pl
ex

ity
• Less variables 
• Few assumptions 
• Reliable models

Fundamental physics

noise —> inaccurate sensors

F = ma = m
dr
dt

iℏ ∂
∂t

|ψ (t)⟩ = Ĥ |ψ (t)⟩

When you find a problem or 
improvement with the models 
you might get a Noble Prize

Models match ground truth almost perfectly: 
• Excellent qualitative and quantitative agreement between data 

and models (Little or no error between)

• Models provide explanatory power to why things are happening

• Very accurate predictions for both extrapolation and interpolation

Models typically match ground truth well: 
• Reasonable qualitative and quantitative agreement between data 

and models

• More assumptions

• Acceptable level of error between model and data

• Phenomena maybe too complex to perfectly capture all effects 

however primary effects are captured 

• Decent predictions for both extrapolation and interpolation

Data starts to get extremely complex: unclear 
whether a given model will capture the ground 
truth behavior or not  
• May have qualitative or some quantitative agreement between data 

and models

• Possibly high level of error between model and data

• Likely many “hidden” or un-accounted for variables

• Phenomena almost certainly too complex to perfectly capture all 

effects/contributions

• Likely have acceptable interpolation but extrapolation is a wild card



Science categories
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astronomy

geology

sociology

Classical 
Mechanics 

E&M 

]

Finance

material  
science

fluid dynamics

Requires  
laboratory ($$$)

Repeatable  
& controlled

un-repeatable  
& un-controlled

Quantum 
Mechanics 

Repeatable  
& controlled Explanatory

Math



Methodologies

24

Tools



Disciplines 
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Multi-disciplinary computational sciences 

Traditional Computational Sciences 



Modeling vs simulation
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Modeling 

Simulation 

Model Classification 



 - - - - - - - - - - - - -  
DIFFERENTIAL 

MODELING 
 - - - - - - - - - - - - - 

Instead of fitting models to data (regression). We 
instead use fundamental knowledge about  

how the phenomena changes (i.e. ordinary differential 
equations ODE) and where the system started (initial 
conditions) to predict the progression of the system  

(ODE solutions) 



Overview
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Initial & Boundary conditions: 

x

y
x(t) = ?
y(t) = ?

Classifications



Example-1
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x(t) =  number of bateria cells

dx
dt

= kx x(t) = ?

Model:

Exponential growth-decay

dx
dt

= kx

dx
x

= k dt

∫
x(t)

x0

dx
x

= k∫
t

0
dt

ln x(t)
x0

= kt .

Solve:

x(t) = x0ekt = x0e
t
τSolution:

PREDICTIVE POWER



Example-2

30Good resource: http://faculty.sfasu.edu/judsontw/ode/html-20180819/systems01.html

d
dx

f(x) = f(x)(1 − f(x))

Logistic growth

df(x)
dx

= k
a

f(x)(a − f(x)), f(0) = a /(1 + ekr)

f(x) = ex

ex + 1 = 1
1 + e−x .

dP
dt

= rP (1 − P
K ),

P(t) = KP0ert

K + P0 (ert − 1) = K

1 + ( K − P0
P0 ) e−rt

,

modeling population growth



Example-3
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dx
dt

= αx − βxy,

dy
dt

= δxy − γy,



Example-4
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Fx = max = m
d2x
dt2 = 0

Fy = may = m
d2y
dt2 = − mg

r0 = (x0, y0)
v0 = (vx

0, vy
0)

Model: System of ODEs

Initial conditions:

Projectile motion

x

y r(t) = (x(t), y(t)

x(t) = vo
y t + xo

y(t) = 1
2 gt2 + vo

y t + yo

Analytic Solution

Numerical solution
e.g. Euler's method

y =
0.00
0.31

⋮
3.14

x =
0.00
0.30

⋮
3.14

t =
0.0
0.1
⋮
10

solve

integrate



Example-5
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https://www.youtube.com/watch?v=twBcpxrWm5E
Square sheet of metal

x

y

Initial temperature  
distribution T = T(x, y)

∂T
∂t

= α ( ∂2T
∂x2 + ∂2T

∂y2 )
Solve heat equation 

PDE: partial differential equation

T = T(x, y, t) = ?
Predict future Temperature?

y = f(x, t) = f(x0, x1, …, xN, t)
spacial temporal


