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Project Proposal Template

https://dl4ds.github.io/sp2024/project/#proposal
Proposal

Deadline: February 16, Friday 11:59 PM
Here's a proposal template pdf and the source LT'EX.
The proposal format is:

- Project Title

- Abstract

- Team Members (From one to three people.)

- Introduction: Give the motivation for the problem you are solving or application
you are developing and why it is worthwhile.

- Related Work: Results from initial literature search.

- Proposed Work: What are you going to do and how are you going to do it?

- Datasets: What dataset will you be using? Does it exist already? What dataset
preparation will be needed?

- Evaluation: How are you going to evaluate your results?

- Timeline: Approximate time line for the project over the course of the semester.

- Conclusion: You can recap your proposal.

- References: References for your citations.

More explanation of each section is in the template.

Submission will be on GradeScope, but feel free to share early draft with the instructor
to get early feedback.

If you don't have a BTEX authoring environment set up, we recommend the LaTeX
Workshop extension for Visual Studio Code.

DLA4DS Project Title

Team Member 1, Optional Team Member 2, Optional Team Member 3

January 26, 2024

Abstract

A short abstract of what your proposal is about. This is your elevator pitch for
what this project is about and why it is interesting. This should be no more than 3
sentences. Typically you write this last.

Introduction

This is a template for your project proposal which, by the way, is very similar to the
template for your final report. It’s also pretty standard template used for conference and
jJournal publications. For the project proposal, however, your context in each section will be
shorter and preliminary. In other words it is likely to change for the final report. Remove
all these italicized instructions before submitting.

The introduction is where you motivate the problem you are trying to solve. You should
give a brief overview of the problem and why it is important. You should also give a brief
overview of your approach and why it is interesting.

Introduction text here.

Related Work

This is where you give a brief overview of any prior work by others (or yourself) that is
relevant to the problem and solution you are proposing. For the proposal you should do a
preliminary literature search and cite any papers using the citation and bibliography syntax
illustrated below.

Let me know if you want help finding teammates.



https://dl4ds.github.io/sp2024/project/

Deep neural networks

* Combining the two networks into one
* Hyperparameters

* Notation change and general case

e Shallow vs. deep networks



Composing two networks.

hl = a:910 -+ 91156:
Network 1: ho = alf + 0217 Y = Qo + ¢1h1 + P2ha 4+ @3h3
hg — a:930 —+ (931[6:

hy = alt)y + 07,9]
Network 2: 5 = a[f5y + 05,9] Y = ¢+ @1h] + dhhh + P5hs
hé — a:géo - Qély:




Composing two networks: Example

Assume:
e RelLU Activation Example: Pick parameters so that
x € [—1,1] maps to
. S|Opes and |ntercepts y € [—1,1] with alternating slope
as shown o -

* 3 hidden units in each




Composing two networks: Example

Assume:
e RelLU Activation Example: Pick parameters so that
x € [—1,1] maps to
. S|Opes and |ntercepts y € [—1,1] with alternating slope
as shown o -

* 3 hidden units in each

, )
Let’s see what happens

when we map
X—=>y->y
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“Folding analogy”

Output, y
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Comparing to shallow with six hidden units

() ()
W * 20 parameters
() () '

(at least) 9 regions

* 19 parameters
* Max 7 regions




Composing networks in 2D




Deep neural networks

* Composing two networks

* Hyperparameters
* Notation change and general case
* Shallow vs. deep networks



0 : theta
Combine two networks into one ¢ : phi

hl = a:910 —+ 911513:
Network 1: ho = alf + 0217 Y = Qo + ¢1h1 + P2ha 4+ @3h3
hg — a:(930 —+ (931[6:

. = alfiy + 011Y]
Network 2: 5 = a[f5y + 05,9] Y = ¢+ @1h] + dhhh + P5hs

5 =alfz + 05y

Hidden units of second network in terms of first:

hi= a[fy+01y] = a[fy+ 01,00+ 01,01h1 + 01 p2ho + 611 P3hs]
hy = alfhy+051y] = a[fyy + 0500 + 05, 01hy + 05, p2ha + 05 d3hs]
hy = alfsy+05y] = a[fzg + 03100 + 05,01h1 + 05, pahy + O3, P3hs3)]




Create new variables: Y (psi)

hy= alfy+ 01,y
hy = alfly + 051y
hé — a:‘%o + ‘9:/319:

/
hlza
hy = a

hy = a

= a[fiy + 01100 + 011 p1h1 + 01, P2ha + 07, P3h3]
= a[lhy + 05,00 + O5,P1h1 + 05, Ppahs + 05, d3hs]

= a[f3y + 05,00 + 05,p1h1 + 05, p2ha + 05, P3hs)

10 + Y1101 + Y12he + Yi3hs)
120 + Y21 h1 + Yo2ha + Yashs)

30 + Y31h1 + P3aha + Y33hs]

0 : theta
¢ : phi
Y : psi



0 : theta

Two-layer network @ : phi
Y : psi

hi1 = alfi0 + 0117] hi = a[th1o + Y1101 + Y12ho + P13hs3]

ha = a|f20 + 0217 he = a[thag + Wa1he + ashs + ozhs]

hs = a|030 + 0317] hs = a[thso + ¥31he + ¥32hs + W33hs]

y' = Go + $1h1 + dohy + P3h;

& \/@
(= ()
O0=—==0




0 : theta

Two-layer network as one equation ifg;‘
hi = a[019 + O112] hy = afthio + Y11h1 + Yi2ha + P13hs3]
ho = alfag + O211] he = a[thag + P21h1 + Pa2ha + ashs]
hs = alf30 + 031] hs = a[tso + ¥31h1 + P32hs + 33h3]

y' = Go + $1h1 + dohy + P3h;

y' = ¢y + dla g + vi1albio + O11x] + P12a[ba0 + O212] + YP13a[030 + O312]]
+ ¢hafthag + Pa1a[010 + 0112] 4 VY22a[020 + O212] + V23a[f30 + O312]]
+ ¢safhzg + Ps1albio + O112] + P32a[fag + O212] + 133a[030 + O312]]



Remember shallow network with two outputs?

* 1input, 4 hidden units, 2 outputs

hi = a|f1o + 0117]
ho = alfag + 0212 Y1 = @10 + @111 + P12h2 + P13h3 + P14h4

hs = a[fs0 + 0512] Y2 = P20 + P2a1h1 + Pazha + Pashs + P2aha

hy = albio + 0417




Networks as composing functions

hlza
hgza
hgza

010 + 0117]
020 + 021]
030 + 0317]

h] =a
hy = a
hy = a

10 + Y11h1 + Y12hs + W13hy
o0 + Yarhi Fashs + Washs
30 + Y31h1 + Psahs + Wsshs

Consider the pre-activations at the second hidden units
At this point, it’s a one--layer network with three outputs




Networks as composing functions

hlza
hgza
hgza

010 + 0117]
020 + 021]

030 + 0317]

h] =a
hy = a

hy = a

D10 + Y11h1 + Y12hs + Y13h3)
o0 + Yarhi Fashs + Washs

30 + Y31h1 + Psahs + Wsshs

Consider the pre-activations at the second hidden units
At this point, it’s a one--layer network with three outputs

WZ2NWANY



Let’s walk through example activations
starting with pre-activations to the 2" [ayer.



2" Layer Pre-activations

1.0

0.01

_10' V10+Y11h +12ha+1P130s | Yo0+121h1+1020ho+1ho3hs ' ¢30+¢31h1+¢32h2.+¢.33ff3
0.0 1.0 2.0 0.0 1.0 2.0 0.0 1.0

Like a shallow network with three hidden units and three outputs.
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2" Layer Weighted Activations

g h) )
1.0
0.0
1.0. i Pahs . . .¢%hg. —
0.0 1.0 2.0 0.0 1.0 2.0 0.0 1.0 2.0
Input, x ) Input, x
1.0
~, 2"d Analogy:
=1 Create new functions
Summed and Offset %0'0. which are clipped and
O recombined.
10' ¢o + P1hy + dhhs + Phy
o0 10 2.0

Input, x



Deep neural networks

* Composing two networks
* Combining the two networks into one

* Notation change and general case
* Shallow vs. deep networks



Hyperparameters

e K layers =
* D, hidden units per layer =

* These are called — chosen before training the
network

e Can try retraining with different hyperparameters —
or

* This can be either manual or automated (e.g. Hyperparameter Tuning with
Ray Tune)



https://pytorch.org/tutorials/beginner/hyperparameter_tuning_tutorial.html
https://pytorch.org/tutorials/beginner/hyperparameter_tuning_tutorial.html

Deep neural networks

* Composing two networks
* Combining the two networks into one
* Hyperparameters

* Shallow vs. deep networks



Propose 3 notation changes to be
able to generalize to arbitrary
deep neural networks.




Notation change

hi = alf10 + 0117
he = alf + 0217
hs = albz0 + 0317

hi = a[th1g9 + Y11h1 + Y12k + P13h3]
hi = afthog + Po1hy + Washa + 1Poghs]
hi = althsg + ¥31hy + Wssho + ¥33h3]

y' = Go + 11 + dahy + 3y




Notation change

hi = alf10 + 0117
he = a|fa9 + O212]

v

hs = a|f39 + 0312]

hi = a[th1g9 + Y11h1 + Y12k + P13h3]
hi = afthog + Po1hy + Washa + 1Poghs]
hi = althsg + ¥31hy + Wssho + ¥33h3]

y' = Go + 11 + dahy + 3y

Vector Notation

0.0

_|_

0,




Notation change

hi = alf10 + 0117
he = alf + 0217

v

hs = albz0 + 0317

hy = a[th1o + Y11h1 + Y12ha + Y13hs]
hi = afthog + Po1hy + Washa + 1Poghs]
hi = althsg + ¥31hy + Wssho + ¥33h3]

Vector Notation

(010 | (011 |
O | + |O21] x
|| 030 031 |

(10| (Y11 Y12 Y13
Yoo | + |21 Y22 a3

| P30 | (Y31 P32 Y33

Vector & Matrix Notation




Notation change

hi = alf10 + 0117
he = alf + 0217

v

hs = albz0 + 0317

hi = a[th1g9 + Y11h1 + Y12k + P13h3]
hi = afthog + Po1hy + Washa + 1Poghs]
hi = althsg + ¥31hy + Wssho + ¥33h3]

v

Y = ¢y + O1hY 4+ dhhh + Pshy

v = dh+ (8 By B

hi 010 011
ho| =a | [020]| + |021
3| || 030 031 |

1 Y10 P11
hol =a | |Y2| + | Y2
s | |Y30| W32

x
Y12 Y13
Va2 P23
VY32 P33
-, -
1
/
2
/
|73




Notation change

hi 10
hg = a (920
3| | 030
1 Y10
hlz =a | |20
3 | [¥30]

1
P21
32

y =0+ (¢ ¢ @)

Notation Reminder

x, ¥ : normal lower case -- scalar

x, Y : bold face lower case -- vector
X, W : bold face upper case -- matrix

e
23

P33 |

g h = 3[00 + BX]

7 h' = a[ll)o + lPh]

¢1Thl

=2
1

©-

S



W :omega
Q) : Omega

Notation change #3

h=a [90 -+ HLE] - h1 — a[,BO -+ ﬂoX]

h/ — a [¢O -+ \Ph] > h2 — a[,@l -+ thl]

y = ¢y + ¢'h’ .y =065+ Qhy



Notation change

h=al0,+ 0x]

h' = a[¢, + ¥h]

y =)+

W :omega
Q) : Omega

h1 — a[,BO -+ ﬂoX]

hy = a[IB]_ + thl]

Yy :,62 —I_QQhQ



General equations for deep network

:ﬂl — aﬂo -+ Q()X]
hy = a[3; + Q1hy]
h; = a|3; + Q2hy)

y =Bk +Qka|Bx_1 +Qx_1al... 0, + Qa8 + Qa8 + Qox]] .. ]



Qp € R**3 0, € R?x4 Q, € R3%? Q5 € R?X3
hout. x Hidden Hidden Hidden Outout
pu layer, hy layer, ho layer, hg pub, ¥

D; = D=4 Dy =2 Ds =3 D, =



Deep neural networks

* Composing two networks
* Combining the two networks into one
* Hyperparameters

* Notation change and general case



Shallow vs. deep networks

The best results are created by deep networks with many layers.
e 50-1000 layers for most applications

* Best results in
* Computer vision

—_

* Natural language processing
All use deep networks.

Graph neural networks - But why?

* Generative models

* Reinforcement learning



Shallow vs. deep networks

1. Ability to approximate different functions?
Both obey the universal approximation theorem.

Argument: One layer is enough, and for deep networks could
arrange for the other layers to compute the identity function.



Shallow vs. deep networks

2. Number of linear regions per parameter



Number of linear regions per parameter

a) : Input dimension D; =1
c O K =14
.
2010
| .
=2
S il K=2
GLJ 2 K=1
B 10°-
-
- -
P
10° R
0 500 1000

Number of parameters

5 layers
10 hidden units per layer
471 parameters
161,501 linear regions



Number of linear regions per parameter

a) : Input dimension D; =1
c ® K =4
.9
a0 10" 4
| .
Y
S
| S
2 10°
S
S
P
10° _ .
0 500 1000

Number of parameters

5 layers
10 hidden units per layer
471 parameters
161,501 linear regions

b) 107 Input dimension D; = 10
7)) K=5
S . o— -4
.O_o /\' )
£ :
Y K=2
o
- 1 Yoo K =1
O
al
- i
-
=z
10° —
0 10000 20000

Number of parameters

5 layers
50 hidden units per layer
10,801 parameters
>10%0 linear regions



Number of regions, N

Question from last lecture on Shallow Nets

Number of regions as a function of # hidden units

10137 |

10120

10103

1086

1069

1052

1035

1018

— D=1
— D=5
— D;i=10
—— D;=50
D;=100

/,/’:/——-

10!
0

200 400 600 800
Number of hidden units, D

1000

Number of regions, N

Number of regions as a function of # parameters

10137 - Pr=i
Dj=5
10120 - Di=10
D;=50
10103 4 D;=100
1086 4
1069 4
1052 4
1035 4
18
10 # A
10! T . T T
0 20000 40000 60000 80000

Number of parameters

100000

Number of parameters, N

Number of parameters as a function of # hidden units

104 4

103 4

— D=1
— D=5
— D=10
—— D;j=50
D;=100

25 50 75 100 125 150 175 200
Number of hidden units, D



Shallow vs. deep networks

2. Number of linear regions per parameter

* Deep networks create many more regions per parameters

* But there are dependencies between them

* Think of folding example
* Perhaps similar symmetries in real-world functions? Unknown



Shallow vs. Deep Networks

3. Depth efficiency

* There are some functions that require a shallow network with
exponentially more hidden units than a deep network to achieve an
equivalent approximation

* This is known as the of deep networks

* But do the real-world functions we want to approximate have this
property? Unknown.



Shallow vs. Deep Networks
4. Large structured networks

* Think about images as input — might be 1M pixels

* Fully connected works not practical

* Answer is to have weights that only operate locally, and share across image
* This leads to

* Gradually integrate information from across the image — needs multiple layers



Shallow vs. Deep Networks

5. Fitting and generalization

* Fitting of deep models seems to be easier up to about 20 layers

* Then needs various tricks to train deeper networks, so (in vanilla
form), fitting becomes harder

* Generalization is good in deep networks. Why?



Shallow vs. Deep Networks

5. Fitting and generalization

Figure 20.2 MNIST-1D training. Four ]OO_ 1 hidden layer

fully connected networks were fit to 4000 _ 2 hidden layers
MNIST-1D examples with random labels | - 2 ::jj:g II::/:;:
using full batch gradient descent, He ini-

tialization, no momentum or regulariza-
tion, and learning rate 0.0025. Mod-
els with 1,2,3.4 layers had 298, 100, 75,
and 63 hidden units per layer and 15208,
15210, 15235, and 15139 parameters, re-
spectively. All models train successfully, 0 ' ' E OCi"\ ' 500K
but deeper models require fewer epochs. P

% Train error

-




enso rﬂ oW P | ayg roun d Exa m p | e? Do you ever get stuck in local minima?

. . : Are you getting the expected number of
* Try 2 inputs, 3 hidden units, 1 output regignspg © P

* You can inspect and/or edit weights and biases

O Epoch Learning rate Activation Regularization Regularization rate Problem type
>l
000,000 0.03 - RelU - None -0 - Classification

DATA FEATURES + — 1 HIDDEN LAYER OUTPUT
Which dataset do Which properties do Test loss 0.402
you want to use? you want to feed in? i & [raining loss 0.447
X 3 neurons
& 7 .
x o, RS
Qe % N ._}...
OOO 0(9 o b ®rp e ?0’.
(=] o N8 9. o
25 0 o 8 ° < ‘n’:' ..0 o‘, ¢
L I e
Ratio of training to o © *.® . o
test data: 80% ° o " R% . © ;
—. %e o o .o 0.+ 0 =]
a .lo“:: .‘?. ‘ o 6&0
e w2 ° @
Noise: 0 e . o, % o® o°A e} o}
Y o g 8® o
£ o [}
er [0 S6¢ :' .“.‘ﬁ .o e S °
P veg o . e ©® © °
Batch size: 30 . larger & . e o o, ©
. |
0
REGENERATE

Colors shows
data, neuronand ! !
- 0
0

weight values

playground.tensorflow.org

Show testdata  [] Discretize output

69


https://playground.tensorflow.org/

Where are we going?

* We have defined families of very flexible networks that map multiple
inputs to multiple outputs

* Now we need to train them
* How to choose loss functions for different types of targets (Read Ch. 5)
* How to find minima of the loss function
* How to do this efficiently with deep networks

* Then how do we evaluate them?



Feedback?



https://docs.google.com/forms/d/e/1FAIpQLSep8ThqLupjjyf4Uos5ChIuK8P-GrhEW5Im67vNzD8m8iNtMA/viewform

