deep imaging

Lecture 13: Beyond classification —
visualization to object detection

Machine Learning and Imaging

BME 548L
Roarke Horstmeyer



Class project details

deep imaging
* Due this Friday at 11pm
* Full details are here: https://deepimaging.github.io/proj-info/

« Can work alone or in a group (up to 4 people), required effort will scale with # of people
« Select a “base” dataset (online, or from a list I'll make)

« Simulate parameters of a physical (imaging) system with base dataset

* Train deep neural net with simulated dataset

* Report results

What you’ll need to submit:

1) The project’s source code

2) A short research-style paper (3 pages minimum, 5 pages maximum) that includes an
introduction, results, a discussion section, references and at least 2 figures

3) A completed web template containing the main results from the research paper

4) A 7-10 minute presentation that each student will deliver to the class


https://deepimaging.github.io/proj-info/
https://deepimaging.github.io/proj-info/
https://deepimaging.github.io/proj-info/

Project Proposal feep imacing
e Aim for: 1-2 paragraphs, specifying main goal of effort, software processing effort,

and imaging hardware analysis component of project

e Discussion: (a) data source(s), (b) expected simulations, (c) expected CNN or deep
learning algorithm architecture, (d) planned quantitative analysis of imaging
hardware/physical layer component (comparison, plot, metrics you will use, etc).

e Project proposal due date: Friday March 6, revisions after if needed

 Submit proposal on Canvas

* Final project will be presented in person
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deep imaging
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Better optimization algorithms But we really care about error on new
help reduce training loss data - how to reduce the gap?
What you can do to help out training error: What you can do to help out training error:
- Optimizer choice - More regularization!
- Optimizer step size - Dropout

- Data normalization
- Data augmentation
- Afew other tricks..



Trick #1: Early stopping

Loss

lteration

Accuracy

Train
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deep imaging

Stop training here

lteration

Stop training the model when accuracy on the validation set decreases
Or train for a long time, but always keep track of the model snapshot that worked best on val

Slide from http://cs231n.stanford.edu/



http://cs231n.stanford.edu/

Trick #2: Use Model Ensembles Geep imading

1. Train multiple independent models
2. At test time average their results

(Take average of predicted probability distributions, then choose argmax)

Enjoy 2% extra performance

Related concept/term: majority voting

E.g., look at same dog image from test data 9X, each w/ uniquely trained model
» Get (let’s say) [6, 3] for output classification

 soguess [1,0] =it's adog

« Will do better than running model once!

Related technique: Test Time Augmentation
Also relevant: Dropout-type methods
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Trick #3: Transfer learning deep imaging
Donahue et al, “DeCAF: A Deep Convolutional Activation
: : Razavian ot a1, CNN Featres Offthe-Shelf An
T ra n Sfe r Lea rn I n g WI th C N N S ggt&unding BE;seIine for Recognition”, CVPR. Workshops
1. Train on Imagenet 2. Small Dataset (C classes) 3. Bigger dataset
FCC
FC-4096 ___FC-4096 Reinitialize Train these
FC-4096 FC-4096

this and train

MaxPool MaxPool MaxPool \
Conv-512 L With bigger
Conv-512 Conv-512 dataset trai n
MaxPool MaxPool MaxPool more | a,ye rs
Conv-512 Conv-512
Conv-512 Conv-512
MaxPool MaxPool > Freeze th ese MaxPool

Conv-256 > Freeze these

MaxPool

Conv-128 Lower learning rate
Conv-128 when finetuning;
MaxPool 1/10 of original LR
Conv-64 is good starting
point

MaxPool MaxPool

MaxPool
Conv-64
Conv-64

MaxPool
Conv-64

—

—

Slide from http://cs231n.stanford.edu/
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ging
Transfer learning with CNNs is pervasive...
(it's the norm, not an exception)
Object Detection :
(Fast R-CNN)  — CNN pretrained | ¢ captioning: CNN + RNN
¢ 7 on ImageNet
casiter | o [Linear] roresons “straw” “hat” END
External proposal ———/ giigy
algorithm :
e.g. selective search
ConvNet
(applied to entire
START “straw” “hat”
Karpathy and Fei-Fei, “Deep Visual-Semantic Alignments for
Girshick, “Fast R-CNN”, ICCV 2015 G_enerating Image Descriptions”, CVPR 2015 _
Figure copyright Ross Girshick, 2015. Reproduced with permission. Figure copyright IEEE, 2015. Reproduced for educational purposes.

Slide from http://cs231n.stanford.edu/
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deep imaging

How to examine and present your results: a few options at different stages

Options to examine your test data after processing:
 ROC curve, Precision-Recall

« Confusion matrix

 Sliding window visualization
« Layer visualizations

« Saliency maps etc.

 tSNE visualization



Estimated label

ROC curve and confusion matrix f(x, W) desp imaging
+1 -1 Missed an event
« Can set threshold for f(x,W) Actual label +1 | True positive [False negative
wherever

y \
» Leads to sliding window between -1 {Iseposity True negative

FN and FP rate

_ o Predict event when
* Need to summarize both statistics there isn’t one

as a function of sliding window



ROC curve and confusion matrix

TP Rate =

Sensitivity = TP / (TP + FN) = TP / Actual positives Actual label

y

False Positive Rate = FP / (TN + FP) = FP/ Actual negatives

+1

-1

Estimated label &830

O

f(x, W) JL

+1

deep imaging

-1 Missed an event

True positive @@

True negative

e e _ : Predict event when
Specificity = TN / (TN + FP) = TN / Actual negatives there isn’t one

= 1 — False Positive Rate



ROC curve and confusion matrix

TP Rate =

Sensitivity = TP / (TP + FN) = TP / Actual positives Actual label

y

False Positive Rate = FP / (TN + FP) = FP/ Actual negatives

+1

-1

Estimated label %ggo

O

f(x, W) JL

+1

deep imaging

-1 Missed an event

True positive @@

True negative

e e _ : Predict event when
Specificity = TN / (TN + FP) = TN / Actual negatives there isn’t one

= 1 — False Positive Rate

Receiver-Operator Curve

-~ Guessing

True
Positive
rate

[
>

O False Positiverate 1




Estimated label

ROC curve and confusion matrix f(x, W) e
eep imaging
+1 -1 Missed an event

TP Rate =
Sensitivity = TP / (TP + FN) = TP / Actual positives Actual label +1 | True positive @1@
y

-1 |(False p@ True negative
False Positive Rate = FP / (TN + FP) = FP/ Actual negatives o

e e _ : Predict event when
Specificity = TN / (TN + FP) = TN / Actual negatives there isn’t one

= 1 — False Positive Rate

Receiver-Operator Curve

11 Guessing
True Area under the curve (AUC): Integral of ROC curve
Positive
rate

O >

O False Positiverate 1



Estimated label

ROC curve and confusion matrix f(x, W) e
eep imaging
+1 -1 Missed an event

Recall = - |
— True positive |False negative
Sensitivity = TP / (TP + FN) = TP / Actual positives Actua)l/label +1 <>

-1 @p@ True negative

Predict event when
there isn’t one T

Precision = TP/ (TP + FP) = TP / Estimated positives

« Sometimes, you don'’t care about true negatives
(just want to find events)

* |n this case, use Precision and Recall



Estimated label ﬁ%éig
ROC curve and confusion matrix f(x, W) —'

deep imaging

+1 -1 Missed an event

Recall = - |
— True positive |False negative
Sensitivity = TP / (TP + FN) = TP / Actual positives Actua)l/label +1 <>

-1 {Bep@ True negative

Predict event when
there isn’t one T

Precision-Recall curve Precision = TP / (TP + FP) = TP / Estimated positives

Precision F1 Metric: (1/precision + 1/recall)




ROC curve and confusion matrix

Just 2 categories

Estimated label
f(x, W)
+1 -1

+1 | True positive (False negative

-1 @p@ True negative

Confusion Matrix: 2+ categories

Actual ¢

Statel (Actual)

State2 (Actual)

State3 (Actual)

Stated (Actual)

Statel
(Predicted)

State2
(Predicted)

Estimated label

State3
(Predicted)

f(x, W)

Stated
(Predicted)

State5
(Predicted)

Stateb
(Predicted)

0.00 %

0.00 %

734 %

0.00 %

State7
(Predicted)

0.00 %

0.00 %

0.00 %

0.00 %

%%,
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deep imaging

State8
(Predicted)

0.00 %

0.00 %

0.00 %



IR P-o)
Other performance metrics —»%

deep imaging

» Overlap between segmented areas: Jaccard similarity coefficient
» (also called Intersection over Union, loU)

J=|R1 NR2|/|R1UR2| .
2 X
» Dice Coefficient (F1 score): 2 x (total area of overlap) / total number of pixels in both

images ‘ ‘
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Other performance metrics —»%%

deep imaging

Overlap between segmented areas: Jaccard similarity coefficient
» (also called Intersection over Union, loU)

J=|R1 NR2|/|R1UR2

» Dice Coefficient (F1 score): 2 x (total area of overlap) / total number of pixels in both
images

« MSE, PSNR

(2papy + c1)(204y + c2)
(12 + py + e1)(0% + 0y + c2)

SSIM(z,y) =
» Structural Similarity (SSIM)

with:
 u, the average of z;
* u, the average of y;
e o2 the variance of z;
* o2 the variance of y;
e o,y the covariance of z and y;
e c;=(k1L)?, ca=(koL)? two variables to stabilize the division with weak denominator;
« L the dynamic range of the pixel-values (typically this is 2#bits per pizel _7);
e k1=0.01 and k»=0.03 by default.



deep imaging

Examples of CNN’s for biomedical image analysis



Convolutional neural
networks for automated
annotation of cellular
cryo-electron tomograms

Muyuan Chen!2, Wei Dai?4, Stella Y Sun?,
Darius Jonasch?, Cynthia Y He3, Michael F Schmid?,
Wah Chiu? & Steven ] Ludtke2®

b Positive examples  Negative examples

2D patches
from
tomogram

Corresponding
manual
annotation

Neural
network
output

4

Compare

E—

>0

E—

deep imaging

i

Trained
neural
network

Input

Train

Neural

network
N
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P. Eulenberg et al., “Reconstructing cell cycle and disease progression using deep learning” %ﬁo

deep imaging

Global Average TSNE,— - '3

CNN Feed Forward Pooling

e Visualization

Light sources X {brighld] |nput

PR

- . = - - -
Brightfield Darkfield — P;ouhase CI 'a Ss Ifl Catl O n
Imagge . Image [ Motanhaca  a
s

Detektor
[darkfield)

~— Ananhase

- \ [= a5e
Feature Extraction Softmax =~ o S
G1/S/G2 Pro Meta Ana Telo b | 1.0
. G1/5S/G2 87 7 0
;';. Pro| 226 M 0o o0
T Meta 26 34 8 0o o
3 0.4

0.2
Telo| 1 0 0 0

MPM2 G1/S/G2 Pro Meta Ana Telo 0.0
prediction



Initial Image Contrast Enhancement Human Labeled ROls ROI Centroids

Automatic Neuron Detection in Calcium Imaging
Data Using Convolutional Networks V1 Dataset

Noah J. Apthorpe'*  Alexander J. Riordan®>* Rob E. Aguilar!  Jan Homann?
Yi Gu® David W. Tank®> H. Sebastian Seung'?
!Computer Science Department  2Princeton Neuroscience Institute
Princeton University

MEC Dataset

0.95
0.9 N —_—
0.85 —_ . ' 0
o o8 : —_
3075 - '
w —r
— o7 .
(1
0.65 : .
[ ]
06 i —_r
0.55 . o
0.5
2D (2+1)D 2D (2+1)D Human
Original Original Relabeled Relabeled Original to . Human (2+1)D network . Added by human relabeling

Labels Labels Relabeled .
Human & (2+1)D network overlay . Removed by human relabeling
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Dermatologist-level classification of skin cancer
with deep neural networks

Andre Esteva'*, Brett Kuprel'*, Roberto A. Novoa??, Justin Ko?, Susan M. Swetter®*, Helen M. Blau® & Sebastian Thrun®

Skin lesion image Deep convolutional neural network (Inception v3) Training classes (757) Inference classes (varies by task)

/@ Acral-lentiginous melanoma ) ) )
/@ Amelanotic melanoma >€B ® 92% malignant melanocytic lesion

AN /@ Lentigo melanoma

\ &)\ ) A Blue nevus ] ) .

o/ \'@® Halo nevus %BO 8% benign melanocytic lesion

= Convolution

= AvgPool
MaxPool

= Concat

= Dropout .

= Fully connected .

= Softmax a. Malignant Melanocytic Lesion d. Benign Melanocytic Lesion

a Carcinoma: 135 images Melanoma: 130 images Melanoma: 111 dermoscopy images
. . 1 .

e
—

ion

Specificity
Specificity
Specificity

== Algorithm: AUC = 0.91
® Dermatologists (21)
¢ Average dermatologist

== Algorithm: AUC = 0.96
® Dermatologists (25)
¢ Average dermatologist

== Algorithm: AUC = 0.94
e Dermatologists (22)
¢ Average dermatologist

Sensitivity Sensitivity Sensitivity



Prospective identification
of hematopoietic lineage
choice by deep learning

Felix Buggenthin®$, Florian Buettner!-2°,

Philipp S Hoppe**, Max Endele?, Manuel Kroiss!,
Michael Strasser!, Michael Schwarzfischer!,

Dirk Loeffler3>4, Konstantinos D Kokkaliaris>4,
Oliver Hilsenbeck®#, Timm Schroeder34,

Fabian J Theis!-> & Carsten Marr!

d

Granulocytic/
Hematopoietic —p. monocytic
stem cell bigh lineage (GM)
PU.1
GATA1™
CD16/32"
pU.1Md Megakaryocytic/
GATA1™ —> erythroid
CD16/32” lineage (MegE)
low
Lineage decision PUA N
GATA1
CD16/32”
b Latent Annotated

°°1“’3IIIIIIIII

Tlme (generatlon befere/aﬂer marker onset]

. —E +2
mwg- 3 :
N
» = 2f / /F/ /
33 1 a-.w-"J "'J
8%
0 10 20 70 80 90 100 110
Tlme (h aﬂer experlment start)
c ————— Latent Annotated

p— ,.._ - _.‘:

Tme (generatlon before or after marker onset
-5 4 -3 -2 -1 0

%
%
z
L

Cell size
(x102 |.tm2)

0 i0 20 30 40 50 60 70 80 90
Time (h after experiment start)

- Patch
Single .
image patch Displacement features
27 x 27 px
=)\ L
5x5 2x2 4x4 2x2 3x3 2x2
Convolution Max Convolution  Max Convolution Max
pooling pooling pooling
€ Pateh Hidden
Cell features |
ayer
patches -——— —_— —_—
Jt—-1 |
Cell I © Cell
| = lineage t o =) lineage
| score 1 | score
(P I
| —r
0.1 Latent — Annotated —
Expem . . N . 1 A ‘
n'ent n'ent 09 L : e o ° x 4
A +
F{eund 0.8+ * ° -
o 8 * *
Training Test 2 0.7} ° 1
2 L 1L 1L 1 0.6 o o Round 1
Training Test  Training adl a + Round 2 | |
3 L 1 L 1 05 | a R d3 |
Test Training oun
T T T —
-5 4 -3 -2 - 0 1 2
Time (generation before or after
marker identification)
h Latent | ; Annotated
1
Q 0.8 - o] 08 ::‘:/—f? -e- Round 1
3 i’ —+ Round 2
06 06 - Round 3
04 0.4
0 50 100 0 50 100

Fraction of cell cycle (%) Fraction of cell cycle (%)



Beyond statistics, how can we visualize performance for classification?

Training dataset

Machine Learning and Imaging — Roa-rIzé Horstmeyer (2026)

Trained CNN

k=

deep imaging



Beyond statistics, how can we visualize performance for classification? ][%?g

deep imaging

Training dataset

.| Trained CNN

[
»

—— Use sliding window!

Machine Learning and Imaging — Roa?l?é Horstmeyer (2026)
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deep imaging

S . . . . N o
Beyond statistics, how can we visualize performance for classification? %20

.| Trained CNN -

—— Use sliding window!
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How can we visualize what’s in the network? e

deep imaging

This image is CCO public domain

192 192 128

Class Scores:
1000 numbers

dense

192 192 128 Max

Max 128 Max pooling
pooling pooling

Input Image:
3 X 224 x 224

What are the intermediate features looking for?

Stanford CS231n: http://cs231n.stanford.edu/
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deep imaging

First Layer: Visualize Filters T
=l
LR TTY TIEEE g

Ia=-5ER 2 e 1s : 14

pooling

128 Ma

192

N 192

ResNet-18: ResNet-101: DenseNet-121:
GAXIXTXT 64X 3XxTxT BAXIXTXT

I \
i
192
EEE'Z? 13 \
—=—)|| i
192

AlexNet:
4x3x11x11

0\

Krizhevsky, “One weird trick for parallelizing convolutional neural networks”, arXiv 2014
He et al, “Deep Residual Learning for Image Recognition”, CVPR 2016
Huang et al, “Densely Connected Convolutional Networks”, CVPR 2017

Stanford CS231n: http://cs231n.stanford.edu/
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Visualize the
filters/kernels
(raw weights)

We can visualize
filters at higher
layers, but not
that interesting

(these are taken
from ConvNetJS
CIFAR-10
demo)

2

~A~animaging

Weights: :
BEROENES AN IEREDS layer 1 weights
Weights: 16 X3X7Xx7

(CEEFETTL PP UFERERTACET TP SR F LI SR P TLTS T

CLELRTE R EPTREEEETETERTR R LT TS LT
EE)(EMSIRRARYCAENR IK)(SEDESLAMBLEE NS R ) AANAY

DT PETESTETEEET BT FEEE L CFLE LT EET I

OO ) O 0 O 0 ) 520 o 1 T ) (M A -
I-IIInun.:-:u)(--llllmglllunlul)(lnl:ll-Zu- layer 2 weights
EEMMEN)(MEEEUSNAFSRSPAGR)(SNInTOIORAROPEEE)E 00 16X 7 X 7
RSN FNIA N ) (SRR

INEEEENN)

Weights:

(RN RS ENS ) (A 2NN RN NG ES N A ANE

WCEL T UL DL TEL DL RN EEE TR BT ST R T L

CNCETT T LT RSO ERE T TR PEPFET ST T LT

CVLE FECEET PR TUEL TRCET L P P B R ST .
EEF)(FINECRFREEASeNENE RN ) e anasnenanupeng [AYEr 3 Weights
CECEY LT TR E P R CRLE P T P
PECON)(ENRREUPELCENERENELRS)(ennseaanenaenm 20X 20X 7 X7
LT E PIEETFVEL T EC TR T R ENGE LEEEE RT S

0 20 0 ) O P Y ) B D

CLLLEL L) EETUEE TS T LEPEE PR TSR T T L T

HESTEEENE)

Stanford CS231n: http://cs231n.stanford.edu/
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Last Layer

4096-dimensional feature vector for an image
(layer immediately before the classifier)

Run the network on many images, collect the
feature vectors

e l .
FC7 layer ———

128

Stanford CS231n: http://cs231n.stanford.edu/
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deep imaging

Last Layer

— -
/0“ ense
)
3

L‘:e
2

FC7 layer

Nearest Neighbory E=T :
Testimage L2 Nearest neighbors in feature space B i
Recall: Nearest neighbors L i
in pixel space = :_
A~ HNREE (]{g
(9> P Aty
E-EREEE T
FEYE LK & s

27

»
.

Krizhevsky et al, “ImageNet Classification with Deep Convolutional Neural Networks”, NIPS 2012.
Figures reproduced with permission.

Stanford CS231n: http://cs231n.stanford.edu/
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|ES
Which pixels matter: o
Saliency vs Occlusion

Mask part of the image before feeding to CNN,
check how much predicted probabilities change

P(elephant) = 0.95

P(elephant) = 0.75

Zeiler and Fergus, “Visualizing and Understanding Convolutional e "ﬁfﬁj’
Networks”, ECCV 2014 Seae A

Stanford CS231n: http://cs231n.stanford.edu/
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n P-o)
Which pixels matter: | %O
Saliency vs Occlusion *

Mask part of the image before feeding to CNN,
check how much predicted probabilities change

73 Joas \dense
\ 13
13 ense iensel 1
128 Max L
pooling 2998 048

g \dense

U

0.7
s . . I 0.6
| ; 0.5
| ' | ] " :
| .
- = 0.4
Boat image is CCO public domain ‘
Zeiler and Fergus, “Visualizing and Understanding Convolutional (Ueii"am image is tbg public domain . .
- S0o-Karts image is_CCO public domair
Networks ! ECCV 2014 O s image 1s_L\ public gomain ‘ E -

Stanford CS231n: http://cs231n.stanford.edu/
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deep imaging

True Label: Pomeranian |

po— - oA~

Stanford CS231n: http://cs231n.stanford.edu/



http://cs231n.stanford.edu/

L=

Which pixels matter: Saliency via Backprop

Forward pass: Compute probabilities

>

57 Firs: Thag \dense
. : 2 D 0
P ....13 dense | [|densel g
8

128 Max
pooling

L] L
204 204

Max
pooling

Simonyan, Vedaldi, and Zisserman, “Deep Inside Convolutional Networks: Visualising Image Classification Models
and Saliency Maps”, ICLR Workshop 2014.
Figures copyright Karen Simonyan, Andrea Vedaldi, and Andrew Zisserman, 2014; reproduced with permission.

Stanford CS231n: http://cs231n.stanford.edu/
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Which pixels matter: Saliency via Backprop

Forward pass: Compute probabilities

Compute gradient of (unnormalized) class
score with respect to image pixels, take
absolute value and max over RGB channels

Simonyan, Vedaldi, and Zisserman, “Deep Inside Convolutional Networks: Visualising Image Classification Models
and Saliency Maps”, ICLR Workshop 2014.
Figures copyright Karen Simonyan, Andrea Vedaldi, and Andrew Zisserman, 2014; reproduced with permission.

Stanford CS231n: http://cs231n.stanford.edu/
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Saliency Maps

Simonyan, Vedaldi, and Zisserman, “Deep Inside Convolutional Networks: Visualising Image Classification Models
and Saliency Maps”, ICLR Workshop 2014.

Figures copyright Karen Simonyan, Andrea Vedaldi, and Andrew Zisserman, 2014; reproduced with permission.

Stanford CS231n: http://cs231n.stanford.edu/
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Saliency Maps: Segmentation without supervision ="

Use GrabCut on
saliency map

Simonyan, Vedaldi, and Zisserman, “Deep Inside Convolutional Networks: Visualising Image Classification Models
and Saliency Maps”, ICLR Workshop 2014.

Figures copyright Karen Simonyan, Andrea Vedaldi, and Andrew Zisserman, 2014; reproduced with permission.
Rother et al. “Grabcut: Interactive forearound extraction usina iterated araoh cuts”. ACM TOG 2004

Stanford CS231n: http://cs231n.stanford.edu/
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Intermediate Features via (guided) backprop

Luw |

192 128

Pick a single intermediate neuron, e.g. one
value in 128 x 13 x 13 conv5 feature map

Compute gradient of neuron value with respect
to image pixels

Zeiler and Fergus, “Visualizing and Understanding Convolutional Networks”, ECCV 2014
Springenberg et al, “Striving for Simplicity: The All Convolutional Net”, ICLR Workshop 2015

Stanford CS231n: http://cs231n.stanford.edu/
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Intermediate features via (guided) backprop

Maximally activating patches Guided Backprop
(Each row is a different neuron)

Zeiler and Fergus, “Visualizing and Understanding Convolutional Networks”, ECCV 2014
Springenberg et al, “Striving for Simplicity: The All Convolutional Net”, ICLR Workshop 2015
Figure copyright Jost Tobias Springenberg, Alexey Dosovitskiy, Thomas Brox, Martin Riedmiller, 2015; reproduced with permission.

Stanford CS231n: http://cs231n.stanford.edu/
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Last Layer: Dimensionality Reduction

i
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feature vectors by reducing
dimensionality of vectors from o i
4096 to 2 dimensions YRR - G i
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- Principle Component
Analysis (PCA)

Max
pooling

Strid
of 4

- More Complex: t-SNE

Van der Maaten and Hinton, “Visualizing Data using t-SNE”, JMLR 2008
Figure copyright Laurens van der Maaten and Geoff Hinton, 2008. Reproduced with permission.

224
\
11

22&\

Stanford CS231n: http://cs231n.stanford.edu/
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Dimensionality reduction is connected to “unsupervised learning”

Definition of Unsupervised Learning:
Learning useful structure without labeled classes, optimization criterion,

feedback signal, or any other information beyond the raw data

Supervised learning Unsupervised learning

\ x
X X
] 4
)
)

|.:':.7.'rﬂ7:l::r:,r
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Elsgdars

Pixel value 1
Pixel value 1

Pixel value 2 Pixel value 2

deep imaging



Unsupervised learning in a nutshull

deep imaging

Mathematical tools for finding patterns in data:
« Eigenvector decomposition

* Principal component analysis

« Singular value decomposition

Dataset 1 Dataset 2 Dataset 3 Dataset 4
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https://stats.stackexchange.com/questions/183236/wh
at-is-the-relation-between-k-means-clustering-and-pca



Unsupervised learning in a nutshull

deep imaging

Mathematical tools for finding patterns in data:
« Eigenvector decomposition

* Principal component analysis

« Singular value decomposition

Dataset 1 Dataset 2 Dataset 3 Dataset 4
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at-is-the-relation-between-k-means-clustering-and-pca




K-Means Clustering

* Given k, the k-means algorithm works as follows:

1.

Choose k (random) data points (seeds) to be the initial
centroids, cluster centers

Assign each data point to the closest centroid

Re-compute the centroids using the current cluster
memberships

If a convergence criterion is not met, repeat steps 2 and 3

Randomly initialize seeds

Mo,
50

deep imaging

—p



K-Means Clustering

* Given k, the k-means algorithm works as follows:

1.

Choose k (random) data points (seeds) to be the initial
centroids, cluster centers

Assign each data point to the closest centroid

Re-compute the centroids using the current cluster
memberships

If a convergence criterion is not met, repeat steps 2 and 3
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deep imaging

Determine cluster membership for each
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K-Means Clustering

* Given k, the k-means algorithm works as follows:

1.

Choose k (random) data points (seeds) to be the initial
centroids, cluster centers

Assign each data point to the closest centroid

Re-compute the centroids using the current cluster
memberships

If a convergence criterion is not met, repeat steps 2 and 3
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deep imaging

Compute and update new cluster center




K-Means Clustering

* Given k, the k-means algorithm works as follows:

1.

Choose k (random) data points (seeds) to be the initial
centroids, cluster centers

Assign each data point to the closest centroid

Re-compute the centroids using the current cluster
memberships

If a convergence criterion is not met, repeat steps 2 and 3
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deep imaging
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TSNE for data visualization

deep imaging

« Reduce data dimensions to enable visualization in 2D or 3D
« nD->2D or 3D
« Preserve local structure of data to highlight groups
* Unsupervised — clusters unlabeled data



TSNE for data visualization

deep imaging

« Reduce data dimensions to enable visualization in 2D or 3D
« nD->2D or 3D
« Preserve local structure of data to highlight groups
* Unsupervised — clusters unlabeled data

Applied to MNIST digits

e x + @ .
©OoOo~NOOOsWN-=2O0
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TSNE for data visualization -

deep imaging

« Reduce data dimensions to enable visualization in 2D or 3D
« nD->2D or 3D
« Preserve local structure of data to highlight groups
* Unsupervised — clusters unlabeled data

Applied to MNIST digits

Applied to movies of zebrafish behavior

F H
Expanding spot Spontanaous Spontaneous
¢« 0 .al varying -Jllv—‘.-c!.-am @ swimming light L swimming dark
1 &S
2 s s,
3 & . R
4 ) # ® '?;.) A
o e 1922
E E AR
> (=] a ) 225
* 6 ¢ &R
+ 7 L | O
=~ 8 o 3 o
e 9 Dim 1 -
Dim 2 Dim 2
! Behavi Sequence types :
ehaviors @ Forward OMR o Ypes @ Fast swimming
e '. " 5
{0 ¢ ‘l’q @ Directional OMR = d”'ﬁ @ Small angle turning
© Prey capture @ @ Large angle tumning
P o i i
s » ,1;‘3' J @ Phototaxis .‘ tﬁ;ﬂ‘ - b
fg A Sl /o ‘pc\\,? @ Spont swimming ';:: T . '. 4,.:,,\* b B @ Phototaxis
5 ed® " Yo Ly — ; & 0:“ g o2 o @ Spont. dark swim
xpanding spo & o
6 K -’ D . ¥ - @ Spont. light swim
2% . : ] o, .
%o Dim 1 ® Social context *" %% Dim 1 & S avciiines
@ Fast avoidance
Dim 2 Dim 2 @ Social avoidance




2

Aside about clustering data — why do we need deep learning at all? deep imaging

O oo~ b~ WwWN-=2O0O

Isn’t this good enough?

Stanford CS231n: http://cs231n.stanford.edu/
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deep imaging

Next step: let’s consider other automated tasks
besides image classification!



Training error

Ly, fOW00) = | H@
cross_entropy(y, f(W,x))

dL/dW

Dimensional analysis for classification:

Input x; ~R1000
Output y*: ~R?— R0

4 Ex. [x4,y4] E_X-_[XK’yK]\
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deep imaging

Training
Data



Training error

Lin(yl f(W,X)) —
cross_entropy(y, f(W,x))

Output
yr’)‘ Model /E_X-_[X1,Y1] E_X-_[XK,yK]\
. e \
(— | y* = (W, x) ke
Make y B B
bigger! | ~ T / \) \ /
dL/dW — . —

Dimensional analysis for classification:

Input x; ~R1000
Output y*: ~R?— R0

This class — let's make y* bigger!

- Object detection

- Segmentation

- Creating 3D volumes
- Better resolution

%%,
_>O/Q

deep imaging

Training
Data
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deep imaging

Other Computer Vision Tasks

Semantic Classification Object Instance Super-
Segmentation + Localization Detection Segmentation resolution

4x SRGAN (proposed) original

Figure 1: Super-resolved image (left) is almost indistin-
guishable from original (right). [4x upscaling]

G TREE, SKY I U .
No objects, just pixels Single Object Multiple Object i 0 i o
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