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Introduction

Introduction

Application Goal

P Detection (and vectorization) of small
objects (&) in satellite images <"

Challenges

@ Low visual information & saliency
P Small sized objects at 0.5 m/px
P> Partial occlusions, shadows, noise
P Visually diverse environments and objects
P> Variable object density

& Priors on interactions

Image from the DOTAldataset

Ve

1 Xia et al. 2018. ; .
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Introduction

Object detection: basics Set of objects y
Image X estimated ¥

estimated before inferrence

once for all images

using set of ground truth y &7
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Introduction

Proposed approach

Introducing CNN and EBM methods to Point Process

Point Process (PP) Configurations of points as random variables
v/ Models geometric and interaction priors /\
X Tedious manual tuning, application specific

1980 1990 2000 2010 2020
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Introduction

Proposed approach

Introducing CNN and EBM methods to Point Process

Point Process (PP) Configurations of points as random variables
v/ Models geometric and interaction priors /\
X Tedious manual tuning, application specific
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@ Convolutional Neural Network (CNN) 5
+/ Powerful at learning texture and 8
extracting local information 5

x Learning interactions is costly 1980 1990 2000 2010 2020 g
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Introduction

Proposed approach

Introducing CNN and EBM methods to Point Process

Point Process (PP) Configurations of points as random variables
v/ Models geometric and interaction priors

)

X Tedious manual tuning, application specific ;f

1980 1990 2000 2010 2020 j=g

@ Convolutional Neural Network (CNN) 5
+/ Powerful at learning texture and fg
extracting local information // 5

x Learning interactions is costly 1980 1990 2000 2010 2020 g

@ Energy Based Model (EBM) ]
/ Captures dependencies in scalar energy / %_;
 Framework to train and sample generative models b

1980 1990 2000 2010 2020

Ve
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Introduction
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= Existing methods
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@ Energy Based Models

1. @ Energy Based Models
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@ Energy Based Models

Energy Based Models

Encoding dependencies as scalar energies >

P X: observation, y: to be predicted, U(y, X) € R: compatibility

P Most compatible output: y* = arg minyey Uly,X)

P> Usage from prediction, ranking, detection to generative models

8- ) Mabon —20/12/23 2 LeCun et al. 2006. lrrezca —~



@ Energy Based Models

Energy Based Models

Encoding dependencies as scalar energies >

P X: observation, y: to be predicted, U(y, X) € R: compatibility
P Most compatible output: y* = arg minyey Uly,X)

P> Usage from prediction, ranking, detection to generative models

Energy based training

24 W s
> : training <.
o] : — X
s 0\t = I
g 5 :
y(;/ y yb’/ y
2 LeCun et al. 2006. &ZW
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2.

Point Process for object detection

Point Process for object detection

What is a Point Process 7
Application to object detection
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Point Process for object detection/What is a Point Process ?

Point Process: definition Configuration {y =y, 4", v’}

Marked point process i

» Configuration of points y = {y!,...,y"}
> yelU {{y -y} ye S x M}

9
P S image space, M mark space

P y : realization of a random variable in ¥ >
SRERTE
Yy :( 12 105 : )
2 — R+ y?:(, 15 2 :: 1 1)
>5C[Ry M_R 1/”('\3 3/':05:)
> v =y, R

P
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Point Process for object detection/What is a Point Process ?

Point Process: definition Configuration {y =y, %, '}

Marked point process i
» Configuration of points y = {y!,...,y"} ) B»’/:i
> yeU® {{y,...y"}, y € 8 x M} b A 1
=0 — = 1 \ Yo 1>
g, ui - e Y
P S image space, M mark space 1\ Tyt @
. . . . Ya ‘
P y : realization of a random variable in ¥ J >
vi
Oriented rectangles .= ", _"y_j_ \:’ Va _:';b___y_a_\:
y': (13 12,06 1.2 06 1)
2 — R+ + y2: (132, 07106 15 03))
> SCR SRR D y3: (1 2.4 2.4106 09 171)
P v = (Y)Y} Yar Y Ya) STt IR
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Point Process for object detection/What is a Point Process ?

Point Process: definition Configuration {y =", v, "}

Marked point process i

» Configuration of points y = {y!,...,y"} : B!/;

Yy
> yelU® {{v! .y}, ye S x M} "/' G,
y yl L r\}/aa Yy
In g7
P S image space, M mark space 1\ y' @

o L Yo
P v : realization of a random variable in ¥ g >
Y
Point process density (Gibbs) Cv _y_j_ \:/ Va Wb _y_a_\:
y': (13 12,06 1.2 06 1)
1 y>: (132 07,06 15 03;)
h(y) — EGXP(—U(}’)) y3 : ( .\2 4 2.4 1 06 09 1.7 K )
S M
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Point Process for object detection/What is a Point Process ?

Point Process: definition Configuration {y = ', 4%, v’}

Marked point process i

» Configuration of points y = {y!,...,y"} : B!/;

Yy
> yelU® {{v! .y}, ye S x M} "/' G,
y yl L r\}/aa Yy
In g7
P S image space, M mark space 1\ y'

y |
P v : realization of a random variable in ¥ : . >
vi
Point process density (Gibbs) Ly _y_g_ \:/ Yo Ub  Ua \:
1 (1 12 1.2 AW 1.2 0.6 )
1 ! Intractable normalizing 5 03,)
= — 9 1.7 1
hy) Zexp( Uly)) constant ¢ R fo-o__- ;)

l z=., exp(—U(y)>H<dY)/
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Point Process for object detection/What is a Point Process ?

Energy composition

Total energy: sum of per-point energies

Uly) =Y _V(y, N,

yey
— N 5 . .
s o0& B8 o Y o& %5 8o B0 90
%0070 %o’ foo ég o So o0 ° © 00008 o ©
®
&0 ‘50 w®o° 5° % L o © Ogoo o ooooo
(e} o) O
P o @ o © %o OOO ° ooo(gooc?(%
o O
R S P O] BaC %0
90 o o832 %O o o 06 o° ° oo 0o 0
o0 .08 © Q. © b °© e 0o ° %o % %0
0% ° o % @ o o © 0" Ly
o %% o %5 0 o o © oo 00 © O o
o P e o ° o , 0,.°
Uniform Gradient No overlap Gradient+no overlap
Valy) o< 1 Vi (y) oc y; Vely) o< Va(y) o< Vy +V,
max ]]'d(y,y/)<r Yy L

/ y
Yy EN
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Point Process for object detection/Application to object detection

Point process for object detection

Density & energy as function of the image X

Point process density (Gibbs)

h(y|X) o< exp(=U(y, X, 0))

Building the energy model

Given some annotated data (X, v“"), we want U with parameters  such that

v@! ~arg minU(y, X, 0)

yey
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Point Process for object detection/Application tofmmaion

Point process for object detection

Density & energy as function of the image X

Point process density (Gibbs)

h(y|X) oc exp(=U(y,

What a model needs:

B} Energy model

U:Y—>R

F3 Sampling procedure

~ arg min U (y, X, 0)

yey

E) Parameter estimation

0 = F(D)

-
Building the energy model

Given some annotated data (X, v“"), we want U with parameters  such that

12 — J. Mabon - 20/12/23

Yy

GT

! ~arg minU(y, X, 6)
yey




Point Process for object detection/Application to object detection

Classical energy model: prior

Z Vdata y, X + ‘/pmor( N?y})

yEy
Prior term
Q Q Or others:

OO D i
<@> ‘ | > Size

@ O CO > Dynamics
V>0 v, = TV, >0  V,<0 > ..

Overlapping Alignment

13 - J. Mabon - 20/12/23 &Z’Zéb/a



Point Process for object detection/Application to object detection

Classical energy model: data

U(Y? X) = Z Vdata (y’ X) + ‘/I”"im" (y’ N?y})

Yey

Data term

Vdata <0 Vdata >0

14 — J. Mabon - 20/12/23 &ZIW



Point Process for object detection/Application to object detection

Classical energy model: data

)= 3 s X Vo)

Yey

Data term

Data potential built from a contrast measure between
the interior ¢ and exterior o (e.g., T-test, KL, Image gra-
dient...):

Pixel value density

: : ! yz? Yo)
Vdata (y7 X)

Ve
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object Xnot-object

15 — J. Mabon — 20/12/23

Point Process for object detection/Application to object detection

Vobject

Contrast measures limitations
DOTA sample

Xnot-object

Average Precision (AP) on
object/not-object classification task:

Measure || AP synth. | AP DOTA
T-test? 0.99 0.20
Image gradient? 0.99 0.27
CNN 0.88 0.99

2 Lacoste et al. 2005.
b Kulikova et al. 2011.



Point Process for object detection/Application to object detection

Classical sampling procedure

ey U(y7 X'7 9) y

Reversible Jump MCMC 3
Us)

O Markov chain (y,),.,, stationary density:
U(-X,0
h(y) /T oc exp (—620)

t

m Local transforms: Wlthln yn P 1L
E3 Birth and Death: ¥, <> Y, 4 Y3 Yis oy

3G 1995. ~
16 — J. Mabon — 20/12/23 reen &ZW

Looking for ¥ ~ y* = arg miny




Point Process for object detection/Application to object detection

Classical sampling procedure

Looking for ¥ ~ y* = arg min__, U(y, X, 0)

yey y

Reversible Jump MCMC 3
Us)

O Markov chain (y,),.,, stationary density:
U(-X,0
h(y) /T oc exp (—620)

t

hiy)t/*
&2 Local transforms: within ¥, (b 1

E3 Birth and Death: Y, < I st y"
Perturbation @, Accepted (v//X) with proba:
QY —y) _AUy—y’) ..
Qy—y)) P Ty

Simulated annealing: 7, ; = 0.997; Q1 = ¥1) Qlyz > y3) Qly2 2 v3)
v X v

3G 1995. ~
16 — J. Mabon — 20/12/23 reen &ZW




Point Process for object detection/Application to object detection

Classical sampling procedure

Looking for ¥ ~ y* = arg min__, U(y, X, 0)

A I

- 3 4
Reversible Jump MCMC ! Long convergence for

O Markov chain (y,),.,, stationary density; Y < y+N0,0)

h(y) /T oc exp (— 20 o —
( T h(3}] A Inefficient y ~ U(8S x M)

Local f : withi
m( Scalptansionn s RNng ! Only one object at a time
H(Birth and Death: §, < Y, \
Perturbation @), Accepted (v//X) with proba:
QY —y) _AUy—y’)
Qly—y) &P ( T; ) @\J@\J@\/

Simulated annealing: 7, ; = 0.997; Q1 = ¥1) Qlyz > y3) Qly2 2 v3)
v X v

3G 1995. ~
16 — J. Mabon — 20/12/23 reen &ZW




Point Process for object detection/Application to object detection

Estimating weights w

U<y) = Z /wdatanata (y) + /wprlvprl (y) + prZVpTQ (y) + ..
yey

Estimation with Linear Programming *

» Negative samplesy ™ ~ Q= (y“" — )
e.g. Birth + Death + transforms
P Get constraints Uy ) > U(y(”’)

P Solve Linear Programming problem

4 Craciun et al. 2015.

17 — J. Mabon - 20/12/23 &Z’Zéb/-



Point Process for object detection/Application to object detection

Estimating weights w

\
! No estimation of internal

parameters (e.g. V (y,0))

Estimation with Linear Programming *

7

» Negative samples y~ Q- (y“" — )
e.g. Birth + Death + transforms I User-defined procedure
P Get constralnts(U ) > Uy influences the estimated w |

P Solve Linear Programmmg problem

N\

7

N\

! Over-constraining (esp.
on noisy GT)

4 Craciun et al. 2015. \

Ve
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Point Process for object detection/Application to object detection

Point Process for object detection: summary

Point Processes : modelling configurations of points

+/ Easy addition of object interaction priors

X Contrast measures fail in complex settings
X Sampling is inefficient or requires application specific heuristics

X Limited parameter estimation method

18 — J. Mabon - 20/12/23 &Z’Zéb/a
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@ CNN for object detection

3.@ CNN for object detection
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@ CNN for object detection

Unet®: simple and Fully Convolutional (FCN)

Object detection with CNN

P Convolution & pooling

output
|| segmentation

pattern matching & spatial aggregation

=conv 3x3, ReLU
copy and crop
{ max pool 2x2
4 up-conv 2x2
= conv 1x1

P Learning convolution filters with
gradient descent

N ¢ o
e e —

CenterNetS: using heatmaps to locate objects

image tensors result L T \\ a
T
T 1 1
X — CNN T—»@—»? ‘ HHHH
i coisi I N
0 ‘. L -'- processing \ I NS
I [N
VL(T, TCT) ) - —
keypoint heatmap [C]  local offset [2] object size [2]
2o ) Mabon— 20/1/23 5 Ronneberger et al. 2015. 7,
T Maben =20112/2 6 Zhou et al. 2019 Ceeia—



@ CNN for object detection

CNN for object detection: summary

CNN: efficient pattern extraction

 Efficient extraction of local image information
/' Transforms images/pixels into new representations
X Hardly models object interaction

X Modeling object interactions requires more complexity:
(e.g. Transformers — & parameters)

21 — J. Mabon - 20/12/23 &ZIW



® Proposed approach



Key contributions

Leveraging CNN and EBM methods into a Point Process framework

The PP framework allows for lightweight interaction models
@ Building data terms from simple CNN outputs.

@ Improved sampling based on CNN pre-computed energy maps and modern
computation tools.

@ Bridging the gap of parameters estimation by introducing EBM training
methods.

23 — J. Mabon - 20/12/23 &Z’Zéb/a
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@ Energy model

4. @ Energy model
Generic energy model

Data terms from a CNN
Priors as energies

Final energy model
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@ Energy model/Generic energy model

Generic Energy Model

offset @ weight | energy term

Generic Energy Model

Uly,X,0) =) ( + D fove (y,Xw{y},e)])

yeY e€f

Energy terms (e € &)

@ Data terms V,(y, X): Built from CNN output
@ Prior terms V,(y, N%’y}): Multiple simple energies combined with w

25 — J. Mabon - 20/12/23 &Z’Zéb/-



@ Energy model/Generic energy model

Generic Energy Model

offset energy term

Generic Energy Model

U(y,xe):z(

yey

wol+ Y JuelVe (9.X, VY. 6)

ecé

¢¢ Parameters 6:

T Weights: w,, {w,, e € £}
@ Data terms V,(y, X): Built from CNN output
@ Prior terms V. (y, N?’y}): Multiple simple energies combined with w

Energy terms (¢ € §)

25 — J. Mabon - 20/12/23 &Z’Z&ZQ’-



@ Energy model/Data terms from a CNN

Contrast measure on CNN output’

||||

Potentials from a CNN
X Tuning of the contrast measure
+ X Connected blobs (b)

o

(a) object centers (b) centers heatmap 2 Divergence on vector field®

Image —— Vector field ——* Energy map

i & (a) CNN © Div() (d)
- " o / High energy boundaries

A NN
IRy

|

AIENSNI SN N ———
l\\/’
AV

vector field (d) divergence

—
(el
~

26~ J. Mabon ~20/12/23 7 Mabon et al. 2021. Crzia—
8 Mabon et al. 2022a.



(a) object centers

SN
t

vector field

—
(el
~

SN S N S e

NN
IRy

|

N

@ Energy model/Data terms from a CNN

Potentials from a CNN

o /

Contrast measure on CNN output’

||||

X Tuning of the contrast measure

+ X Connected blobs (b)
+

(b) centers heatmap 2 Divergence on vector field®
| |

" Image —— Vector field ——* Energy map
AL () Div() (d)

/ High energy boundaries

(d) divergence Let’s assume we already have a trained

CNN -
26— J. Mabon ~20/12/23 7 Mabon et al. 2021. Crzia—
8 Mabon et al. 2022a.



@ Energy model/Data terms from a CNN

Pretrained CNN for position energy
Reinterpreting trained CNN outputs®

SEEEEEEESEEsEEEEEEEEEEE .

1 92
Model trained on GT center maps Y= {’yl, Uy, i: }

ﬂ
Oflgreeannns
=2

Sigmoid Y p(y;, y;1X)
Input image X ’Zpos Center probability map
(H,W,3) (H,W,1) (H,W,1)

27~ ). Mabon - 20/12/23 9 Mabon et al. 2023a. Crzia—



Input image X
(H,W,3)

4

Zpos

(H,W,1)

27— J. Mabon - 20/12/23 9 Mabon et al. 2023a.

@ Energy model/Data terms from a CNN

fpos(x) = ln(l + exp(—x + tpos))

Pretrained CNN for position energy
Reinterpreting trained CNN outputs®

Energy map V.
(H,W,1)

za—



@ Energy model/Data terms from a CNN

Pretrained CNN for position energy
Reinterpreting trained CNN outputs®

={yt,v%, % ...}
~ Vpos(y17 X)
«/ Fast energy computation V,ms( . X)
/' Single CNN inferrence per image
/ Raster — normalize & sample ‘[)()s(lj X)

! Only position term

w
Input image X 7

Energy map V.
(H,W,3) (H,W,1) (H,W,1)

pos

S 7
27 = J. Mabon - 20/12/23 9 Mabon et al. 2023a. &ZW



@ Energy model/Data terms from a CNN

Mark energy terms
Classifier for discrete mark values
p (¢ly; y;,X) = Softmax,(Z57)
exp <2i’j [c])
Mo NI, ——
>0, €xp (Z [c ]) vector Zi € Ria

1 4 6
Cc C(\ Cn Cao C Co C Ca

Here, for mark k = « DQOO |:| “%Q
28 —J. Mabon - 20/12/23 10 Grathwohl et al. 2019. &z'ua,-




@ Energy model/Data terms from a CNN

Mark energy terms

p (¢ly; y;,X) = Softmax,(Z57)
exp (Z'[c])

e exp (Za'[e])

Reformulating as energy 1°

N

Vi (9. X) = =2 [ (ya)] + In ) exp Za[(]

c=1

Here, for mark k = «

28 = J. Mabon - 20/12/23 10 Grathwohl et al. 2019.

Classifier for discrete mark values

vector Zy)’ €

R"a

(x B —x+In}: expx)

'

V., (y, X)

Ve
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@ Energy model/Data terms from a CNN

Marks energy term: energy tensor

Precomputing a mark energy tensor'! v

«
X energy tensor

image V\WA
A

~-@-C :

X —x+In}] expx >
v

Ny

20— J. Mabon - 20/12/23 11 Mabon et al. 2023a. &z'ua,-



@ Energy model/Data terms from a CNN

Marks energy term: energy tensor

Precomputing a mark energy tensor'! v
(63

X energy tensor

image V\WA
A

A 4

Vi, (y, X)

U Vs
@) el T,
— |
X —x+In}] expx o\l
< |
Yi /
n

S s E S S S E S SN S S ESEEEEEEEEE®
- N NN EEEEEES NN P

Computed once per image X

R N A ’d

7

29 — J. Mabon — 20/12/23 1 Mabon et al 2023a. 5



@ Energy model/Priors as energies

Priors on configurations

—
=
=04 =04 =
— I I ~— I I =
3 I I 8 I I ~ I
L | | 3 | | go |
>® | | < | | = | |
I S > I Ly < I e
; > ; > >

Vovrlp(ya ”)
()
Vrepls (y7 ’ll)

A 4

T
t ovrlp repls

overlap(y, u) d(y, u) d(y, u)

Verbr (y7 “)

30 - J. Mabon - 20/12/23 &Z’Z&Z?’-



@ Energy model/Priors as energies

Priors on configurations

étgéﬁ .

s¢ Parameters 0:
T Weights: w,, {w,, e € £}

T Position energy:

T Priors: fiyeq, t

ourlps ***

d(y, )

Vovrlp (ya ”’)

Verbr (

30 - J. Mabon - 20/12/23 &zu&,-



@ Energy model/Final energy model

Energy model

x L2

(H,W,3)

y={v" v}

31 - J. Mabon - 20/12/23
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@ Energy model/Final energy model

eNEEEEEEEEEEEESEEEEEEEEEEEESEESEEEEEEEEEEEEEEE
A%

»
pos

Energy:model
FCN (H,W)

R
X

(H,W,3)

P J V..
recomputed maps ,
P . Data Terms (W7,

y={v" v}

31 - J. Mabon - 20/12/23
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@ Energy model/Final energy model

¢N NN NN NN NSNS NN NN NN NN N EEEEEEEEEEEEEER
»

Energy:model

J

. Vpos [v;, le]
o

FCN

Uy, X)

x A 1i ]
(H,W,3) A ]
of - Yir Ui . (U)]
v = (n(y))
Precomputed maps ( > =
P P Data Terms (Z;W,7) c Y

y={v" v} .

e
31— J. Mabon — 20/12/23 (n(y),



Energy:model

FCN

(H,W,3)

Precomputed maps

y={v" v}

31 - J. Mabon - 20/12/23

@ Energy model/Final energy model

¢N NN NN NN NSNS NN NN NN NN N EEEEEEEEEEEEEER

Data Terms

K
(H,W,n,)

[dA)

B*@-’ Uly. X)




@ Energy model/Final energy model

Energy model: summary

Integrating CNN into the the energy model

Composition of simple priors into complex interaction models using energy
weights w.

@ Fast computation thanks to pre-computed energy maps.

@ Pre-computed raster energy maps ready to use for sampling.
@ Implemented as tensor computations (PyTorch, TensorFlow, JAX) :

@ Easy parallelization
@ Automatic differentiation

32 — J. Mabon - 20/12/23 &Z«’Zéb/a
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@® Sampling

5. @ Sampling
Moves based on data
Parallel sampling

ln
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® Sampling

Sampling the model

¥~ arg minU(y, X, 0)
yey

O_0_0_0_0_0 0

(Yo = ¥0) y1 =Yl Qly2 = vyy) Qlys = ys) Qlys —vyh)

Towards better perturbations @)

@ Sampling moves from energy maps (from the CNN)
@ Diffusion on the whole energy model thanks to automatic differentiation

PP is Markovian — can be processed in parallel

34 — J. Mabon - 20/12/23 &Z’Zéb/a



@ Sampling/Moves based on data

Image X

Using energy maps for birth densities

Truncated energy as birth map 12

P Approximating samples from p(uly,)

Energy map V
P Energy maps can be normalized and sampled from

12 Mabon et al. 2021.

35 — J. Mabon - 20/12/23 &Z’Zéb/a



@ Sampling/Moves based on data

Image X

Using energy maps for birth densities

Truncated energy as birth map 12

P Approximating samples from p(uly,) Energy map V.,
P Energy maps can be normalized and sampled from F

(@)
=
=

Sampling using the raster energy maps ! ol

5 8
P Sample u in 8 x M s
@ .
pl g 5 Birth map d(-)
U~ 7 eXp (_wposvpos [u]) 5 1
2 8
Actually sampled in discrete space S, x M, — u ~ d(u)
12 Mabon et al. 2021.
2a—
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@ Sampling/Moves based on data

Jump diffusion

Jump Diffusion 13

E3 Jump: Birth and Death moves, ¥,, <> ¥,,.1
&3 Diffusion / Langevin Dynamics, fixed ¥,

Diffusion on the point process'*

X
y y—”yw + dw+\/2T}, dw ~ N(0,7)

13 Grenander and Miller 1994.
14 Mabon et al. 2023a.
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@ Sampling/Moves based on data

Jump diffusion

Jump Diffusion 13

E3 Jump: Birth and Death moves, ¥,, <> ¥,,.1
&3 Diffusion / Langevin Dynamics, fixed ¥,

Diffusion on the poi [RIiI=¢:% gradientInoise_

13 Grenander and Miller 1994.
14 Mabon et al. 2023a.

y<y—
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@ Sampling/Moves based on data

Jump diffusion

Jump Diffusion 13

E3 Jump: Birth and Death moves, ¥,, <> ¥,,.1
&3 Diffusion / Langevin Dynamics, fixed ¥,

Diffusion on the point process'*

 Takes into account data and
interaction terms

' Automatic differentiation
no manual derivation

13 Grenander and Miller 1994.
14 Mabon et al. 2023a.
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® Sampling/Parallel sampling

Sampling in parallel

PP Markovianity allows parallelization

Two perturbations distant enough can be done in parallel

Parallelization of perturbations @ } P 0}[8'
’ e (62

P Space S split into sets of mutually

independent cells ° ¢ )
P We pick cells to simulate according to % / U:,/l )
birth map d(-) 1° I
P Parallelization is achieved as batched 50(’:: |
tensor computation!® -
37— J. Mabon — 20/12/23 15 Verdié and Lafarge 2012. &IZW

16 Mabon et al. 2023c.



® Sampling/Parallel sampling

Sampling: summary

Leveraging the proposed model for improved sampling

@ Precomputed energy maps allows for efficient moves in the Markov chain

@ Easy diffusion mechanisms enabled by modern automatic differentiation
engines

@ Implicit parallelization by defining the model as batched tensor operations
guided by the precomputed energy maps
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@ Parameters estimation

6. . Parameters estimation
Weights estimation with SVM
Parameters estimation with Contrastive Divergence

ln
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@ Parameters estimation

Parameters estimation: introduction

Looking for 0, ideally such that V(v“’,X) € D:

v ~arg minU(y, X, 0)

yey

Proposed methods

@ SVM based method for weights estimation

@ Contrastive Divergence for all parameters
estimation

40 - J. Mabon - 20/12/23

Energy weights
- Wy, {we’ €€ 5}
"Internal” parameters
B ¢,
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Uy, X,0) =Y w. Y V., v

eel Yyey

Maximizing the energy margin

» Positive samples y* ~ y“7 + N (0, 0)
low o, modeling uncertainty

P Negative samplesy ~ Q~(y“" — )
e.g. Birth + Death + transforms

41 - J. Mabon - 20/12/23

@ Parameters estimation/Weights estimation with SVM

Estimating weights with Support Vector Machine

A vy,
Yy ® .
Y2
y,a.
® Y3
é\l Y [ ]
>~ °
> °
A vi @
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° 7}’2
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@ Parameters estimation/Weights estimation with SVM

Estimating weights with Support Vector Machine

Uy, X,0) =Y w. Y V., WV,

eel Yyey

Maximizing the energy margin

» Positive samples y* ~ y“7 + N (0, 0)
low o, modeling uncertainty

P Negative samplesy ~ Q~(y“" — )
e.g. Birth + Death + transforms

P Minimize Hinge loss:
Compromise between max. margin and
good labeling
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@ Parameters estimation/Weights estimation with SVM

Estimating weights with Support Vector Machine

N
Uly,X,0) = 2 LR A a—— ! Only estimates w, ]
e€s €y \ pacer <
Maximizing the energy margin .S ! User-defined procedure
... v ! Influences resulting w
P Positive samples y' ~ y“7 + N (0, 0) . — g
low o, modeling uncertajnty g "oy
- Y Y5
P Negative samples y— {Q‘(y(” — ) ¥ .Iyg °
e.g. Birth + Death + trerrsforrms °® Y] >
P Minimize !—lmge loss: ' [ 7 Bllews erilias ]
Compromise between max. margin and

good labeling
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@ Parameters estimation/Parameters estimation with Contrastive Divergence

Estimating parameters with Contrastive Divergence

Maximizing likelihood

Estimate 6 that maximizes likelihood over the data 2D
Minimize : £,,,,(0,D) = —log(P(y](""', ,yf\’f"|X1, vy Xy 0))

7 Hinton 2002. 7
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@ Parameters estimation/Parameters estimation with Contrastive Divergence

Estimating parameters with Contrastive Divergence

Maximizing likelihood

Estimate 6 that maximizes likelihood over the data 2D
Minimize : £,,,,(0,D) = —log(P(y](”', ,yf\’i"’|X1, vy Xy 0))

Constrative Divergence !’(CD)

» Update 6, with V.£ using SGD'®
P Minimize loss £(0,,,y ",y ,X)=U(y",X,0,) —U(y ,X,0,)
P positive samples y* ~ vy + N (0, 0)

P negative samples y  ~ exp(—U(-,X,0,,))

7 Hinton 2002. 7
42 — ). Mabon — 20/12/23 18 Bottou 2012. &Z'Z‘b"



@ Parameters estimation/Parameters estimation with Contrastive Divergence

Contrastive Divergence procedure

Procedure

1. initialize 6,
2. For each element (X,v“") € D
(or minibatch)
2.1 Sample y" ~ yv“" + N(0,0)
2.2 Sample y~ ~exp(-U(-,X,6,,))
23 £L=U(y",X,0,)—Uy,X,06,)

U(Yv Xa 60)

3
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Contrastive Divergence procedure

Procedure

1. initialize 6,

2. For each element (X,v“") € D
(or minibatch)
2.1 Sample y" ~ y“ " + N (0,0)
2.2 Sample y~ ~exp(-U(-,X,6,,))
23 £L=U(y",X,0,)—Uly ,X,0,)
2.4 Update 0,, to 0, from V, £ with

Stochastic Gradient Descent

3. Repeat from 2 until convergence

43 — J. Mabon —20/12/23

@ Parameters estimation/Parameters estimation with Contrastive Divergence

U(Yv Xa 60)

A 4




@ Parameters estimation/Parameters estimation with Contrastive Divergence

Contrastive Divergence: summary

Linear programming '° Constrastive divergence %°

X Constraints U(y“") < U(y ) v Loss L=U(y")—U(y)

X y ~ Q_<y(;f — ) \/ y ~ exp(_U('7X70n))
user defined )~ using current 0,

X Estimates only energy term  Also estimates non-linear
weights parameters

/' Not limited to linear energy
combination

(e.g. U(y) = MLPy(vy))

19 Craciun et al. 2015.
20 Mabon et al. 2022a.
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7.

Applications

Applications
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Applications

Results on remote sensing datasets

Images subsampled to 50 cm/pixel

P Benchmarks:

P DOTA, (Xia et al. 2018) labeled with oriented rectangles, training dataset
P COWC, (Mundhenk et al. 2016) labeled with centers

P> Airbus aerial images (unlabeled) matching CO3D sensors (% 2025)

» CNN-PP*/CNN-PP*: manual/learned weights 0

trial and error/Contrastive Divergence
P CNN-LocalMax.: CNN model with local maximum

» BBA-Vec. (Yi et al. 2021), YOLOV5-0OBB (Yang and Yan 2022)
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Applications

Airbus data, difficult example
BBA-Vec. MPP-CNN (ours)
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Applications

Ground truth BBA-Vec. YOLOV5-OBB CNN-PP*

TEIEEFEEPPEREE
1 Pe{EF PECFEFE
AEEECED. oSELCURRIERERER
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Applications

Ground truth BBA-Vec. YOLOV5-OBB CNN-PP*

FeErrerer
et e
2L COCRECELEEEE
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Applications

Ground truth BBA-Vec. YOLOV5-OBB CNN-LocalMax. CNN-PP*

49 — J. Mabon - 20/12/23



DOTA : Metrics

Applications

Method AP AP, ..
BBA-Vec. 0.82 0.19
YOLOV5-OBB 0.86 0.10
CNN-LocalMax. | 0.86 0.55
CNN-PP* 0.91 0.58
CNN-PP* 0.92 0.62

precision

10

0.4

PR

recall

precision

0.4

PR (+noise)

recall

P For PP methods: Points iy € $ are scored using Papangelou conditional

intensity
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Conclusion et Perspectives

Conclusion

At the crossroad between @PP, @CNN & @EBM

The PP allows for explicit lightweight interaction model
@ Replacing contrast measures with CNN data terms
E3 Efficient detection of small objects with limited computational complexity
@ Allowing to improve sampling methods
E3 Birth map and parallelism guided by energy model & Diffusion dynamics
@ Bridging a gap in parameters estimation
E3 Estimating any differentiable parameter with CD

Lightweight model with performance comparable to SOTA
E3 Regularized configurations & Robustness to noise

7
51 — J. Mabon - 20/12/23 &Z«W



Conclusion et Perspectives

Perspectives

Applications and Methodology @ Road networks (interaction priors) ‘

® More applications—/— LI Objects tracking (dynamic priors)
% SAR data (input noise)

@ Faster sampling

@ Non-linear energy models E3 CD approach not tied to object
@ Decoupled training detection
o Learning patterns E3 Generative model: learning
{ interaction models from patterns )
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Conclusion et Perspectives

Publications (3 nat. / 3 intl. conf. | 1 jrn. to be submitted)

=L

J. Mabon et al., “Processus ponctuels et réseaux de neurones convolutifs pour la détection de
véhicules dans des images de télédétection,” in ORASIS 2021 - 18emes Journées Francophones
Des Jeunes Chercheurs En Vision Par Ordinateur, Saint Ferréol, France: CNRS, Sep. 2021

J. Mabon et al., “CNN-Based Energy Learning for MPP Object Detection in Satellite Images,”
in 2022 IEEE 32nd International Workshop on Machine Learning for Signal Processing (MLSP),
Aug. 2022, pp. 1-6

J. Mabon et al., “Point process and CNN for small object detection in satellite images,” in
SPIE, Image and Signal Processing for Remote Sensing XXVIII, Sep. 2022

J. Mabon et al., “Processus ponctuels marqués et réseaux de neurones convolutifs pour la
détection d’objets dans des images de télédétection,” in GRETSI 2022 - XXVIlleme Collogue
Francophone de Traitement du Signal et des Images, Nancy, France, Sep. 2022

J. Mabon et al., “Apprentissage contrastif de modeéles de processus ponctuels pour la détection
d'objets,” in GRETSI 2023 - XXIXéme Colloque Francophone de Traitement du Signal et des
Images, Grenoble, France, Aug. 2023

J. Mabon et al., “Learning point process models for vehicles detection using CNNs in satellite
images,” in 17th International Conference on Signal-Image Technology &Internet-Based
Systems (SITIS), Nov. 2023

J. Mabon et al., Learning Point Processes and Convolutional Neural Networks for object
detection in satellite images, to be submitted to |IEEE TGRS, Nov. 2023
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Conclusion et Perspectives

Other Activities
Seminars and presentations
Presentation at Inria PhD seminars, October 2021.
Presentation at journées du RT Geosto-MIA, Rouen, September 2022.
Presentation to the Airbus Defense and Space teams, Toulouse,
September 2022.
Presentation to the CNES data Campus team visiting Centre Inria
d'Université Cote d'Azur, September 2022.
Other activities
@ Update and maintenance of the Ayana Team website (2020-2023).
@ Helping in editing the yearly Ayana team activity report (2020-2023).
& Organizing member (2021-2022) and secretary (2022-2023) of the
Association Doctorale du campus STIC (ADSTIC).

Ve
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