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II- PHYSICAL THEORY

VOLTERRA’S EQUATION OF THE FIRST KIND

Alx) = f xd(x')dx’
0

A(x) — Absorbance

d(x") - Extinction density



II- PHYSICAL THEORY

SIMULATED DATAS
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II- PHYSICAL THEORY

SIMULATED DATAS
STAR REPARTITION

Sky map
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II- PHYSICAL THEORY

GOALS

START FROM INTEGRAL TO DENSITY

True Extinction (mag) ) Cloud map
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II- PHYSICAL THEORY

THREE WAYS TO ACHIEVE THIS

GOALS
PROS
- ANALYTICALLY : - PRECISION
- UNDERSTANDING
- NUMERICALLY : - TUNNABLE PRECISION
- FLEXIBILITY

- NEURAL NETWORK : - ADAPTABILITY
- SPEED

CONS

- CAN BE DIFFICULT OR IMPOSSIBLE TO FIND
- CAN BE VERY SPECIFIC

- LACK OF PRECISION
- SIZE SENSITVE

- NO EXTRAPOLATION

- ONE DATASET = ONE NETWORK



[1I- NEURAL NETWORK

INPUT

HIDDEN LAYER

WEIGHTS WEIGHTS



[1I- NEURAL NETWORK

INPUT

HIDDEN LAYER




[1I- NEURAL NETWORK

EPOCH STEP BY STEP

X1 - INPUT DATA




[1I- NEURAL NETWORK

EPOCH STEP BY STEP

wy1 (1)

(WHERE w;; IS THE WEIGHT THAT CONNECTS THE " INPUT OF THE j*" NEURON)



[II- NEURAL NETWORK
sig(t)

EPOCH STEP BY STEP - y
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ACTIVATION FUNCTION
n, = sig z w1 (t)x; + biasq(t)
i
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[1I- NEURAL NETWORK

EPOCH STEP BY STEP

w'y1(t)
R

(WHERE w';; IS THE WEIGHT THAT CONNECTS THE i*® OUTPUT OF THE j** NEURON)

e B



[1I- NEURAL NETWORK

EPOCH STEP BY STEP
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[1I- NEURAL NETWORK

EPOCH STEP BY STEP

FROM THE OUTPUT AND THE TARGET DATA,
WE CAN FIND THE LOSS FUNCTION

WEIGHTS UPDATING ACCORDING TO LOSS FUNCTION
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IV- GALAXY MAPPING PROBLEM

INPUT :

True Extinction (mag)

(Bew) uououux;T

Y (kpc)

OUTPUT (IDEAL) :

Cloud map
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IV- GALAXY MAPPING PROBLEM

LEARNING PROCESS

INPUT : OUTPUT :

Network density

True Extinction (mag)
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IV- GALAXY MAPPING PROBLEM

LEARNING PROCESS

INPUT :

True Extinction (mag)

(Bew) uonounx3g
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INTEGRATED
OUTPUT :

Network Extinction (mag)
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IV- GALAXY MAPPING PROBLEM

PARAMETERS

LOSS FUNCTION

SEVERAL LOSS FUNCTIONS :

fmse — (ytarget - Y)z

REDUCTION METHOD

Fmse, sum — Z Jmse
TENDS
TOO

Fmse, mean — (fmse)

Ytarget — Y>2

flog likelihood ( o

Flog likelihood, sum — Z flog likelihood

— TENDS TO STAR NUMBER

Floglikelihood, mean — (floglikelihood)

— TENDS TO |
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IV- GALAXY MAPPING PROBLEM

PARAMETERS

LOSS FUNCTION (MEAN SQUARED ERROR, LOG LIKELIHOOD)

REDUCTION METHOD  (MEAN, SUM)

EPOCH NUMBER
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V- RESULTS

LOSS FUNCTION

DENSITY

Network density True-Network
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V- RESULTS 14

LOSS FUNCTION 12
DISPERSION DIAGRAM 1
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True density - Network density (mag. kpc™t)

V- RESULTS

LOSS FUNCTION

RESIDUE ANALYSIS

Difference between True and Network density vs Network density
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Loss

Training and Validation Loss

V— RESULTS 10"

—— Training loss
—— Validation loss

LOSS FUNCTION ------ Convergence point
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Network density True-Network

V- RESULTS v \ l
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V- RESULTS

EPOCH
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V- RESULTS

EPOCH

EXTINCTION
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V- RESULTS

EPOCH

EXTINCTION

Training and Validation Loss
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V- RESULTS

REDUCTION METHOD

DENSITY
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V- RESULTS

REDUCTION METHOD

RESIDUE ANALYSIS

Difference between True and Network density vs Network density
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VI- CONCLUSION

- NEURAL NETWORKS ARE TIMEWORTH WAY TO SOLVE SOME DIFFCULT PROBLEMS

- SOME PARAMETERS ARE WAY MORE INFLUENTIAL ON THE LEARNING WAY OF THE NN

- CAN BE A SIGNIFICATIVE COMPUTATION TIME SAVING TOOL
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VI- CONCLUSION

WHAT NEXT ?

- EXTAND THE MODEL TO MORE COMPLEX NEURAL NETWORKS

- ADD ASTROPHYSICAL CONSTRAINTS

- GENERALIZEE TO 3D AND APPLY THE METHOD TO REAL DATAS FROM GAIA TELESCOPE
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MEAN & SUM Training and Validation Loss
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input layer | hidden layers | output layer
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