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1.1.1 import

# WEWAER

import torch

import torch.nn as nn

import torch.nn.functional as F
from itertools import product

# Zofth

import matplotlib.pyplot as plt

import numpy as np

import pandas as pd

from scipy.ndimage import gaussian_filter
import os

from IPython.display import display, Image

# WHL
from joblib import Parallel, delayed
import gc



112 NFX&

[ 1:|#RP7ay Btk
nummesh_for_histogram = 200
histogram_Pmin = 0.8
histogram_Pmax = 100
histogram_Rmin = 1
histogram_Rmax = 10
sigma_hist_par = 0.03 #H V> 7 V7 4 LA THHLT 2RDHEL CREWIZEFE(LRW)

# R70y MR
num_epochs_par=3000
nummesh_for_histogram_Ronly = 30
histogram_Ronly _min = 0.7
histogram_Ronly_max = 20.0

# FEBR
n_samples = 1000 # FJHAZRERL
depth = [1,2,3]
hidden_dims = [4,8,16,32]
device = torch.device(
"cuda" if torch.cuda.is_available()
else "mps" if hasattr(torch.backends, "mps") and torch.backends.mps.is_available()

else "cpu"
)
device=torch.device("cpu")
print("device =", device)

eps_cholesky = le-4 ##IiINTiEiE 5.2 2 EELDHUTIIE 3 L R X — 53R L IO AT >0 L7257 DNy 7 7

device = cpu

[ J: Aif device.type == "cuda":
from google.colab import drive
drive.mount ("/content/drive")

base_dir = "/content/drive/MyDrive/evap_valley_inverse"
os.makedirs(base_dir, exist_ok=True)
os.makedirs(f"{base_dir}/data", exist_ok=True)
os.makedirs(f"{base_dir}/fig", exist_ok=True)
os.makedirs(f"{base_dir}/result", exist_ok=True)

else:
os.makedirs("./data", exist_ok=True)
os.makedirs("./fig", exist_ok=True)
os.makedirs("./result", exist_ok=True)

from astroquery.vizier import Vizier

[ ] . os.environ["OMP_NUM_THREADS"] = "1"
os.environ["MKL_NUM_THREADS"] = "1"
os.environ["VECLIB_MAXIMUM_THREADS"] = "1"
os.environ["NUMEXPR_NUM_THREADS"] = "1"
torch.set_num_threads (1)
try:

torch.set_num_interop_threads (1)
except RuntimeError:
pass

1.1.3 T—20OBE
astroquery ® API Zffi5 ¥ CKS 2> THhN 55 LW, id 1% J/AJ/156/264 - THi»> Tk 5, KOI A3
Bo#Alc, FEMIHR LV per JEH) ¥, Rp DERDA, BhiiZZzhznH, BRI,



[ ]:|#BFLH0
Vizier .ROW_LIMIT=-1

#CKS-VII %455 T %, tablel,table2,table3 DA%,
#table2:steller properties

#table3:planetary parameters LWV !
#table4:detection statistics

tables = Vizier.get_catalogs("J/AJ/156/264")

t3 tables["J/AJ/156/264/table3"] .to_pandas ()
t4 = tables["J/AJ/156/264/table4"] .to_pandas()

#T—RDOFHERTA S,

with open("./data/table3.dat","w") as f:
f.write(t3.to_string())

with open("./data/table4.dat","w") as f:
f.write(t4.to_string())

#H%FEoTL 3
R_data = t3["Rp"]
P_data = t3["Per"]

# print (P.maz(),P.min(),R.mazx(),R.min()) #EUI7\ !

#Nal &, K727 — R 2 JLE

mask = np.isfinite(R_data) & np.isfinite(P_data)
R_data=R_data[mask]

P_data=P_data[mask]

WARNING: UnitsWarning: Unit 'Sun' not supported by the VOUnit standard. Did you
mean uN? [astropy.units.format.vounit]

WARNING: UnitsWarning: Unit 'x' not supported by the VOUnit standard.
[astropy.units.format.vounit]

1.1.4 =HRML
FEOBDAHIE

[ ]:  #histogram
#log ZEE OIS L 2 b 275 & (f8%/ban M)
def draw_histogram_PR(R,P,filename):

global histogram_Rmin,histogram_Rmax,histogram_Pmin,histogram_Pmax,nummesh_for_histogram,sigma_hist_par

logR_edges=np.linspace(np.logl0(histogram_Rmin) ,np.logl0(histogram_Rmax) ,nummesh_for_histogram)
logP_edges=np.linspace(np.logl0(histogram_Pmin) ,np.logl0(histogram_Pmax) ,nummesh_for_histogram)

histogram,P_edges,R_edges= np.histogram2d(
np.logl0(P),np.1logl0(R),bins=[logP_edges,logR_edges]
)

area = np.diff(P_edges) [:,Nonel*np.diff (R_edges) [None, :]
#print (histogram. shape) #(nummeshforhistogram-1) 2
#print (area. shape)

density = histogram/area

density = density / np.sum(histogram)

sigma_hist = sigma_hist_par * nummesh_for_histogram
density = gaussian_filter(density, sigma=sigma_hist)

plt.figure(figsize=(9.0, 5.4))
plt.pcolormesh(10%*P_edges,10+*R_edges,density.T) #pcolormesh |37 h (y,z) TiiieH L,
#plt.scatter(P,R,color="red',s=0.5)

plt.xscale("log")

plt.yscale("log")

plt.xlim(histogram_Pmin,histogram_Pmax)
plt.ylim(histogram_Rmin,histogram_Rmax)

plt.xlabel("Orbital Period [days]")

plt.ylabel("Radius [$R_\oplus$]")

plt.colorbar(label="relative occurrence / $d \log P d \log R$")
plt.savefig(filename,dpi=200, bbox_inches="tight")

plt.show()

plt.close()



draw_histogram_PR(R_data,P_data,"./fig/CKS_evapvalley.png")

10t
£ 107 E‘
=
(=T
— 4x10° g
L —

o

<
2 3Ix107 o
3
W
2x10° 2
m
b

10°

1@ 10 10#
Orbital Period [days]

[ 1: #RAADOELZFZF L%EH
def draw_histogram_Ronly(R,filename):

global histogram_Ronly_min,histogram_Ronly_max,nummesh_for_histogram_Ronly

logR_edges=np.linspace(np.loglO(histogram_Ronly_min) ,np.logl0(histogram_Ronly_max) ,nummesh_for_histogram_Ronly)
histogram , R_edges = np.histogram(
np.logl0(R) ,bins=logR_edges

)

#BHMEBEEICE ST e 2E R 5, 7—XAMNAREZ T Z LR B2 W0WTRV, (EA T2V bin TREBICHFET 2 LD EZROonoTW0S
LEZBNE,)

width = np.diff (R_edges)

density = histogram/width

density = density/np.sum(histogram)

centers = 10**(0.5*%(R_edges[:-1]+R_edges[1:]))
plt.figure(figsize=(9.0,5.4))
plt.step(centers,density)

plt.xscale("log")
plt.xlim(histogram_Ronly_min,histogram_Ronly_max)
plt.xlabel("Radius [$R_\oplus$]")
plt.ylabel("Relative Occurence/ $d\log R$")
plt.savefig(filename,dpi=200, bbox_inches="tight")
plt.show()

plt.close()

draw_histogram_Ronly(R_data,"./fig/CKS_evapvalley_Ronly.png")
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1.1.5 O—F&E

%23, (logR,log P) ~ N(ug, pp,Xp p) %% ZJOCIERI R 2 OBAREDN e LTIRE L. #1310
DER 4,2 RUO=2—=F %y POEAIZDOVWTEEEZITI, KL, =a—F 12y FOEHEERZD 5
COMEFE U, EHEVEICEAE U TRAIERIR DI S 20T 2 0 BI% T %,

BOTREPIZIFRD & 5127 %,
for (NN compexity) in [depth,hidden_dimention]:

(R_i,P_i) = give_initial_distribution(mu,Sigma)
= R_i+evolution_func_R(W_R),P_i+evolution_func_P(W_P)

h
~
|

for (lambda) in hyper_parameters
loss = |(R_f,P_f)-(R_obs,P_obs)| + lambda * regularization_term

initialize NN parameters
for (epoch) in epochs:
Machine_Learn_and_update (mu,Sigma,W_R,W_P)

evaluate information_criterion

if (lambda gave best information criteriom):
save lambda as lambda_best

lambda = lambda_best
loss = |(R_f,P_f)-(R_obs,P_obs)| + lambda * regularization_term

initialize NN parameters
for (epoch) in epochs:
Machine_Learn_and_update (mu,Sigma,W_R,W_P)

if (every 10 or so epochs):
print (intial distribution & estimate distribution & Loss) as (video & video & graph)

print (NN compexity & lambda_best & final initial distribution & final estimate distribution & final Loss) as (data
< & data & png & png & data)



7o, ERICHFET 5 LT AR LI ERIL L b ORI 5, 20k, BllF—&bIE
BT 3, TRDBS. 2, = (logR,,log P,) ¥ LTHR SNFMIMAEHS X CBRIF — X3, wind

CLTERET kb, 272 LT 28USENT — RICOWTOFEEH L 7#TH %,

BT —2ER

[1: #BM T — X% torch THZ BT 5.

R_np= R_data.astype(float).to_numpy ()
P_np= P_data.astype(float).to_numpy ()
#HUEZ B L TIRL < 20
mask = (

np.isfinite(R_np)
np.isfinite(P_np)
(R_np > 0)
(P_np > 0)
(histogram_Rmin <= R_np)
(R_np <= histogram_Rmax)
(histogram_Pmin <= P_np)
(P_np <= histogram_Pmax)

FRrrreee

= R_np[mask]
= P_np[mask]
#(R,P) 1T
x_obs_np = np.stack([
np.log(R_np),
np.log(P_np)
], axis=1)
x_mean_np = x_obs_np.mean(axis=0)
x_std_np = x_obs_np.std(axis=0)
z_obs_np = (x_obs_np = x_mean_np)/x_std_np
z_obs = torch.tensor(z_obs_np , dtype=torch.float32, device=device)

BNN complexity FHEAMIZ, —2—F 1%y b %5 DI evolution_func_R,evolution_func_P D EfK
NREBHOE T, Z ZORIAITTEE . BOD NN compexity £ W5 Z Ik %, EBIZIE.

depth = [1,2,3]
hidden_dims = [4,8,16,32]

CHBWTHZEIDREWVSI KU TIED 5,

WA P, D i, AREYITEATH S TRE %, Lo T, FHOMLMEA L LTI
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DEIWCTAERET, kLo T—IZHENZ"2D module # nn.module ¥ L TEA L TRINENDH 3B,

X o TR 2 TRE $ % module 1, BEK n_samples 252 At mu, ¥ Z2ZR L THIIN (R, P,
BHA LTS BRV, (7L, N(mu, $) K65 Dl (log Rlog P) ) 7271, & 2%BARI ALY
LTLE S &, mHEE T HUT I i7: TR EIEEENE 26T e B LV, £ TROIAVAF—7JEZ2E
2%

E:LLT,L:<Z11 0

, 1,159 >0
121 122> 115 %22

F7b%. nn.parameter % 19,,09,,21 R LENT, T %

_ (softplus(19,) 0 J——
L= ( Iy softplus(13,) ) > =LL

DEIRLT Y ZFET2Z2ITIUERV, R LEBYIHAE 52 51D/ TE X 2itH T 24
EHi<, AJID n_samples IZH LT

g eR?, & ~N(0,1,)

¥ LT N(0, L) 125E> random Z¥ £, &), ... ZAER LT,

D XS ITEDIUR,

ERoTWEZENDRE, (LD HEIZIE. BeAt T~ N(i,D) OSERERSCE>TWS,) 727 L,
FIEOFE BT — 2 % AWTESIL L b DISH LTI S 0T, F5NERES 7, = log R;,log P, 1
LT

Ti — Tobs

0 (Tops)

ZEME L. zhzibxg T, Blll7 -2k d 2, BHITFT—25b 2 AL log 2 & o TIERETUI. ©
X logR,log P DEMEE 2 A LFF->TN5B,)

Z; =

. W5 b T, class Initial_distribution(nn.module) % /& ¥ L. nn.parameters & L T
mu(2),111_raw,121,122_raw ZfRFFL. foward IZ & D. AJI n_samples 2%} AN TREWI D

x(n_samples,2) = mu(n_samples,2) + epsilon(n_samples,2)*L"T(2,2)



ZIREIX O,

[ ] . class Initial_distribution(nn.Module):
def __init__(self,x_mean_np,x_std_np,eps_cholesky=1le-4):
super().__init__Q)
self.eps_cholesky = eps_cholesky
self.register_buffer("x_mean_obs",torch.tensor(x_mean_np, dtype=torch.float32))
self.register_buffer("x_std_obs",torch.tensor(x_std_np, dtype=torch.float32))

self.mu = nn.Parameter (torch.zeros(2))
self.111_raw = nn.Parameter(torch.tensor(0.0))
self.122_raw = nn.Parameter(torch.tensor(0.0))
self.121 = nn.Parameter(torch.tensor(0.0))

def get_L(self):
111 = F.softplus(self.111_raw) + self.eps_cholesky # ILEfi72DT, 012 DIFFE TV
122 = F.softplus(self.122_raw) + self.eps_cholesky
L = torch.zeros(2,2,device=self.mu.device,dtype=self.mu.dtype)

L[0,0] = 111
L[1,1] = 122
L[1,0] = self.121
return L

def forward(self,n_samples):
eps = torch.randn(n_samples,2,device=self.mu.device,dtype=self.mu.dtype)
L=self.get_L()

x = self.mu[None,:] + eps @ L.T
z = (x-self.x_mean_obs[None,:])/self.x_std_obs[None,:]
# x = (logRi,logPi)_i {n_samples} with shape (n_sampes,2)

# z = standarized(z), (n_sampes,2)
return z,x

WECEH® 5. EfbEhiZX

Ry <log R, —log R, log P, —log Py, ) '
’ g (log Robs) ’ o (log Pobs)

DL Z 5 X 2 FBRERD XS ITERT %,

2B =Ry fRE P

2P =P+ fP(R 2P
FoT B, P13 I ERAN—ZBEHOBBTH 5, B2, R OELIZOWTIE, RERIZED L
L2V WO E AN D T, REHAEZE fR = —softplus 2 WH T %, (7272 L. —asoftplus
LT a2 BEAZ LRV, TEIXTE2) AREEDNH 5,) 2, FHEZELLOEGVIA/NI Ve LiZWD
T, R AEE f =ctanh 2 WSTEIT L, e VNIV WSHlEANS Z2ICT 5,

BOT, ZRICANEZITFW o726, Fhz MLPIS#EL T, REBETHUP - XITIZL T, softplus & tanh
BT LIRS,

[ ] . class EvolutionNet(nn.Module):
def __init__(self,hidden_dim,depth,eps_P=0.01,alpha_R=0.1):

super () .__init__()

self.alpha R = alpha R
self.eps_P = eps_P

layers = []



in_dim = 2

for _ in range(depth):
layers.append(nn.Linear(in_dim,hidden_dim))
layers.append(nn.Tanh())
in_dim = hidden_dim

self .body_network = nn.Sequential(*layers)

self.outlayer = nn.Linear(hidden_dim,2)

nn.init.zeros_(self.outlayer.weight)
nn.init.zeros_(self.outlayer.bias)

def forward(self,z):
h = self.body_network(z)
out = self.outlayer (h)

out_R_bef = out[:,0]
out_P_bef = out[:,1]

dz_R = -self.alpha R * F.softplus(out_R_bef)
dz_P = self.eps_P * torch.tanh(out_P_bef)

dz = torch.stack([dz_R,dz_P],dim=1)
z_val = z + dz

return z_val,dz

iy

BLossfunction FEi2ibR7= X 512, BEBERT =SB0 » B4 O FERE + IFERNLIE CTidhd 3, &
EOHBE .

L= |Zmodcl - Zobs' + A (IEEIJ“:)

THb, £oTETIE |2 Zops| CPWVWTE X B,

model ~

L. ZOoDH YL XY BEDEEENNE S X 5I12HE LW, Loss function & LTk Maximum
Mean Discrepancy R ¥ Z W25 Z e B TE %, (B% | https://arxiv.org/pdf/2111.10344 )

1 NN 1] MM 9 N M
Ly = WZZK(xi7xj)+WZZK<yi’yj> —WZZK@%,Z/J»)
i 7 i J ? J

722U, Y IV EDZODRDESITMELERTH LI = K(z,y) OMDFEFIEIEEZILND
23, Z 2Tl Gaussian RBF Kernel 2H 3 3,

- 1Z; — ;I
K (xi,yj) = exp (_W

T2 0 BNANR=NRIRXRTHD, 0 BREVE, [HLBREHEEIHENTTHEVWEART ) LWL
WD, o AWhEVE, TEoIZEES RV IRV E RS0 805 ZeiZkhd, BDT, RELTHIE
CTHERXT, TR FEHBLTHIRE 20T,

FEBICETE T 5 L TIE. torch.cdist(x,y) 23 (Hml,y]H)” EWHTTHIRRIFEL T LB D TIEHICE
F



[ ]: daef MMD_loss(x,y,sigmas=(0.1, 0.2, 0.5, 1.0, 2.0)):
dxx = torch.cdist(x,x).pow(2)
dyy = torch.cdist(y,y).pow(2)
dxy = torch.cdist(x,y).pow(2)

kxx = 0.0
kyy = 0.0
kxy = 0.0

for sigma in sigmas:
gamma = 1.0 / (2.0 * sigma * sigma)
kxx = kxx + torch.exp(-gamma * dxx)
kyy = kyy + torch.exp(-gamma * dyy)
kxy = kxy + torch.exp(-gamma * dxy)

return kxx.mean() + kyy.mean() - 2.0%kxy.mean()

BMEAME EAMLICOWTIE, THEREGAOELEESEM T v (BuwwE—2—o)) & Ao
HELRBDEME T X3 FRCAIAANCHET) 2w DR AND, THRbDE,

3 (R 3 (R
8f:s'\’o’ 6f3
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~
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3f3~07 3f2
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BRI,

2

/‘afn dz¥ : small ~~ ZZ Lf’n : small
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3%, ¥/, R LTREOPE, FMEBZ ZEFTRELLLARWL, EWIiliE Ah s,

|: :| . def grad_component(y,z,component) :
#y D 2 1K B
#component=0 -> zR W57
#component=1 -> zP 5
grad = torch.autograd.grad(y.sum(),z,create_graph=True,retain_graph=True) [0]
return gradl[:,component]

def nth_derivative(y,z,component,n):
#n WY
#component=0 -> 2R
#component=1 -> zP 45
out =y
for _ in range(n):
out = grad_component (out,z,component)
return out

def derivative_regularization(z0,dz):
fR = dz[:,0]
fP = dz[:,1]

d3fR_dzR3 = nth_derivative(fR,z0, component=0,n=3)
d3fR_dzP3 = nth_derivative(fR,z0,component=1,n=3)
d3fP_dzR3 = nth_derivative(fP,z0,component=0,n=3)
d3fP_dzP2 = nth_derivative(fP,z0,component=1,n=2)

loss_fR_Rsmooth = torch.mean(d3fR_dzR3*#*2)

loss_fR_Psmooth = torch.mean(d3fR_dzP3x**2)
loss_fP_Rsmooth = torch.mean(d3fP_dzR3**2)

10



loss_fP_Psmooth = torch.mean(d3fP_dzP2**2)
return loss_fR_Rsmooth,loss_fR_Psmooth,loss_fP_Rsmooth,loss_fP_Psmooth

def make_reg_grid(nR=24, nP=24, zmin=-3.0, zmax=3.0, device="cpu"):
zR = torch.linspace(zmin, zmax, nR, device=device)
zP = torch.linspace(zmin, zmax, nP, device=device)
ZZ_R, ZZ_P = torch.meshgrid(zR, zP, indexing="ij")
z_grid = torch.stack([ZZ_R.reshape(-1), ZZ_P.reshape(-1)], dim=1)
z_grid.requires_grad_(True)
return z_grid

BEBO#(E

[ ]: hidden_dim = 32 # KM 4B
depth = 2 #ARYIINA =T XK
eps_P = 0.01 #ARYENA =T XX
alpha R = 0.1 #ARMEINA =T R X
sigma=1.0 #ARYIFNA N—r8F X X
LR = le-3

initial_dist = Initial_distribution(x_mean_np,x_std_np,eps_cholesky).to(device)
with torch.no_grad():
initial_dist.mu.copy_(
torch.tensor(x_mean_np, dtype=torch.float32, device=device)
)
# FIHPEREBR L D 2V s KED BIED 5, (2 ZIEEMR. . .)
initial_dist.mu[0] += 0.5

evolution_net = EvolutionNet(hidden_dim,depth,eps_P,alpha_R).to(device)
optimizer = torch.optim.Adam(
list(initial_dist.parameters())+list(evolution_net.parameters()),
1r = LR
)

BEE

[ ]: num_epochs = num_epochs_par

lambda_fR_Rsmooth=1le-4 # A I NAf =087 X &
lambda_fR_Psmooth=1le-4 # AYI A 8—08F X &
lambda_fP_Rsmooth=le-4 # AMiI A (=087 X &
lambda_fP_Psmooth=1le-4 # AT A 8—08F X &
lambda_move=0.0 #W\ 72/ 012LTHL

loss_history=[]

for epoch in range(num_epochs) :
optimizer.zero_grad()
20,x0 = initial_dist(n_samples)
z0.requires_grad_(True)

z_model ,dz=evolution_net (z0)
loss_MMD = MMD_loss(z_model,z_obs)
z_reg = make_reg_grid(device=device)

_, dz_reg = evolution_net(z_reg)
loss_fR_Rsmooth,loss_fR_Psmooth,loss_fP_Rsmooth,loss_fP_Psmooth=derivative_regularization(

z_reg,
dz_reg
)

loss_move = torch.mean(dz#**2)

loss = (
loss_MMD
+ lambda_fR_Rsmooth*loss_fR_Rsmooth
+ lambda_fR_Psmooth*loss_fR_Psmooth
+ lambda_fP_Rsmooth*loss_fP_Rsmooth
+ lambda_fP_Psmooth*loss_fP_Psmooth
+ lambda_move*loss_move

11



loss.backward()
optimizer.step()
if epoch 7 100 ==
print(
f"epoch={epoch:5d}",
f"loss={loss.item():.6f}"

epoch= 0 loss=0.332436
epoch= 100 loss=0.138049
epoch= 200 loss=0.059500
epoch= 300 loss=0.025527
epoch= 400 loss=0.023606
epoch= 500 loss=0.013518
epoch= 600 loss=0.011387
epoch= 700 loss=0.009539
epoch= 800 loss=0.010047
epoch= 900 loss=0.008356
epoch= 1000 loss=0.008374
epoch= 1100 loss=0.007497
epoch= 1200 loss=0.007685
epoch= 1300 loss=0.007032
epoch= 1400 loss=0.007122
epoch= 1500 loss=0.006225
epoch= 1600 loss=0.006608
epoch= 1700 loss=0.007818
epoch= 1800 loss=0.005501
epoch= 1900 loss=0.005697
epoch= 2000 loss=0.006143
epoch= 2100 loss=0.007816
epoch= 2200 loss=0.005652
epoch= 2300 loss=0.005909
epoch= 2400 loss=0.006287
epoch= 2500 loss=0.007239
epoch= 2600 loss=0.005028
epoch= 2700 loss=0.005798
epoch= 2800 loss=0.004656
epoch= 2900 loss=0.007041

[ ] . with torch.no_grad():
z0, x0 = initial_dist(5000)
z_model, dz = evolution_net (z0)

# z_model -> z_model = (logR, logP)

x_model = (
z_model * initial_dist.x_std_obs[None, :]
+ initial_dist.x_mean_obs[None, :]

)

# PR AE
RO = torch.exp(x0[:, 0]).cpu() .numpy()
PO = torch.exp(x0[:, 11).cpu() .numpy ()

# ELEI M
R_model = torch.exp(x_model[:, 0]).cpu().numpy()
P_model = torch.exp(x_model[:, 11).cpu().numpy()

draw_histogram_PR(RO,PO,"./fig/model_initial_PR.png")
draw_histogram_PR(R_model,P_model,"./fig/model_estimate_PR.png")
draw_histogram_Ronly(RO,"./fig/model_initial_Ronly.png")
draw_histogram_Ronly(R_model,"./fig/model_estimate_Ronly.png")
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[]:

BARGONEPEZELEXTRES — MHIRAOIHIEIC L 55 —2DHIHIZMITPORL T hiud, =
a—IN%y b7 — 7 TEMNE 2 TIE SIS 2 HEETET25 5 L FRITE %,

Minformation criterion ZDFE, FALDRE BIRD B4 )8—8F X ZERD XD ITHRET %, (Z 2, H
HE e FHEDR TN D TREMNICIRD BN D 5,)

Information criterion = MMDloss + #EMIHGHDIE SO &

Thkbb, B -3 %) TS MBEENHRMICE ST =21 S 51 b W5 AR L TIEL
Vo (NN 2EMEMZTUNLTLE S &, Bl 3 L K —BS 2P MEE SN I MIINT AT T2 8%
ZHN, NN BHEHMTE2 2, WM TEDEIAT OTHIIMHIE—EICR 5 NN IZHMZOTHHA L D
—HEAWEEL L S,) BRI N S—F X & X | FEGRNE o TOWEMHIMZ  ¢f 72E
LT,

1 2 a,  Q;
N Z ’CMMDO\aO‘i)‘FﬁXm Z Z MMD(qy", q,”)

1<i<K 1<i<K 1<j<K

IC(\) =

(i =7 DR MMD & 0 IZ8 5 DT, k(k—1) TOFHZEAUIRW,) /2L, fIEZODHDED R 7 —)L
BBEBELZRIULL 5WIHRZ K CHET 2, (ZZEFHEHD 5,)

# HEERH D DIX 50 &
# lambda Z ¥ DFER (alphatkk) % 20_final_list=[] ICANTHL,
def compute_variance_final_init(zO_final_list,device="cpu"):

K = len(z0_final_list)

pairs=[]

for i in range(K):

for j in range(i+1,K):
pairs.append((i,j))

values = []
with torch.no_grad():
for (i,j) in pairs:

zi = z0_final_list[i].to(device)
zj = z0_final_list[j].to(device)
d = MMD_loss(zi,zj).detach().cpu().item()
values.append(d)

return float(np.mean(values))

# information criterion
# ZTOREHR (lambda, alpha B4 )
# % run_results=[dict, lambda,alpha, loss_MMD, ...] ICANLTE,

def information_criterion(run_results):

#lambda DIEZ L IC results ®E L 0 5

grouped={}

for r in run_results:
key=(r["lambda_smooth"], r["lambda_move"])
grouped.setdefault(key, []).append(r)

rows=[]
for (lambda_smooth, lambda_move), group in grouped.items():
mmd_values = [g["mmd"] for g in group]
2z0_final_list = [g["z0_final"] for g in groupl
var_init_mean = compute_variance_final_init(zO_final_list,device=device)
rows . append ({
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"lambda_smooth": lambda_smooth,
"lambda_move": lambda_move,
"n_runs": len(group),
"mmd_mean": float(np.mean(mmd_values)),
"mmd_std": float(np.std(mmd_values)),
"var_init_mean": var_init_mean,

b

summary = pd.DataFrame (rows)

typical_mmd = summary["mmd_mean"].median()
typical_var = summary["var_init_mean"].median()
beta = typical_mmd / (typical_var + le-12)

summary["beta"] = beta
summary ["IC"] = summary["mmd_mean"]+beta*summary["var_init_mean"]
summary = summary.sort_values("IC").reset_index(drop=True)

return summary

WEIR1EA

[ ] . | def draw_histogram_PR_multi(ROinitial,POinitial,RO,PO,R,P,Robs,Pobs,filename):
global histogram_Rmin,histogram_Rmax,histogram_Pmin,histogram_Pmax,nummesh_for_histogram,sigma_hist_par

logR_edges=np.linspace(np.logl0(histogram_Rmin) ,np.logl0(histogram_Rmax) ,nummesh_for_histogram)
logP_edges=np.linspace(np.logl0O(histogram_Pmin) ,np.logl0(histogram_Pmax) ,nummesh_for_histogram)

histogram_first_initial,P_edges,R_edges= np.histogram2d(
np.logl0(POinitial) ,np.logl0(ROinitial) ,bins=[logP_edges,logR_edges]

histogram_final_initial,P_edges,R_edges= np.histogram2d(
np.logl0(P0O) ,np.1logl0(RO) ,bins=[logP_edges,logR_edges]
)

histogram_final_estimate,P_edges,R_edges= np.histogram2d(
np.logl0(P),np.1logl0(R),bins=[logP_edges,logR_edges]
)

histogram_obs,P_edges,R_edges= np.histograde(
np.logl0(Pobs) ,np.1logl0(Robs) ,bins=[1logP_edges,logR_edges]
)

area = np.diff(P_edges) [:,Nonel*np.diff (R_edges) [None,:]
#print (histogram. shape) #(nummeshforhistogram-1) 2
#print (area. shape)

sigma_hist = sigma_hist_par * nummesh_for_histogram

density_first_initial = histogram_first_initial/area
density_first_initial = density_first_initial / np.sum(histogram_first_initial)
density_first_initial = gaussian_filter(density_first_initial, sigma=sigma_hist)

density_final_initial = histogram_final_initial/area
density_final_initial = density_final_initial / np.sum(histogram_final_initial)
density_final_initial = gaussian_filter(density_final_initial, sigma=sigma_hist)

density_final_estimate = histogram_final_estimate/area
density_final_estimate density_final_estimate / np.sum(histogram_final_estimate)
density_final_estimate = gaussian_filter(density_final_estimate, sigma=sigma_hist)

density_obs = histogram_obs/area
density_obs = density_obs / np.sum(histogram_obs)
density_obs = gaussian_filter(density_obs, sigma=sigma_hist)

densities = [
density_first_initial,
density_final_initial,
density_final_estimate,
density_obs,

]

titles = [
"Initial distribution before training",
"Initial distribution after training",
"Model estimate distribution",
"Observed distribution",

]
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fig, axes = plt.subplots(l,4,figsize=(20.0, 5.0),constrained_layout=True)
im = None
for ax, demsity, title in zip(axes, densities, titles):
im = ax.pcolormesh(10**P_edges,10**R_edges,density.T)
ax.set_xscale("log")
ax.set_yscale("log")
ax.set_xlim(histogram_Pmin, histogram_PmaX)
ax.set_ylim(histogram_Rmin, histogram_Rmax)
ax.set_title(title)
ax.set_xlabel("Orbital Period [days]")
axes[0] .set_ylabel("Radius [$R_\oplus$]")
fig.colorbar(im,ax=axes,label="relative density / $d\log P\,d\log R$")
fig.savefig(filename, dpi=200, bbox_inches="tight", pad_inches=0.03)
plt.close(fig)

[ 1:|#RAADER T Z L%H#K
def draw_histogram_Ronly_multi(ROinitial,RO,R,Robs,filename):

global histogram_Ronly_min,histogram_Ronly_max,nummesh_for_histogram_Ronly
logR_edges=np.linspace(np.loglO(histogram_Ronly_min) ,np.loglO(histogram_Ronly_max) ,nummesh_for_histogram_Ronly)

histogram_first_initial , R_edges = np.histogram(
np.logl0(ROinitial) ,bins=logR_edges

)

histogram_final_initial , R_edges = np.histogram(
np.logl0(RO) ,bins=logR_edges

)

histogram_final_estimate , R_edges = np.histogram(
np.logl0(R) ,bins=logR_edges

)

histogram_obs , R_edges = np.histogram(
np.loglO(Robs) ,bins=1logR_edges

)

#BHMEBEEICE T 2E 25, 7—RAMMNAEZHEZ LB B2 0ITRWV, (BATHLV bin TREBIEET 2 LD ZLRO2oTWS
LEZBNE,)

width = np.diff (R_edges)

density_first_initial = histogram_first_initial/width
density_first_initial = density_first_initial/np.sum(histogram_first_initial)

density_final_initial = histogram_final_initial/width
density_final_initial = density_final_initial/np.sum(histogram_final_initial)

density_final_estimate = histogram_final_estimate/width
density_final_estimate = density_final_estimate/np.sum(histogram_final_estimate)

density_obs = histogram_obs/width
density_obs = density_obs/np.sum(histogram_obs)

densities = [
density_first_initial,
density_final_initial,
density_final_estimate,
density_obs,

]

titles = [
"Initial distribution before training",
"Initial distribution after training",
"Model estimate distribution",
"Observed distribution",

]

centers = 10**(0.5*%(R_edges[:-1]+R_edges[1:]))

fig, axes = plt.subplots(l,4,figsize=(20.0, 5.0),constrained_layout=True)
im = None
for ax, demnsity, title in zip(axes, densities, titles):
im = ax.step(centers,density)
ax.set_xscale("log")
ax.set_xlim(histogram_Ronly_min,histogram_Ronly_max)
ax.set_title(title)
ax.set_xlabel("Radius [$R_\oplus$]")
axes[0] .set_ylabel("Relative Occurence/ $d\log R$")

fig.savefig(filename,dpi=200, bbox_inches="tight",pad_inches=0.03)
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plt.close(fig)

mEE

[ ]: #cpuifift
N_JOBS = 4
torch.set_num_threads(1)

[ ] . initial_distances

= [0.1,0.5,1.0,1.2]
initial_periods = [-1 1

1o
- 0L = 0861011y, 0R5L11Y0]

lambda_smooths=[le-2,1e-3,1e-4,0.0]
lambda_moves=[1le-2,1e-4,0.0]

jobs = list(product(lambda_smooths, lambda_moves, initial_distances, initial_periods))
num_loops = len(jobs)

print ("num_loops =", num_loops)
print ("CPUs =", N_JOBS)
print("device =", device)

def run_one_job(job_id, job):
lambda_smooth, lambda_move, initial_distance, initial_period = job
torch.set_num_threads (1)

hidden_dim = 32 #AY4xtakEH T
depth = 2 #AXINA R—XF XK
eps_P = 0.01 #ARYIINAR—F XK
alpha R = 0.1 #AYEINA =T XX
sigma=1.0 #ARYIINAR—NF XX

LR = le-3

N

local_device = torch.device("cpu")
z_obs_local = z_obs.to(local_device)

tagdir = (f"lsmooth_{lambda_smooth:.0Oe}_lmove_{lambda_move:.Oe}".replace(".", "p").replace("-", "m").replace("+",
="))

outdir = f"./fig/{tagdir}"

os.makedirs(outdir, exist_ok=True)

initial_dist = Initial_distribution(x_mean_np,x_std_np,eps_cholesky).to(local_device)

with torch.no_grad():
initial_dist.mu.copy_(
torch.tensor (x_mean_np, dtype=torch.float32, device=local_device)

)

# PHPEREER X D 2R KEDDL D S, (T TIFEMER. . .)
initial_dist.mu[0] += initial_distance
initial_dist.mu[1] += initial_period

with torch.no_grad():
z0initial, xOinitial = initial_dist(5000)
ROinitial = torch.exp(xOinitiall:, 0]).cpu().numpy()
POinitial = torch.exp(xOinitiall:, 1]).cpu().numpy()

evolution_net = EvolutionNet(hidden_dim,depth,eps_P,alpha_R).to(local_device)
optimizer = torch.optim.Adam(
list(initial_dist.parameters())+list(evolution_net.parameters()),
1r = LR
)

num_epochs = num_epochs_par
lambda_fR_Rsmooth=lambda_smooth
lambda_fR_Psmooth=lambda_smooth
lambda_fP_Rsmooth=lambda_smooth
lambda_fP_Psmooth=lambda_smooth
lambda_move=lambda_move
loss_history=[]

for epoch in range(num_epochs):
optimizer.zero_grad()
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20,x0 = initial_dist(n_samples)
z0.requires_grad_(True)

z_model ,dz=evolution_net (z0)

loss_MMD = MMD_loss(z_model,z_obs_local)
z_reg = make_reg_grid(device=local_device)

_, dz_reg = evolution_net(z_reg)
loss_fR_Rsmooth,loss_fR_Psmooth,loss_fP_Rsmooth,loss_fP_Psmooth=derivative_regularization(

z_reg,
dz_reg
)

loss_move = torch.mean(dz#**2)

loss = (
loss_MMD
+ lambda_fR_Rsmooth*loss_fR_Rsmooth
+ lambda_fR_Psmooth*loss_fR_Psmooth
+ lambda_fP_Rsmooth*loss_fP_Rsmooth
+ lambda_fP_Psmooth*loss_fP_Psmooth
+ lambda_move*loss_move

)

loss.backward ()
optimizer.step()
if epoch % 1000 == 0:
print(
f"job={job_id+1:4d}/{num_loops:4d}",
f"epoch={epoch:5d}/{num_epochs:5d}",
f"loss={loss.item():.6f}",
f"lambda_smooth={lambda_smooth:.0e}",
f"lambda_move={lambda_move: .Oe}",
f"dR={initial_distance:.1f}",
f"dP={initial_period:.1f}",
)

if epoch 7 500 == 0 or epoch == num_epochs - 1:
loss_history.append ({

"epoch": epoch,
"loss": loss.detach().cpu().item(),
"mmd": loss_MMD.detach().cpu().item(),
"smooth_RR": loss_fR_Rsmooth.detach().cpu().item(),
"smooth_RP": loss_fR_Psmooth.detach().cpu().item(),
"smooth_PR": loss_fP_Rsmooth.detach().cpu().item(),
"smooth_PP": loss_fP_Psmooth.detach().cpu().item(),
"move": loss_move.detach().cpu().item(),

b

tag = (f"dR_{initial_distance:.1f}_dP_{initial_period:.1f}".replace(".", "p"))
PR_path = f"{outdir}/PR{tag}.png"

Ronly_path = f"{outdir}/Ronly{tag}.png"

loss_path = f"{outdir}/loss{tag}.csv"

with torch.no_grad():
z0, x0 = initial_dist(5000)
z_model, dz = evolution_net (z0)
# z_model -> z_model = (logR, logP)
x_model = (
z_model * initial_dist.x_std_obs[None, :]
+ initial_dist.x_mean_obs[None, :]

)

# HIHD A

RO = torch.exp(x0[:, 01).cpu().numpy()

PO = torch.exp(x0[:, 1]).cpu() .numpy()

# EEDIM

R_model = torch.exp(x_modell[:, 0]).cpu().numpy()
P_model = torch.exp(x_model[:, 1]).cpu() .numpy ()

with torch.no_grad():
z0_ic, x0_ic = initial_dist(1000)
z_model_ic, dz_ic = evolution_net(z0_ic)

mmd_ic = MMD_loss(z_model_ic, z_obs_local).detach().cpu().item()

pd.DataFrame (loss_history) .to_csv(loss_path, index=False)
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draw_histogram_PR_multi(ROinitial,POinitial,RO,PO,R_model,P_model,R_data,P_data,PR_path)
draw_histogram_Ronly_multi(ROinitial,RO,R_model,R_data,Ronly_path)
result={
"lambda_smooth": lambda_smooth,
"lambda_move": lambda_move,
"initial_distance": initial_distance,
"initial_period": initial_period,
"mmd": mmd_ic,
"z0_final": z0_ic.detach().cpu(),
"PR_path": PR_path,
"Ronly_path": Ronly_path,
"loss_path": loss_path,
}
del initial_dist, evolution_net, optimizer
gc.collect()

return result

num_loops = 240
CPUs = 4
device = cpu

run_results = Parallel(
n_jobs=N_JOBS,
backend="1loky",
verbose=10
) (
delayed(run_one_job) (job_id, job)
for job_id, job in enumerate(jobs)
)
ic_summary = information_criterion(run_results)
os.makedirs("./result", exist_ok=True)

ic_summary.to_csv(
"./result/information_criterion_summary.csv",
index=False

display(ic_summary)

[Parallel(n_jobs=4)]: Using backend LokyBackend with 4 concurrent workers.
[Parallel(n_jobs=4)]: Done 5 tasks elapsed: 20.8min
[Parallel(n_jobs=4)]: Done 10 tasks | elapsed: 31.0min
[Parallel(n_jobs=4)]: Done 17 tasks | elapsed: 49.8min
[Parallel(n_jobs=4)]: Done 24 tasks | elapsed: 59.2min
[Parallel(n_jobs=4)]: Done 33 tasks | elapsed: 87.5min
[Parallel(n_jobs=4)]: Done 42 tasks | elapsed: 106.4min
[Parallel(n_jobs=4)]: Done 53 tasks | elapsed: 134.5min
[Parallel(n_jobs=4)]: Done 64 tasks | elapsed: 153.4min
[Parallel(n_jobs=4)]: Done 77 tasks | elapsed: 191.0min
[Parallel(n_jobs=4)]: Done 90 tasks | elapsed: 219.2min

|

|

|

|

|

|

|

|

[Parallel(n_jobs=4)]: Done 105 tasks elapsed: 256.9min
[Parallel(n_jobs=4)]: Done 120 tasks elapsed: 285.2min
[Parallel(n_jobs=4)]: Done 137 tasks elapsed: 332.2min
[Parallel(n_jobs=4)]: Done 154 tasks elapsed: 369.9min
[Parallel(n_jobs=4)]: Done 173 tasks elapsed: 416.9min
[Parallel(n_jobs=4)]: Done 192 tasks elapsed: 454.7min
[Parallel(n_jobs=4)]: Done 213 tasks elapsed: 511.4min
[Parallel(n_jobs=4)]: Done 240 out of 240 | elapsed: 568.0min finished

lambda_smooth lambda_move n_runs mmd_mean mmd_std var_init_mean \

0 0.0010 0.0000 20 0.006440 0.001115 0.068157
1 0.0001 0.0001 20 0.006590 0.001268 0.067750
2 0.0010 0.0100 20 0.006864 0.001681 0.066194
3 0.0100 0.0001 20 0.007473 0.001242 0.061310
4 0.0010 0.0001 20 0.006741 0.001153 0.069941
5 0.0100 0.0000 20 0.007521 0.001279 0.064912
6 0.0001 0.0000 20 0.006650 0.001052 0.073734
7 0.0001 0.0100 20 0.007041 0.001473 0.072149
8 0.0100 0.0100 20 0.007519 0.001110 0.068055
9 0.0000 0.0000 20 0.008608 0.002713 0.106823
10 0.0000 0.0001 20 0.008805 0.002588 0.106179
11 0.0000 0.0100 20 0.009751 0.003653 0.102339
beta IC

0 0.105097 0.013603
1 0.105097 0.013710
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2 0.105097 0.013820
3 0.105097 0.013916
4 0.105097 0.014091
5 0.105097 0.014343
6 0.105097 0.014399
7 0.105097 0.014624
8 0.105097 0.014671
9 0.105097 0.019835
10 0.105097 0.019964
11 0.105097 0.020507

Mbest lambda DIBEDAIHRIL

best = ic_summary.iloc[0]

best_lambda_smooth = best["lambda_smooth"]
best_lambda_move = best["lambda_move"]

best_runs = [
r for r in run_results if (r["lambda_smooth"] == best_lambda_smooth) and (r["lambda_move"] == best_lambda_move)
]
best_runs_df = pd.DataFrame ([
{
"initial_distance": r["initial_distance"],
"initial_period": r["initial_period"],
Ilmmdll i r [Ilmmdn] .
"PR_path": r["PR_path"],
"Ronly_path": r["Ronly_path"],
}
for r in best_runs
1) .sort_values("mmd")
for _, row in best_runs_df.iterrows():
print("=" x 80)
print(
f"initial_distance={row['initial_distance'l]}, "
f"initial_period={row['initial_period'l]}, "
f'"mmd={row['mmd']:.6g}"
)

display(Image(filename=row["PR_path"]))
display(Image(filename=row["Ronly_path"]))

initial_distance=0.5, initial_period=-0.5, mmd=0.0047617
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