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TOM TAT

Trong nghién ctru nay, ching t6i d& xuat phuong phap Feynman Diffusion Generative Model
nham chuyén ddi anh mé HE sang anh THC, két qua nay giup hd trg bac si trong viée 1ap phac db didu
tri ung thu vi. Phuong phap nay khai thac K§ thuat Feynman, trong d6 tin dung méi lién h¢ giita phuong
trinh vi phan ngau nhién (SDEs) va phuong trinh vi phan riéng phan (PDEs), mot huéng tiép can da
mang lai nhiéu thanh cong trong cc nghién ctru truée vé SDEs. Cu thé, chung t6i biéu dién qua trinh
khuéch tan nguoc dudi dang cong thirc Feynman-Kac, cho phép chuyén ddi tir mé hinh SDE sang hé
PDE tuong tng dé mo ta qué trinh phuc hoi dit lidu tur trang thai nhiéu vé dit liéu thyc. Viéce str dung
PDE giup ting cuong tinh 6n dinh va d¢ chinh xéac khi suy luan, dong thoi tdi wu héa ham muc tiéu
dang Flow normalizing lién quan dén ludng ctia phan phdi dir liéu. Két qua thuc nghiém trén mé hinh
dé xuat dat 19,25 PSNR va 0,569 SSIM, cao hon so véi cac phuong phap da cong bd trude do trén tap
dir liéu BCIL.

Tuwr khoa: Feynman Diffusion, SDEs, BCI, Breast Cancer.
1. MO PAU

Hién nay, ung thu vii van 13 nguyén nhan chinh gay tir vong cho phu nif trén toan cau, viéc xac
dinh giai doan bénh mot cach chinh xac dugc xem la yéu t then chdt dé dam bao can thiép diéu tri kip
thoi va nang cao ty 1€ séng sot; sinh thiét, dac biét 1a qua anh mo mién dich hoa hoc (IHC), di dugc
cong nhan nhu tiéu chuan vang nho kha nang danh gia mirc d6 biéu hién protein va xac dinh cac loai té
bao dic thu trong mau mo, tir d6 phan loai giai doan bénh dua trén cac yéu td nhu kich thuéce khéi u,
pham vi di cin va mirc d6 x4m 14n vao hé théng mach méau, mach bach huyét [1, 2]. Tuy nhién, mic du
IHC mang lai két qua chin doan chinh xé4c, phwong phap nay lai doi hoi chi phi cao va thoi gian thyc
hién kéo dai, dat ra nhitng thach thirc 16n ddi v6i bénh nhan va doi ngll 'y té. Dé giai quyét van de nay,
nam 2022, bo dir liéu BCI da dugc gidi thi¢u tai hoi nghi CVPR nhiam khuyén khich sy phat trién cua
cac thuat toan chuyen d6i tryc tiép tir anh nhuém Hematoxylin & Eosin (HE) sang anh IHC, tir d6 giam
bot ganh nang vé thoi gian va chi phi. Cac nghién ctru hién nay chu yéu dya vao cic mo hinh sinh ddi
nghich (GAN) v6i co ché huén luyén d6i khang dé thu hep khoang cach giita cac phan phdi cua dir liéu
thong qua cac tiéu chi nhu f-divergences hoac integral probability metrics [3]; mét s6 cong trinh van ap
dung cac bién thé truyen thong cia GAN trong viéc chuyen doi gitra cac mlen anh khac nhau [3-5],
trong khi cac hudng tiép can khac tap trung khai thac biéu dién ngir nghia c6 ciu tric nham tao ra hinh
anh voi d6 chi tiét cao hon [6, 7]. Bén canh d6, mot $6 nghién ctru da nhén manh tam quan trong cua
viéc bao toan thong tin va duy tri s twong g gitra cac dac trung cua anh HE va THC [8], va cdc cong
trinh khac dé xuét sir dung phuong phap két hop da mién dé tach biét va giit nguyén cac yéu té dic

trung, tor d6 tao ra hinh anh tai hién chan thuc hon [9, 10]. Du cdc md hinh GAN da dat dugc nhiing
thanh tyu nhét dinh, nhung ching van gip phai nhimg han ché nhu sy khong 6n dinh trong qué trinh
huén luyén, hién trong mode collapse, vanishing gradients cting nhu cac kho khan trong viéc danh gia
chat lugng anh sinh ra do thiéu thuéc do chuan, khién gia tri mat mat khong phan anh dung hiéu qua
ctia md hinh. Trai lai, cic mé hinh khuéch tan (Diffusion models) gan day da ching to stitc manh cia
minh trong nhiéu linh vuc ciia hoc may, tir Viec tao anh [11, 12] dén tong hop 4m thanh [13, 14]va san
xuét video [15, 16]; thong qua quy trinh lay mau lap di lap lai, cac md hinh nay dan dan loai bo nhleu
tir vecto ngau nhién ban dau, tao ra sy cin bang linh hoat giira tai nguyén tinh ton va chat lugng mau,
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trong d6 viéc tang sO vong lap giup néng cao dang ké chat lugng hinh anh dau ra [17, 18]. Hon nita, co
ché nay con mo ra kha nang giai quyét cac bai toan nghich dao phue tap nhu 1am mo, t6 mau, chuyén
d6i phong cach va cai thién chét lugng hinh anh y khoa trong chup cit 16p vi tinh (CT) hay cong hudong
tir (MRI) [19, 20], gop phan nang cao hiéu qua chan doan va diéu tri, tir 46 mang lai loi ich thiét thuc
cho linh vuc y hoc.

Nghién ciru nay dé xuat phuong phap Feynman-Kac Diffusion, bang cach x4p xi phwong trinh vi
phan ngau nhién SDEs dang béo toan phuong sai [21] thanh hé thdng phuong trinh vi phan riéng dé
giam bot s6 lugng tinh toan va ting hidu suat thuét toan. Cac két qua dugc trinh bay 1an lugt ¢ phan 2
v6i co s6 1y thuyét dé hinh thanh ¥ twong cho dé xuat phwong phap nghién ctru trong phan 3, thyc
nghiém kiém chimg thé hién ¢ phan 4, phan 5 trinh bay mot s6 két luan, dinh hudng nghién ctru trong
tuong lai.

2. COSOLY THUYET

2.1 Variance Preserving SDE generative model

VP-SDE [21] duoc dé xuét trong nghién clru cia Yang Song va Stefano Ermon vao nam 2021,
nam trong nhom cac mé hinh khuéch tan (diffusion models) sir dung qua trinh dao nguoc thoi gian cia
hé théng SDEs dé sinh dir liéu tir nhiu ngiu nhién. Cach tiép can niy gitp tao ra anh chat luong cao
v6i kha nang kiém soat tot sy phan bd cua dit lidu. Cu thé, phuong trinh VP-SDE duge mé ta & cong
thire (1) nhu sau:

x = —%ﬁ(t)xdt+mdw (1)
Trong do:
x(¢) 1 dit liéu tai thoi diém t.
B(t) 1a ham kiém soat mirc d6 khuéch tan
dw 1a qua trinh Wiener (Brownian motion).
Qua trinh nay bao toan phuong sai, dam bao rang tong ning lugng ciia hé thong nay khong suy giam.

Khi t - T, dit lidu x(t) tién dan dén nhidu Gaussian N (0, 1), tirc 1a mot phan phdi ngau nhién
hoan toan.

Qué trinh khuéch tan nguoc tudn theo phwong trinh & cong thire (2) sau:
1
dx = | =5 B(Ox — BO)V, logp ()] de + VB dw o)
Voi:
V, log p; (x) 1a ham diém (score function), udc lwong d6 dc cuia log-density.
dw 1a qua trinh Brownian ngugc.
2.2 Cong thirc Feynman-Kac [22]

Cho phuong trinh dao ham riéng loai parabolic nhu trong cong thure (3):

oux,t) 1 2%u(x, t) ou(x,t)
Z 4 _ = 3
% T3¢ (x,t) oz T u(x, t) e Vix, u(x, t) = f(x) )
Véi diéu kién bién 1a: u(x, T) = (x)
Trong do:

x ERvat€[0,T]; w0, ¥, V,f lacac ham da biét, véi w: R x [0,T] » R
Khi d6 cong thirc Feynman-Kac biéu dién nghiém ctia phuong trinh dao ham riéng nhu trong cong
thirc (4) sau:
T T s
ux,t) = Ble™ e VDT xy) + f e VODIF(X)ds | X, = x 4)
t

Véi X, théa man phwong trinh vi phan ngiu nhién (SDE) nhu trong cong thire (5):
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X, = p(Xp)dt + o (X, )dW, (5)
Diéu kién ton tai va duy nhét ctia phuong trinh dao ham riéng & trén la:
Toén tir vi phan phai thoa man diéu kién Elliptic hodc Parabolic.
Diéu kién bién: Phai dugc xac dinh 16 rang, thuong la Dirichlet hoac Neumann.

Tinh chat Lipschitz ciia hé sé p(x) va o(x) dé dam bao nghiém ctua SDE ton tai va duy nhét.
3. PHUONG PHAP

3.1 Khuéch tin FEYNMAN-KAC
3.1.1 Chuyén doi VP-SDE thanh phwong trinh vi phin don gian bang FEYNMAN

Phuong trinh vi phan ngau nhién (SDEs) c6 mot s6 nhugc diém quan trong trong ca ly thuyét va
ung dung thuc te Thir nhét, ching thuong khong c6 nghiém giai tich téng quat, budc phai sir dung cac
phuong phép s6 nhu mé phong Monte Carlo hodc phuong phap Euler-Maruyama de xap xi, dan dén chi
phi tinh toan cao. Thu hai, d§ nhay véi diéu kién ban dau va su khuéch dai sai sé khi mé phéng trén
khoang thoi gian dai 1am giam d6 chinh xac cta giai phap. Ngoai ra, viéc e lugng tham s6 trong SDEs
ciing 1a mot thach thire, dic biét khi lam viéc véi dit liéu thuc nghiém c6 nhiéu hozc thiéu thong tin vé
céc tham s6 co ban.

Riéng véi VP-SDEs (Variance Preserving SDEs), du ¢6 10i thé trong md hinh khuéch tan va sinh
dir lidu, chiing van c6 mot s6 han ché dang ké. Mot trong nhimg nhugc diém chinh 1a qua trinh 1y mau
cham do viéc tich hop nguoc qua nhiéu bude thoi gian dé khoi phuc dir liéu tir nhidu, diéu nay lam giam
hiéu suit trong tmg dung thuc té. Hon nita, VP-SDEs c6 thé gip van dé vé tinh 6n dinh khi huén luyén,
dac biét khi st dung budc thoi gian 16n hodc dit liéu cé dd phuc tap cao. Cudi cung, viéc diéu chinh
siéu tham s6 nhu mirc nhidu va phuong phap lay mau phu hop 1a khong don gian, doi hoi sy tinh chinh
can than dé dam bao chat luong déu ra tdi vu. VP-SDE dugc minh hoa nhu trong Hinh 1.

ﬂ Forward diffusion process (fixed)

1
Forward Diffusion SDE: dx; = 7;‘1(I)x, dt + \/i(l)rlw,
drift term diffusion term
N L
Reverse Generative = = 1 — s ] s
Diffusion SDE: dx; [ Q‘i(t)x, B(t)Vx, log q¢(x; ] dt + /3(t) daw,
—_—

“Score Function”
Generative Diffusion SDE:
1
dx; = ;.f(l)[x, + 28g(x¢. 1)) dt + /B(t) dw,
=» Euler-Maruyama:
1
Xi—1 = X + ;;J(I)[x, + 2sg(x¢, 1) At + /B(t) AL N(0,1)

Hinh 1. Minh hoa VP-SDE [23]

Tir nhitng nhuge diém ké trén, nghién ciru nay dé xuat chuyén d6i phuong trinh VP-SDE thanh
phuong trinh vi phan riéng sau do6 quy vé phuong trinh vi phan thuong dé giam khdi lugng tinh toan va
thoi gian 1dy mau cu thé:

V6i SDE duogc thé hién nhu cong thire (6) sau:
1
x=— E,B(t)xdt +/B®)dw (6)
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Tir @6, chuyén dbi sang phuong trinh vi phan riéng bang phwong phap Feynman-Kac nhu trong
cong thuce (7):

ou(x,t) azu(x t) 1 au(x t)

SN O L OY

Phuong trinh nay la mot phuong trmh dang song tiéu tan [24] phan anh dung tinh chét ciia SDE
la chuyén doi dit li¢u tir tr thanh nhicu.

=0 (7N

Muyc ti€u cta chung t6i la mong mudn hanh vi ctia phuong trinh ndy mé ta dung sy tién hoa theo
thoi gian cia phan ph01 dir liéu Paata(x) thong qua bién thoi gian dé bién d6i phan phéi nay tir phan phdi
dir liéu thanh phan phdi Gaussian rdi quay ngugc lai. V6i myc tiéu dé ra trén ching t6i s& cho vé phai
phuong trinh vi phan riéng trén bing V0‘1 ham tién hoa phan phdi bang cach két hop ham delta [25], 1di
sau do6 tinh lai nghiém u(x, t) v6i ham tién hoa phan phdi tuong tmg, cu thé nhu trong cong thirc (8):

ou(x,t %u(x,t) 1 ou(x,t
LI TR T e w105 ®)

Vi phuong trinh nay 1a mot phuong trinh vi phan riéng tuyén tinh nén nghiém phuong trinh trén
s€ ap dung ham Green, va c¢6 dang dong nhu trong cong thirc (9) sau:

umo=fcmwmw@ ©)

Trong do:

G(x,y) = ———=e
Véi: Y(t) = fot B(s)e AO-4O]gs: va két qua ham Green dua trén nghién ctru [25]

A(t) = J B(s)ds
Tham s6 B(s) dugc chon nhu trong nghién ciru [21].
3.1.2 Hudn luyén khuéch tin FEYNMAN-KAC

Muc tiéu cuia nghién ctru ndy 14 huan luyén mot mang no ron xap xi nghiém u(x, t). Dé 1am dugc
diéu d6, dya trén nghién ctru [26] ching t6i 4p dung phién ban thuc nghiém cua u(x, t) nhu trong cong

thire (10) sau:
<x - X; e_fA(t))
——w (10)

i(x,t) = 72 exp| —
Jzny o & 250
\ 1A L , . A, , o 2 .~ . —VN #(x,t)
Va két hop lay cam hirng tir nghién ctru [27]. Chang t6i chuan hoéa i(x, t) thanh v(x,t) = Taol,
4 2

gitip chuan hoa khong gian tinh toan vé 1, giam sy bung nd phuong trinh va kiém soat dugc toc do trong
khong gian dit lidu, gitip hudng cua fi(x, t) giit nguyén va do 1én da dugc kiém nghiém pha hop. Va
y=x+|lel(1 +1)™; z = |€,](1 + ©)™, céc tham sb T, m duoc chon tir nghién ciru trén, X~Pageq.
€ = (€x, €,)~N (0,0 Iy 1xn+1)

Cudi cuing, sé t6i thiéu hoa ham muyc tiéu nhu trong cong thirc (11) sau:
2
L(0) = Eceyon |l foi tle) = v(y, DI (11)

Thuit toan 1: Huin luyén Feynman-Kac diffusion

Piu vao: dir lidu D va phan phdi dit lidu HE p(c) va THC pggeq(x), trong so khdi tao 6, learning
rate ), neural network f.

Péu ra: f,(y;, t|c)

For:

Lay dong thoi hai batch ¢6 kich thudc B tir D; paarq (X): {xl-}izl75 vap(c): {Ci}izlg
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L4y méu do léch chudn {0;};_,” tr p(0)
Lay mau vector nhidu {€ = (&, €,)~N(0, 6;* Iy +1xn+1) ot
Lam nhiéu dir lidu: {y; = x + ||, [|(1 + T)™}2,
Tinh ham muc tiéu L(8) < Ee-y(o,n|1fo o tle) — v, D[,
6 < 6 —nVyG(6)

End: hoi tu

3.2 Lay miu khuéch tin FEYNMAN-KAC

Sau khi da huan luyén xong mang no-ron dé xap xi ham v(y;, t) = %, chung t6i s& sir dung két

qua nay nham mé phong dudng di cua ludng v(y;, t) va tién hanh 14y mau dé tao dit lidu. Cu thé thuat
toan duoc mo ta nhu sau:

Thuit toan 2: Feynman-Kac diffusion sampling (RK45 sampling)
DPau vao: Neural network fy (y;, t|c), didu kién ¢; tol; hypim = 1072, hypgy = T — to; to = 0;
hy = 1072(T — t,), T=20
Lay méu xy~ N'(0,1)
h < h,
DPiu ra: X,
For:i € {0,...,N — 1} do
ki < fo(xi tilc)
k, « fo(x; + ayhky, t; + azh|c)
ks « fo(x; + aghk, + bshk,, t; + ash|c)
ky < fo(x; + ashky + byhk, + cy hks, t; + a,h|c)
ks « fo(x; + ashky + bshk, + cshks + dshky, t; + ash|c)
ke <« fo(x; + aghky + bghk, + cohks + dghk, + eghks, t; + agh|c)

Xy < X; + h(p1aky + Daaky + D3sks + Pasks + Dsaks + peake)
X5 < X; + h(pisky + Pasks + P3sks + pasks + Pssks + Pesks)

err « ||x5 —x4||

if err < tol:
Xit+1 < X5
ti+1 «— ti +h

1
tol\s

e < = (G20

h < min(hyqx, Anew)

else:
1
tol
hpew = h (;)5
h « max(hmin: hnew)
Return Xy

Trong thuat toan 2 tham s6 A, Rypin, Mgy, tol va didu kién dugce Iya chon dua trén thuat todn RK45
[28], ngoai ra cac tham so (aj, b;, Piss Dis, ---) 13 hé s0 Butcher ctia phuwong phap Dormand-Prince [29], ¢6
the thay cac ndi dung nay ¢ céc tai li¢u lién quan hay trong céc thu vién hoc may nhu pytorch, SciPy [30].

4. THUC NGHIEM VA KET QUA

4.1 Dir liéu

Bo dir liéu BCI [30] (Breast Cancer Immunohistochemical) ra doi nhu mot budc dot pha trong
ung dung tri tu¢ nhan tao vao y hoc. Pugc cong b6 tai CVPR 2022 béi nhom nghién ctru ctia Liu, BCI
cung cap 4.873 cap anh huin luyén va 977 cp anh kiém thir, mdi mau dugc gan nhan chi tiét theo thang
diém IHC tir 0 dén 3+. Didu nay bién BCI thanh benchmark tiéu chudn dé phat trién cac mé hinh hoc
sdu tu dong hoa viéc phan loai HER2, hudng dén giam thiéu sai st chu quan va tdi wu hoa nguén luc
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1am sang. Ngoai viéc hd trg nghién ciru, bo dir liéu con mé ra hudng tiép can da nganh: két hop giira
giai thuat computer vision va sinh hoc phén tir, cho phép du doan dap tmg diéu tri thong qua phén tich
hinh anh. Bac biét, viéc ing dung BCI ¢6 thé rat ngan thoi gian chan doan tir vai ngay xubng chi con
vai gio, tiét kiém dang ké chi phi xét nghiém ma van dam bao d6 chinh xac cao. Bay chinh la minh
chung cho tiém niang chuyén doi s trong nganh giai phau bénh hoc.

4.2 Do do

B dir liéu BCI dua ra hai d6 do tiéu chuan dé danh gia chét lugng thuat toan 1a PSNR va SSIM
cu thé:

PSNR: Dung dé do chét luong dir liéu khoi phuc duge cta cac thuat toan c6 mat mat dir lidu.
Thong thudng PSNR cang cao thi chit lugng khéi phuc cang tét. Pon vi do (db).
MAX ,)

PSNR = 20log, (—
VMSE

Trong do:
MAX, 1a gia tri pixel 16n nhit twong img véi loai anh n bit (27~ 1).
V6i anh 8bit khoang gia tri chip nhan 6n 1 30db — 50db.
V6i anh 16bit khoang gia tri chdp nhan 6n 12 60db — 80db.
SSIM: do su twong ddng cdu tric gitra anh bi thay d6i cu triic, anh sang, suy giam thong tin véi
anh gdc can xét.
(Zyxuy + Cl)(Zny + Cz)
(12 + 12 + ¢ ) (02 + 02+c)

SSIM =

4.3 Thuc nghiém

Dé cai dat thuat toan Feynman-Kac Diffusion, nghién ctru nay str dung mot GPU A100 40GB, hé
diéu hanh Linux, huin luyén v6i 500000 vong lap. Vi learning rate la 10e-4. S dung thuét toan ADAM
VO’l (f1 =09,p6, = 0. 9999). Sir dung kién triic Unet [31] dé lam backbone neural network. Ngoai ra,
tién xur 1y dua anh vé kich thuéc 512x512 va chuan hoa dua dir liéu vé khoang [-1,1].

4.4 Két qua

Bdng 1. Két qua thuc nghiém va dbi sanh

Kién trac mang PSNR | SSIM | Result=0,4 X PSNR + 0,6 X SSIM x 102
cycleGAN [32] 16,20 | 0,373 28,860
Pix2pix(unet generator) [3] 18,65 | 0,419 32,600
Pix2pix(resnet generator) [3] 19,33 | 0,440 34,132
WMD-cGAN(our) Fair2022 [34] | 19,38 | 0,482 36,672
SRGAN [35] 23,96 | 0,450 36,584
CoCosNetv2 [36] 29,17 | 0,470 39,868
Pix2PixHD [37] 20,07 | 0,450 35,028
Feynman-Kac diffusion 19,25 | 0,569 41,840

Tir két qua & Bang 1, cho thdy Feynman-Kac Diffusion cho két qua cao nhat nhd chi sé SSIM nbi
tréi so v6i cac phuong phéap con lai. Tuy nhién, ddy mdi chi 1a phuong phap budc dau trong viée ap
dung cach tiép can dwa trén chuyén dbi phuong phap SDE thanh phuong trinh vi phan riéng. Muc tiéu
chinh ctia chung t6i 1a gi6i thiéu y tudng co ban dé khai tao hudng nghién ctru méi, thay vi khé“ing dinh
ngay tinh vugt troi hoan toan ctia phuong phap.

147



Trén Pinh Toan, Hoang Thé Anh, Huynh Thi Chéu Lan, Nguyén Thanh Long

5. KET LUAN

Trong nghién ctru nay, chung t6i da gidi thiéu mdt phuong phap dua trén y tudng Feynman-Kac
Diffusion, két hop co s& 1y thuyét phwong trinh vi phéan riéng (PDE) dé giai quyét bai toan bién d6i anh
y khoa, tir anh nhuém HE sang anh nhugm IHC. Két qua thyc nghiém thé hién trong Bang 1 cho thiy
md hinh c6 tiém nang cai thién chat lwong anh, tir d6 hd trg tot hon cho qué trinh chan doan va phan
tich ctia cac chuyén gia y té.

Tuy nhlen phuong phap hién tai con ton tai mot sé han ché. Pau tién, chi phi tinh toan ctia mo
hinh cao do can rét nhleu vong lap dé thuat toan ¢6 thé hoi tu. Thir hai, dd phuc tap khi cai dit ciing nhu
yéu cau vé kién thirc nén tang (bao gdm cé toan hoc va k¥ thuat hoc sau) 1a nhimg rao can khong nho.
Cubi cing, kha ning khai quat ciia mé hinh v6i nhiéu dang anh y khoa khac nhau van can duoc kiém
chung sau rong hon.

Trong tuong lai, chung toi tiép tuc nghién ciru cai tién k¥ thuat huan luyén va mo6 rong dir liéu de
phat huy tiém nang phuong phap Feynman-Kac Diffusion cao hon nita va gan véi cac img dung thuc té.

Loi cam on: Nghién ciru nay do Truong Pai hoc Cong Thuong Thanh phé Ho Chi Minh bao tro va cap
kinh phi theo Hop dong s6 14/HD-DCT ngay 09 thang 01 nam 2024.
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ABSTRACT

CONVERSION OF HE-STAINED IMAGES TO IHC IMAGES USING THE FEYNMAN-KAC
DIFFUSION METHOD

Tran Dinh Toan", Hoang The Anh, Huynh Thi Chau Lan, Nguyen Thanh Long
Ho Chi Minh City University of Industry and Trade
*Email: toantd@huit.edu.vn

In this study, we propose the Feynman Diffusion Generative Model for converting HE tissue
images into THC images, a result that supports physicians in developing breast cancer treatment plans.
This method leverages Feynman techniques by exploiting the relationship between stochastic
differential equations (SDEs) and partial differential equations (PDEs), an approach that has seen
significant success in previous research on SDEs. Specifically, we represent the reverse diffusion
process in the form of the Feynman-Kac formula, which facilitates the transformation from an SDE
model to a corresponding PDE system to describe the recovery process from noisy states to real data.
The use of PDEs enhances both the stability and accuracy of inference, while also optimizing the flow
normalizing objective function related to the data distribution flow. Experimental results on the
proposed model achieved a PSNR of 19.25 and an SSIM of 0.569, outperforming previously published
methods on the BCI dataset.

Keywords: Feynman Diffusion, SDEs, BCI, Breast Cancer.
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