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Tom tat

Nghién citu nay trinh bay viéc phat trién va img dung cdc thé twong tac nguyén tir hoc
may dwa trén mang neuron cho viéc mé phong cdc vt liéu hai chiéu: Germanene don 1p,
MoS; don I6p va di cau triic Ge/MoS,. Dit liéu mé phong tir 1y thuyét phiém ham mdt dg (DFT)
dwoe sir dung dé hudn luyén cdc mé hinh hoc may thong qua b cong cu DeePMD-kit nham
dy dodn nang lwong hinh thanh va luc nguyén tir. Két qud cho thay phirong phap hoc mdy cé
khd nang dw dodn chinh xdc gian do ndang lwgng toan phan ciia hé, ngay cd khi dir liéu hudn
luyén bi gidi han. Tuy nhién, cac dw doan vé lyc nguyén tur tuy dat do chinh xdac twong doi
nhat la trong cdc tinh todn trang thdi phonon ciia hé. Cdc cdu hinh mgng neuron 161 wu da
duge xdc dinh cho ting hé vt liéu, giup cdi thién hiéu sudt hoc mady. Két qua nghién cleu nay
khdng dinh tiém nang ciia hoc may, dac biét la cac mo hinh hoc sau, trong viéc tang toc mé
hinh héa nhiét dong hoc ciia cdc di cau triic 2D véi chi phi tinh todn thdp hon ddng ké so voi
phirong phap 1y thuyét phiém ham mdt do. Ngodi ra, nghién civu ciing nhan manh sw can thiét
cua cac tap dir liéu da dang hon nham ndng cao do tin cdy trong dw doan lyc cho cdac mo
phong dong luc hoc.

Tw khéa: Hoc may, hoc sau, mang neuron.

Trich dan: Nguyén, H. P., Duong, T. N., Nguyén, D. K., & Ping, M. T. (2025). Nghién ctru
tinh chat nhiét dong luc hoc cua hé vat liéu hai chiéu Ge/MoS, thong qua 1y thuyét phiém ham
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Abstract

This study presents the development and application of machine learning interatomic
potentials based on neural networks for simulating two-dimensional materials, specifically
monolayer Germanene, monolayer MoS,, and the heterostructure Ge/MoS,. Using first-
principles molecular dynamics data, the ML models were trained via the DeePMD-kit
framework to predict formation energies and atomic forces. The results demonstrate that
machine learning can efficiently capture energy landscapes with high accuracy, even with
limited training data. In contrast, predictions of moderately accurate atomic forces exhibit
higher absolute errors, particularly affecting phonon calculations. Optimal neural network
configurations were identified for each material system, enabling enhanced learning
performance. This work confirms the potential of machine learning, particularly deep
learning-based potentials, in accelerating thermodynamic modeling of 2D heterostructures
with significantly reduced computational cost compared to traditional ab initio methods.
Additionally, it underscores the need for more diverse datasets to enhance the reliability of
force prediction in dynamical simulations.
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1. Giéi thiéu

Khoa hoc vat liéu dang budc vao ky nguyén méi nho tich hop cac phuong phap hoc may
(Machine Learning — ML), déc biét la cac m6 hinh hoc sau. Viéc Kkét hop m6 hinh ML da cho
thay nhimg dot pha trong viéc kham pha va thiét k& vat liéu méi bang cach khai thac dit liéu 16n
va mo hinh héa cac mdi quan hé phi tuyén giita cau tric va tinh chat vét liéu. Thanh cong tiéu
biéu cho su két hop nay 1a GNoME ctia Google DeepMind, str dung ML dé du doan hon 380.000
vat liéu méi, mo rong dang ké viéc khai phé cac vét liéu tiém nang (Merchant & cs., 2023;
Szymanski & cs., 2023). Gan day, cdc mo6 hinh mang neuron dd thi (Graph Neural Networks —
GNNs) di chimg minh hiéu qua vuot trdi trong viée dy doan tinh chat cta khung kim loai hiru
co (Metal-Organic Frameworks — MOFs) véi d chinh xac cao (Zhang & cs., 2023). Bén canh
do, cac ky thuat nhu hoc chuyén tiép va md hinh sinh (Generative Adversarial Networks —
GANs) dang duogc ap dung dé thiét ké hop kim entropy cao (High-Entropy Alloys — HEAs), mot
trong nhiing thach thirc 16n trong vat liéu hoc tinh todn (Badini & cs., 2023; Saxena & cs., 2021).
Gan déy, goi phan mém DeePMD-kit dugc phat trién manh mé ding dé xay dung va 4p dung
md hinh hoc sau cho cac mé phong dong luc hoc phan tir. DeePMD-kit cho phép tinh toan cac
tinh chét vat liéu nhu nang luong, luc va cc dai luong khac véi d6 chinh xac cao, hd tro nghién
ctru vat liéu 2D va hé dj ciu tric (Zhang & cs., 2018).

Germanene 2D, vat liéu so hitu cau triic mang tinh thé luc giac tvong tu graphene nhung
v6i tinh chat dién tir dic trung nhu hiéu @mg spin — quy dao manh va kha ning mé rong do
rong ving cam dudi tic dong tir cac yéu t bén ngoai, 1am cho né trd thanh vat liéu tiém ning
cho cac linh vyc spintronics va dién tir (Coello-Fiallos & cs., 2017). Bén canh d6, molybdenum
disulfide (MoS,) 12 mot vat liéu tiéu biéu trong nhom vit liéu 2D chuyén tiép kim loai —
chalcogenides (Transition-metal dichalcogenide — TMDs) (Dang & cs., 2025; Tran & cs.,
2022; van der Laan & cs., 2023), véi do rong ving cam truc tiép khoang 1.8 eV ¢ dang don
16p, phtt hop cho nghién ciru ché tao transistor va cam bién quang (Rai & cs., 2020; Wang &
cs., 2012). Viéc két hop hai vat liu nay thanh vat liéu di ciu trac dang 16p doi
Germanene/MoS: tao nén hé vt liéu c6 thé diéu chinh linh hoat tinh chét dién tu, déng thoi
nang cao hiéu suit tach dong dién tir — 15 tréng. Cac tinh toan Iy thuyét gan ddy xac nhan tinh
6n dinh va kha ning diéu chinh do6 rong ving cdm cua cdu tric di thé nay, mé ra hudng phat
trién vat liéu 2D da chtrc nang thé hé méi (Pang & cs., 2021).

Trong nghién ctru ndy, ching t6i phat trién mé hinh hoc may sir dung géi phan mém
DeePMD-kit dé ung dung vao vat liéu Germanene, MoS: va hé di cAu trac Germanene/MoS:
(Ge/MoS,) 2D, dua trén dit liéu dong luc hoc phan tir. Cac mé hinh duoc t6i wu hoa céu trac
nham du doan nang lugng hinh thanh cda cac hé khao sat, mdt chi s6 quan trong phan anh do
6n dinh nhiét dong cta hé. Cac két qua chinh s€ xac dinh cAu tric mang neuron ti wu cho viéc
huén luyén cho cic md hinh, cu thé ching t6i tip trung vao s6 luong neuron ctia mang khép
(fitting) nham dat duoc su tdi vu vé do chinh xac trong viéc dy doan lyc va nang lugng. Mo
hinh t6i wu nhat s& dugc huin luyén ting cuong dé xac dinh do thi Phonon.

2. Phuwong phap nghién ciru
2.1. Descriptor va mang neuron

Trong nghién ciru sir dung phuong phap mé ta nhing hai ddi tugng theo phuong phap

204



Tap chi Khoa hoc Dai hoc Do”‘ng Thap, Tap 14, S6 Dac biet 04S (2025): 202-213

DeepPot-SE (two-body embedding DeepPot-SE descriptors). Theo d6 cau hinh nguyén tir cuc

b s& duogc biéu dién thong qua khoang cach ciia hai nguyén tir, cu thé giita nguyén tir i va cac

nguyén tir j 1an can trong ban kinh cat (cutoff radius). Phuong phap anh xa nay gitp bao toan

cac dbi ximg xoay, tinh tién va hoan vi ciia hé nguyén tir (Zhang, Han, Wang, Saidi & cs., 2018).

MBoi trudng cuc bd ¢ thé duge mo ta bang ma tran R¢ € RN*3, trong d6 N; 14 s6 lugng

nguyén tir trong ban kinh cat.
R = {rfy o rt s 1= (%0 Vi 7).

Céc dic tinh ciia moi trudng nguyén tir cuc bdo R* cho mdi nguyén tir s& duoc anh xa

bang mang neuron vio gia tri ning luong cuc bd E; ciia nguyén tir d6, sau d6 nang luong toan
phin s& 13 tong cua tit ca cic ning luong cuc bd (Behler & cs., 2007)

E%(R) = Z E"(RY) = Z E;

Trong d6 a; dac trung loai nguyén tir i va wg, la mang khép nang luong gidng nhau
cho mdi loai nguyén tir. Trong qua trinh huin luyén cac tham s6 ctia mang khop s& duoc diéu
chinh dé dua ra anh xa t6t nhat.

Luc tuong tac c6 thé duoc xac dinh bang ma tran F(R) = F € RVNX3

F=-VgE (Fj=—Vg,E)

Ham 13i duoc ching t6i sir dung duoc xay dung trén sai sb toan phuong trung binh
(MSE) ctia gia tri nang lugng va luc (Zeng & cs., 2023)

L(pe,p w)=i |Ep — EY|? + ps|Fp — FY |2
e Df I1B] DelLy ¢ PriSe ¢
leB

Trong do pe, pr la trong s6 cua nang lugng va luc; B 1a kich thude batch. Khi huén luyén

céc gid trj p, duoc cai dit ting dan tir 0.02 dén 1 va py duoc cai dit giam dan tr 1000 dén 1.

2.2. Chuén bi dir li¢u va phwong phap huén luyén

Ban dau chiing t6i tao hai mau vat liéu Germanene va MoS,, va mau di clu trac
Germanene trén dé MoS; c6 s6 lwong nguyén tir 1an luot 1a 32, 75 va 107 (Hinh 1). Cac cu
trac trude tién duoc tdi wu bang goi phan mém Vienna Ab initio Simuation Package (VASP).
Mau sau d6 duoc str dung dé chay mé phong dong luc hoc phan tir bang phwong phap phiém
ham mat d¢. Mo phong sir dung tap chinh taic NVT & nhiét o 300K, 300 budc mo phong dugce
duoc thuc hién véi bude thoi gian 1a 3.0 fs.

Thong tin vé ciu hinh toa dd nguyén tir va ning lugng duogc luu tri trong file OUTCAR,
s€ duogc dung lam dir liéu huén luyén mo hinh. Tap dit liéu cho mdi mau cta ching toi gém
¢6 300 bude md phong dong luc hoc phan tir tir nguyén 1y dau tién, 80% tirc 240 frame s&
duoc stir dung lam tap huén luyén va 20% con lai tirc 60 frame dugc dung lam tap kiém dinh
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ddc 1ap, d6 chinh xé4c cia cdc md hinh vé mét du doan lyc va nang lugng s€ duoc danh gia qua
hé so chinh xac R2.

9 o o o

Hinh 1. Géc nhin tir trén xudng va canh bén ciia a) Germanene don 16p,
b) MoS; don 16p va c) hé di chat Ge/MoS; sau tbi uu.

Qua4 trinh huin luyén duogc thuc hién theo phwong phap hold-out, déi véi mdi tap dir
liéu chiing t6i s& chon ngau nhién cac frame theo ti 1& 80/20 lan lugt cho tap huén luyén va
kiém dinh. Dé giam thiéu sy ngiu nhién cta dit liéu va dir liéu bi han ché, v6i mdi cdu hinh
neuron, qua trinh huén luyén s€ dugc lap lai 10 lan dé 1§y trung binh d¢ chinh xac cua lyc (d0
chinh xac ctia Iyc ctia mdi lan lai dugc 1iy trung binh d6 chinh xac ctia ba huéng x, y va z) va
nang lugng, riéng cau tric Ge/MoS, mdi c4u hinh neuron dugc 13y trung binh ctia 5 1an lap.

Céc cAu hinh neuron cia mang fitting dugc ching t6i sir dung 1a [20,20,20]; [25,25,25];
[30,30,30]; [35,35,35]; ...; [60,60,60]; [65,65,65]; [70,70,70] tong cong 1a 11 ciu hinh. Quéa
trinh chon loc mé hinh dwoc dit s6 budc hudn luyén & 10.000 bude. Khi di co ciu trac mang
neuron tdi wu ching toi s& hun luyén mé phong ting cuong & 100.000 bude.

Sb neuron ctia mang descriptors 13 [5,10,20] cho céu triic Germanene va [10,20,40] cho
cac ciu trac MoS, va Ge/MoS,. Ban kinh cét (cutoff radius) duoc cai dat bang 6A. Viéc cai
dit nay gitp tinh dén cac cac twong tac tim xa. Pic biét 1a twong tic Van der Waals giira hai
16p Germanene va MoS; trong céu truc di chat. Ham kich hoat 1a ham tanh, tdc d6 hoc duoc
khoi tao & gia tri 0.001 giam dan dén gia tri 3.51x10® . Kich thudc batch dugc dat auto.

Qua trinh trinh huin luyén dwoc thyc hién end-to-end bing gbi phan mém DeepMD-kit
(Zeng & cs., 2023) va dugc chay trén moi truong Notebook Colab. Learning curve cia qua trinh
huén luyén duoc ghi nhan lai dé danh gia d6 chua khép (underfitting) va qua khép (overfitting).
Sau khi huén luyén qua trinh kiém dinh duoc thuc hién. Cac md hinh hun luyén dat chét lugng
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tdt nhét co thé dugc st dung nhu mot bo thé hoc may. Céc goi phén mém LAMMPS va Phonopy
duogc ding dé tim d6 thi phonon (Thompson & cs., 2022; Togo & cs., 2023).

3. Két qua va thao luén

Quan sat biéu d6 vé mdi quan hé ctia d6 chinh xac lyc va ning lugng vao ciu tric mang
khép (Hinh 2). Ta thiy déi v6i cdu trac Germanene (Hinh 2a) do chinh x4c trung binh cua
luc 6n dinh véi ciu trac mang fitting, nguoc lai d6 chinh x4c trung binh cta nang lugng lai
bién thién theo cAu tric mang fitting. Cac gia tri trung binh lyc dugc hoc hi¢u qua va nhanh
chong dat dugc do chinh xéc cao (0.8~0.9), trong khi d6 vdi do chinh xac bién thién 16n va
thép (0.2~0.6) ta théy nang luong chua dugc hoc hiéu qua. Tu dd thi ta théy cAu hinh neuron
dé dat dugc do chinh xé4c t6i wu nhét 1a [35, 35, 35].

Ddi véi cu triic MoS, (Hinh 2b) d¢ chinh xac cua nang luong cao hon va 6n dinh hon
s0 voi lyc. M6 hinh hoc hiéu qua dir liéu nang Iugng voi do chinh xac nhanh chong dat ¢ murc
~0.99, tuy nhién d6 chinh xac tir dit liéu luc thap va kém 6n dinh hon (bién thién trong khoang
0.86~0.89). CAu hinh neuron t6i wu nhat cho do chinh xéc cta luc va nang lugng 1a [25,25,25].

Dbi véi mé hinh cho ciu trac di chdt Ge/MoS, (Hinh 2¢), d6 chinh xac ctia ning lugng
cao hon va 6n dinh hon so véi luc. M hinh hoc rat hiéu qua tr dit liéu nang luong vdi do
chinh x&c nhanh chong dat ~0.999, dir liéu clia nang lugng dugc hoc cham hon véi do chinh
xéc bién thién & khoang ~0.75. CAu hinh neuron t6i wu cho do chinh céc cua luc va nang lugng
la [55,55,55].

Céc cAu hinh neuron tbi wu cho cac ciu tric Germanene, MoS; va Ge/MoS; s& duoc
huén luyén & 100.000 budc. Qua trinh hoc tap ciia ba mau duoc ghi nhan lai trong dd thi ¢
Hinh 3c¢. Két qua huén luyén cho thiy cac mé hinh déu cho két qua kiém dinh 4n twong. Diéu
nay ching cac mo hinh c6 kha nang hoc hiéu qua tur dir li€u dau vao, néu str dung cAu tric
mang neuron va cac thong s hop 1y. V6i do chinh xac (R?) clia vé nang luong va lyc (trung
binh theo 3 phuong x, y, z) ciia mé hinh cho cau triic Germanene 13 0.902 va 0.965 (Hinh 3a,
3b); cho céu triic MoS; 13 0.999 va 0.987 (Hinh 4a, 4b); cho ciu traic Ge/MoS; 1a 0.999 va
0.941 (Hinh 5a, 5b).

Quan st dd thj kiém dinh ning lwong cta ciu tric Germanene (Hinh 3a), tuy d6 chinh
xéc cho gia tri kiém dinh ctia nang luong 13 0.902, gi tri nay kha thip khi so véi hai cdu truc
con lai ~ 0.999 (Hinh 4a, 5a), tuong tmg véi sai sd tuyét ddi vao khoang 1.95meV (Béng 1).
Hon nita quan sat do thi learning curve (Hinh 3c), gia tri ciia ham 13i cho ning lugng (dudng
xanh duong va xanh 14) d4 bat dau di ngang rat 6n dinh nhung chua bi qua khép. Tuy nhién
qua trinh hoc ctia luc cho thiy su qua khdp nhe, khi dudng mau tim cao hon dudng mau vang,
gia tri sai sb tuyét dbi cua luc cho ¢ khodng 64.7 meV/ A (Bang 1). Diéu nay chung to, néu
tang s6 budc huan luyén thém thi d6 chinh x4c vé ning luong khong ting va do chinh xéac vé
lirc lai con giam. Piéu nay khong bit ngd khi & qua trinh chon loc md hinh, cac mé hinh cho
cAu trac Germanene thé hién gia tri kiém dinh nang luong th?ip hon gia tri kiém dinh lyc (Hinh
2). Hién tuong nay co6 thé dén tir ban chat dit liéu ning luong cua ciu tric Germanene. Quan
sat dd thi kiém dinh lyc cia cAu trac Germanene (Hinh 3b), kha nang hoc ciia mo hinh cling
kha tét khi cho do chinh xéc 0.965.
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Hinh 2. Sy phu thudc twong doi ciia dd chinh xac ciia lwe va ning hrong
v6i cac ciu hinh mang neuron ciia a) Germanene, b) MoS; va ¢) Ge/MoS,.
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Két qua kha quan hon & hai ciu triic MoS; va Ge/MoS,, gia tri kiém dinh ning lu’orng
ctia hai mau nay cho thdy d¢ chinh xac rat cao ~0.999 (Hinh 4a, 5a) tuong tng véi sai s6 tuyét
d6i 1an luot 12 0.486 meV va 0.543 meV (Bang 1). D6 thi learning curve (Hinh 4c, 5¢) ciing
cho thiy hiéu suat hoc ning luong da dat toi da khi duong hoc d 6n dinh va di ngang (dudng
mau xanh duong va xanh 14). B¢ chinh xac cao cia dd thi nang lugng thé hién kha nang hoc
t6t vé nang luong ¢ hai mau nay (Hinh 2). D4i vé6i gid tri kiém dinh lyc tuy da dat ¢6 chinh
xéc kha cao (0.987 cho MoS; va 0.941 cho Ge/MoS,) nhung db thi learning curve ctia hai mau
van con dang giam va chua di ngang (Hinh 4c, 5¢ — duong mau tim va vang) chimg to qua
trinh hoc chua dat gia tri théng ké mong mudn. Quan sat dd thi kiém dinh luc hai céu tric
MoS; va Ge/MoS; (Hinh 4b, 5b) cho do chinh xéc 1an lugt 1a 0.987 va 0.941. Gié tri sai s
tuyét dbi vé luc ctia hai mo hinh dat 30.3 meV/ A va 35.2 meV/ A 1an lugt cho cau triic MoS;
va Ge/MoS; (Bang 1) van con tuong dbi 16n.

Hé qua 1a quan sat @b thi phonon cia cdu triic Germanene va MoS; (Hinh 3d, 4d) ta
thay két qua gid tri tn s6 phonon dugc tinh tir bo thé hoc may xuét hién cac nhanh 4o, dong
thoi sai 16ch rat 16n so v6i cac nghién ctru tinh trude day (Jiang & cs., 2013; Peng & cs., 2016).
Diéu nay cho thay cic du doan vé d6 16n ciia lyc ctia md hinh 1a chua dang tin cdy, gdy ra su
sai 1éch 16n trong gia tri phonon vbn duge tinh tir gia tri lyc dugc du doan thong qua bo thé
hoc may. Nguyén nhan c6 thé dén tir viéc dén tur viéc dit lidu chua duoc phong phu dé mé hinh
¢6 thé dua céc céc tinh toan c6 y nghia cua luc.

a ® Energy o b 20 e Fx poL
=0 o 151 X B o%s”
y=1.055x + 6.966 //” Fz

109Rx2 =0.978
05 {Ry? =0.981
004Rz2=0.936

3 001 i
o5 R2mean = o.ii/
3
-1.0 =
-1.5 A "j

b
X

-126.2

-126.4 1

pred_e

-126.6

-126.8

-127.0 1 =20
-127.0  -1268 1266  -1264  -1262  -126.0 =200 =15 <B0 =05 00 05 E0) 5 20
data e data
0.10 T T
c —— Energy, training [ 107 d 89 M
—— Energy, validation I1
0.08 Force, training 60 w B

—— Force, validation

4
o
3

H
b
Force RMSE

Frequency

0.04

Total Energy RMSE

0.00 -20

10? 10° 10¢ 10°
Number of steps

Hinh 3. P thi kiém dinh ning hrong (a); do thi kiém dinh Iyc (b);
dd thi learning curve (c); d6 thi Band-dos phonon ciia Germanene (d)

209



Tap chi Khoa hoc Dai hoc Déng Thap,

Tdp 14, S6 Dac biét 04S (2025): 202-213

pred_e

-522.5 4 b "
® Energy Wl e Ex
-525.0 1 . B =
y=1.001x + 0.702 Fz ;
-527.54 R?=10.99988 , Rx?=0.981
-530.0 1 Ry? =0.982
Rz2=0.997 ,
-532.5 1 3O .-
2 RZmean=0.987 _4&#
-535.0 1
-2 Z
=537.5 A
L4
~540.0 1 4
-542.5 4
- - - - - : : : : : : : : :
-542.5 -540.0 =537.5 =535.0 ~532.5 =530.0 =527.5 =525.0 ~522.5 -4 -2 0 2 4
data_e data
0.14 = Energy, training d
—— Energy, validation | 107} 120
0.12 Force, training 100 B
—— Force, validation
i 0.10 80
2
w
3. 0.08 1022 T g
= z g
] ©
& 0.06 g E 40
= & =
e
0.04 20 F
3 -3
0.02 10 0
0.00 -20 A )
g = 2 B r M K 0.0 Doso.s

Number of steps

Hinh 4. Do thi kiém dinh ning lrong (a); d6 thi kiém dinh lyc (b); @ thi learning curve
(c); db thi Band-dos phonon ciia MoS:; (d)

pred_e

@ Energy b 2 e Fx
x By
6627 | y=1.008x +5.632 Fz
R?=0.99911 1Rx?2 =0.925
-664 1 Ry? =0.917
- JRz2=0.981
B 0
—666 7 = R’mean=0.941
14
—668 1
-670 1 21
T T T T T
-670 —668 —666 —664 -662 -2 -1 0 1 2
data_e data
—— Energy, training
c 0.05 S—— —— Energy, validation
Force, training
—— Force, validation
0.04
ﬁ 2
107
z #
? 0.03 E
= £
g 0,02
0.01 103
0.00

10?

10°

10%

10°

Number of steps

Hinh 5. P thi kiém dinh ning lwgng (a); d6 thi kiém dinh luc (b)
va do thi learning curve (c) ciia Ge/MoS2

210



Tap chi Khoa hoc Dai hoc Do”‘ng Thap, Tap 14, S6 Dac biet 04S (2025): 202-213

Bang 1. Sai s6 tuyét doi trung binh (MAE) lwc va niing lwgng trén mdi nguyén tir
cia cic mo hinh

E (meV) F (meV/ A)
Germanene 1.95 64.7
MoS: 0.486 30.3
Ge/MoS2 0.543 35.2

4. Két ludn

Két qua huan luyén cho thiy cac mé hinh ¢é d6 chinh xac vé luc va nang luong cao trén
tap dir liéu doc lap. Voi cAu hinh neuron t6i vu dé huin luyén cac mo hinh ctia cac cAu tric
Germanene, MoS; va Ge/MoS; vé6i kha niang hoc tot tir dir liéu DFT, phuong phap thé hoc
may cho thiy tiém ning trong viéc nghién ctru cac tinh chat nhiét dong cua vat liéu 2D véi chi
phi tinh toan t6i wu hon so véi cac phuong phap truyén thng. Cac phuong phéap hoc sau dat
dd tin cay cao hon khi mo6 ta qua trinh bién ddi cua hé vé mat nang lugng nhung lai thé hién
sai s tuong ddi 16n khi can dy doan chinh xéac vé luc. Dé nang cao kha niang du doan vé luc
cho cac nhu ciu tinh toan phonon hay mé phong dong luc hoc phan tir ta cin phai c6 mot tap
dir liéu phong phti hon dé c6 thé mo ta chinh xac duoc gradient cia mit thé ning lugng.
Loi cam on: D& tai nay duoc tai tro boi Truong Pai hoc Can Tho, Mi s6: TSV2025-186.
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