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Abstract

The surface states of topological insulators, characterized by spin-momentum locking, time-rever-
sal symmetry protection, and weak antilocalization, serve as a prominent platform for investigating
low-dimensional quantum transport, coherent manipulation, and spintronic devices. In realistic de-
vices, however, the surface-state conductance is concurrently influenced by Fermi-level drifting,
nonmagnetic disorder, magnetic impurities, finite-size effects, contact resistances, as well as elec-
tron-electron and electron-phonon interactions. Conventional analytical models and point-by-point
numerical simulations struggle to efficiently identify the dominant decoherence mechanisms
across a multidimensional parameter space. To address this challenge, we propose a physics-con-
strained neural network framework tailored for transport in topological insulator surface states.
The surface Dirac Hamiltonian, Landauer-Biittiker conductance formalism, time-reversal reciproc-
ity relations, and weak antilocalization corrections are explicitly embedded into the loss function,
while the conductance, magnetoconductance corrections, coherence length, and Hikami-Larkin-Na-
gaoka coefficient are formulated as multi-task learning targets. On standardized numerical samples,
the proposed physics-constrained network achieves reduced conductance errors and lower reci-
procity violations compared to a conventional multilayer perceptron, while also providing inter-
pretable decomposition of decoherence channels. Our results demonstrate that integrating topo-
logically protected transport laws with data-driven learning offers an effective pathway for rapid
characterization of complex samples, identification of decoherence origins, and inversion of device
parameters.

Keywords

Topological Insulator, Surface State, Quantum Transport, Neural Network, Decoherence,
Weak Antilocalization

Copyright © 2026 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

AN I 00 R R R S S A I AR RS RN BRI BHE, TR
PR 1 41 H S8 T R AR A SR R 26 MR BAL o  F = idAatet, — ST A
A6 8/ Dirac HE, HrL T e 5587 190 B0, JAE O 72 b 2 0 (37 A0 U
L U e UR IR TE RIS A R, I R O R S TR
ST BT R ORI E - B BRI R (1)

WER A R, R ARIE I Rt MR o[ . SERRRE R b pE B
VT HA . REIEM . AIE. GO, BEPEB A 3 TR LK s T 5 S R . 641
{5 R 4 R I ) S OB R A M B 28 R Kramers Dk P02 TSGR 2 IR, AEA IR T
PERCH 2 B AT 05, R MU B AT 2T A RE B m Berry ARRL. DRLUE, 7ES00 P WLEEE 1
1S 6 Aharonov-Bohm fiéi% . 38 1 SHEVAFISE [ R ALIE, BRI FURIN 5T R RS
PRI G RN R SIS 05— SR, SIS SRRME . S b Al s
Fh RN R AR, A E A BB 2]

DOI: 10.12677/mp.2026.165019 175 A B


https://doi.org/10.12677/mp.2026.165019
http://creativecommons.org/licenses/by/4.0/

TR 7

YT E R SRR R IR AL SRS R A T B R RTE TG0, HeTe/CdTe &1 B A I i 53K
helical W44 HEL, RIS b o] @i V845 B 08 S 8 48 2000 5 P04 2 [ [ P A AR 3]0 X —E = =
PRI AR R TS FIRE R A J R X MR A TE 5 Al ] DLor B, iz & v g 3R Jey 38m 1
SR IBACTIAR T4 3 (8 B ML 5t A RS RS . RE T, =4 R R AR IR S i, AN
WREEDHOR BRI VI R E SH, P REAE B 80 SRS DT R A D R T A IR AT

Bi2Se3. Bi2Te3 il Sb2Te3 Z544 #} AL EAG AH T ] 51 (1) B Dirac HEZ [ 15 1M A 2 10 A Hiis ) 32 %
W R PR ALE AR RS R W, X ARHE Dirac fSHE AT /b B USEHR, E& 50 Wiz
PRI GE (4], (ERES &R 2R N T a5 N KEIEHABNE, FAFKEES. R, R
I JE P L ] vk e SEPR L S o N T AEZ S HUS I R A I - LD ROATIEE R, T AR RE I
SRBHE U T RS AR B 7 i . ARSI R RUE R P2 W 2 ) AR 2R M@ I B ) S 4 Hh e
LWL G, BB A LR, T B4 H mT A 56 R IR AR T AR R

2. RESEFENYIEERE

= AN A 2 T A AL 5 AR 44 IR lessDirac SOk THU 25 2 J7 1 R H: 2%
AW B T RO . Fob v, ABOKIERE, o, o, o8 Pauli FE, U(r) R AR
VERFFH, M. (r)o, FomBite MO S HIAT,  H,, AR BT AR 5 A BB . JER
PES A EL DRI 1] SRR, TTRAME T2 50 Kramers SRHITE5H, &2 1R 5 S22 46 (X 41 i

AHF-IETE (1 A o
H, =hv,(ok,—0,k )+U(r)+ M. (r)o, +Hyy, (1)
TE SR 2 X (8], 3 L5 A BRSO AR RE BRSP4 Green BRLZG HH X T-Re & E_F T MIAH T4z,
Landauer-Biittiker %305 H3(2), [tT(EF)t(E;)]j@AkZEHiﬂ%iﬂ%iﬁ%ﬂ%ﬁﬁﬁ%ﬁ#%ﬁﬁEO ZARMENAET,

HLRANE SRR TR B B BB AR A DR MORE A R LT R SE 32 5 r RS
AFEAR S AF T 2RI B E AN F B S Bl

G(E,) = Trl (B u(E,)] @

AR AT ER R T AEAL B FE b 2R E AR AL R RIS R . T BOE AL FAH T L, (T) 5B AHF
18] 7, IR AR AT G NRGB), DAY B SO TR i TYEEES M. BT - T EEAE
FEARIRIX 5T, BT - A T HUN AR R I B R Y 0, 2 o S 4 Pk v 12 (R DAL FEE 95 MR IR
RS, AN ARG P AR i ok v JU) 2 SR B it A S T BRI 3 o

L,(T)= ,/Dr¢, t,) =T 4T, T, Ty, (3)

RIMASH) nBerry ML 2 3 BURREI7 I H L5 S5 Ry kAL Ve« il HL 42 12 % A Hikami-Larkin-Nagaoka
Ak, W@ FTR, Ky o digamma BEL B, 15 L ARDR, o RBUH RO @B HU S BRI -
FUURARREPE A, 59 SR A FTAE — 5 Y B P ARREs 5 5T NBEPEZ B, o Berry ARBLMEBIR, o 55 L)
RFHWAR, XIHIBORA T RIS T REUREH6].

62 1 B¢ B¢ h
AG(B)=a —+—Ll-m| L], B,=
(8) 2ﬂ2h{w(2 B B P el

Ak JLIE 251N Aharonov-Bohm T35 . FoL - RE i ] AL AR IR, f0i8 530 U8 pR BOAH A, {8 PEL

(4)

DOI: 10.12677/mp.2026.165019 176 A


https://doi.org/10.12677/mp.2026.165019

[REIFS

ol S I h/e B h/2e FIWAIRY o FLIRMEBHIEE LMl e s il FHRELL, , 7T 555 =8
AV E 45 AT ELR S o AR AT SEB0 I T ) Aharonov-Bohm 41835 1 M8 35 T LTS8 B A T AH 4% 75 1)
RS, BT T R R U L 5 0 $h R A iz i S B [ 7).

MIERIRSEREE

ik G KA 2 I 2 i O BT, AR SCHE A ERASE R R TN A RAE R R . B, RINAS
AR I AKBETE 7T (5. Dirac HEIT AR, PKBEHAL T Dirac s HA R ALEHIX AN 2B, %
B R AL T2 PR B, A 2 B8/, B B SRR R ML SR IE s BB, R T
IO B Bt HE X ], RIS A BN T 8RB, AT BEAT) 2 DL 55 I R 384k
B}, Aharonov-Bohm T ZEVYU, AERENETC 7 AN 5 B IR B [R] SR B, WMEZR . A8 43z A AR g 75 )
I AT A NIRAH I FaR R e TS OB S0E TR KA R s < R TS
DY N 7 eI (572 4 S T I 029 5 P 7 B 7 N S <€ 773775 = o8

FEAR 2, ASCH HLN 29 50ORUH K BEIR FE AR E 20E T4 Bz X o 488K AR T 84
T35 AR . FEAOE B B BRAR . I SV o 2 B, R R R E RS . A S R D
BEIE. A2 A0 R BRI E, A EER R Y RO R I L iR KU WAL 262
W X T oRIE S X, R E R 341 2K pR A T BU B 2R A WAL 293, JF 51 NHURHE R
Fabry-Pérot T3 &1 RS2 P H BiE. Bl W] R S5 M B2 R Bl N\ A2 &

X T AR 2% B4R, A A 7R B — 0 o 9, /58 E e PUE RS & B2 K REIZ % Dirac
s, AR I, Rashba B LT % LUK & M 2l & 50 0] BE O RE L -3 PR A g 2 7E 22 gy BUR R AR &
TERE Y, B RAEE R R, fFEINRSIFECGEIE . BN RESHG M 2 581 s T
TESREEIA T, RRWREEN Landau 20X, WEIEEME T FIEE S KA BWE RN,
Onsager H 521 . HLN 23R FUE A TR o] I Y 75 EHR g [8]. Bk, ACHEZTE&E & 1E NS
T HEEY BER AR i TR, MAZBEREE S AR, 700 s BAE s ts e .

3. MIERLY R MR ZIRAELR

ARSNGB RAT 55 78 Xy N AT 45 S HOR ) it £ v [R] i T iz = R A 48 AR . N & x B AE 2
KEERE, - EWAB . WET . LFmEW  8HEKE L STEEw . BRG] p, « RIH/AFFRE
K 77, LA RANIEAH T A THE . far ) & y B0 5 G . MBS IEAG . S5 BB R o
TR L, AF BT EIERE q,,.q,,.9,, G0 - G2 HZAEFBUNTE .

v=1,(x),  x=(E..BT.W.Lwp,n,.L),  ¥=(G.AG.a L0009 ) %)

3.1. MEESIIGESHIRE

SRR ] I, AR SCHE RIS A TR 2 MLP B2 R 2 )2 IR AN N 3 T 25
MNZHERME, - BN T W Ly w-s p,~ n, PG T A THE L(; SR B LI B 128 4EFR SR,
FANFRERE “4#ERZ - LayerNorm - SiLU #3% - Dropout - &2 MR, FRiE 1S5k 2 E %S
fift 22 I3RS B3 G PRIRE B R 0. it o R B = ME S50 3 S — o XA — ik 5 G 54 18
EAG, H 3SR R R o SHTKE L, % =481t Softmax fth B - HF. BT
- AT BRI BN A SRR TEIER E g, v g, G Qo o FHPHEIREIAAE, ZAESHHRE
B IETLE S R RN 2 2 TR ERM WAL SEIE, M « il & EsELH#
FEEE R BT DOL.

DOI: 10.12677/mp.2026.165019 177 A


https://doi.org/10.12677/mp.2026.165019

TR 7

WK AdamW LALs, AR RER N 1.0x107, WIHAESIEN1.0x107, FHRHATZIE K
S NFEAR1.0x107° o HEEK/ANEN 256, SRIZREEECH 300, FIGUFAERIESE 30 /> epoch K T,
T FERTAS RIS BHE AL ] 70%/15%/15%K1 43 RN GREE . BRAESERIMREE . S 1 8 5 )| Zr ) A4 B A%,
Z RS HRINE, VERBURBEAEVIGER Be— X RN, TR AERT 50 A epoch P H AR E ) 0.1
Rt m 2 AR ASCRAMEEMBKLER . IIGSHAEB R ENE | FiR.

Table 1. Network architecture, training hyperparameters, and loss weight settings
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Figure 1. Workflow of physics-constrained neural network modeling for quantum transport of surface states in topological
insulators
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Table 2. Neural network input variables, normalization, and implications of physical constraints
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Figure 2. Conductance distribution predicted by the physics-constrained neural network and reference contours
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Figure 3. Schematic results of decoherence channel decomposition and temperature-dependent coherence length
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