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Abstract

Neural combinatorial optimization (NCO) has emerged as an effective approach for routing prob-
lems by learning from instance-solution pairs and achieving competitive performance on stand-
ard formulations. However, when routing problems are reformulated with new objectives, pref-
erences, or constraints, existing trained models are often no longer directly applicable. Moreover,
under such new problem settings, obtaining optimal solutions as training data usually incurs high
computational cost, which limits the practicality of retraining deep models from scratch. This paper
studies the Capacitated Vehicle Routing Problem with Safety-Based Routing Preference (CVRP-SRP)
as a representative case and proposes a knowledge-distillation-driven neural-heuristic framework
for limited-data scenarios. In existing research, the Neural-Assisted Adaptive Neighborhood Search
(NANS) algorithm combines the Light Encoder-Heavy Decoder (LEHD) model with Adaptive Large
Neighborhood Search (ALNS) to generate high-quality routing solutions, demonstrating superior per-
formance in terms of solution quality and stability. However, this method relies on iterative search
processes with substantial computational overhead, and its generalization capability under new prob-
lem scenarios remains somewhat limited. To achieve efficient knowledge transfer under limited-data
conditions, this paper introduces a Guided Non-Autoregressive Knowledge Distillation (GNARKD)
strategy based on the aforementioned method, constructing a teacher-student learning framework.
Specifically, an LEHD model trained on standard CVRP data serves as the teacher model to capture
general routing construction patterns and decision-making rules; meanwhile, a lightweight student
LEHD model is constructed and optimized through the knowledge distillation mechanism, enabling it
to effectively adapt to the CVRP-SRP problem with limited target data. Through this process, efficient
transfer from standard routing problems to new problem settings with safety constraints is achieved,
while reducing inference complexity and improving model application efficiency. Unlike traditional
distillation methods that rely solely on final solutions for learning, GNARKD simultaneously transfers
action sequences and decision probability distributions, thereby preserving the sequential decision
knowledge embedded in the autoregressive decoding process. Experimental results on community-
scale routing instances demonstrate that, compared with models without knowledge distillation and
direct transfer strategies, the proposed framework achieves significant improvements in solution
quality, robustness, and data utilization efficiency, providing an effective and practically valuable so-
lution for safety-aware unmanned delivery vehicle routing.
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HAT, % CVRP T4 1 T KEMALEIE[L] [2], Sk EAT4r kX7 S TP ST 7
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T HAES B SO R IR . AR ERCR SRAE N RE /T, I RE THLE 5 I M A AL
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YN ERA5 3 1) FOM AR b A R RE R 25E Fl T CVRP-SRP 2 A58, T BEAR M Sk 5 ity SR i 7
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RIEBRM LT . W SRS AT, FAERRUA RS 2% o) B i R S AR B i A S5 R, B ] DL R Ukl SR H
PR R IE I AR AR BT L2 0 R R NI AR G R DA A AR A B SR o X Fh Oy A — e FE R e R T
AU A Foe 3R AT M B BT SR A BN AR 1 R, DR B RY (132 A RE ) 5 B MR T A R0& . 8T,
FEAE E EVAFATRRGHEZE N, FIIRZR T 00 B A IR AR Bk R . BT b AR R AR MG T AR P ik =
FIE D AL, 2 AR AR DL e AR B YR 7 A R K AR K S R 5 AR HAS B, o~ Ed T
PR AT, I S BUR AR HE R AT SE M TR, DRI, BEARSE 1% I L b ST AL KRR T,
AR R ZERH NG B A TROR NS, A RETE ORFFHEFR AR A BRI, 78 04538 7 FIAL BE AR D SR I 26 &
(SR . /E CVRP MR, SMRZTMIMS R V2R . Bi S [14]32 H FUE R 2 40 A0 F iR ZE THAE S,
{2 AR AR RS M 22 AN [FI A 23 AT R I 25759 2 ) BOMAE Y v 22 2], 38T+ HAE 2 4L VRP 52491 E 1)
ARSI . Zheng ZE[15]3E— 5 5| N ZATS5 AIRZENE, Wk BT 510 AL HUMAE R AR, 25 AR R 7E L —
PR b B AT S IAGBE S E AR IR R R 42 . Jin S [16]4 MR AR N 2 400 2 X i e, it 5l
FUTBA I RAHOEE R TS, BRERTH GRS miE B R .  BRIVEEIR—R TR SGH 5 ik
SERLA T TH R B R RUR
3. BEFER

ARATXF CVRP-SRP [0 BT/ 46, ¢ 588 X, @ ST M B B

AT IR AT L NBLIE R (UDV) I L B AR AL i) # . % G2 8 & 20 R B2 4 6 12 1) /L (CVRP)
DLl BT E B f RNAH, Dl MU SATHEE BN H bR, AZEBNRTH R ARACIE B8 12 7 . SR,
FESEBRTC NBCIE I e rh, ZEidE DRI B8 it T ACm B X R R FAF S5 s A B LT A BU A, AN
FEAE Z AN IEAT RS AP B35 25 o IRMERI R T BE S BUOE 5 & 7 2 A DL 7 2 (R RIEAT 0% R 1%,
NI BRI R A% 22 A I 5 M AR T IR 28R o DRI, A DA g R AT Tt R B AR A Ak H Bl LAY /2 UDV W0t
BTSSR R . B bk @, ARG CVRP BEMRIERY b, 42 15 T 22 040 SHIg i 5 B 4R
TR AR R 7] BU(CVRP-SRP) . fEIZAS AL, i B 22 AV 5| NES AR LS fE, AN AN CABE B8 45 /Mb
NME— A H AR, BRI S, B RS R 2 DA R RS AR 0 e AT VAN, MR
4 ZBUE MR LB R SR I 22 K. AEIER B, X AR R S T 0, K R AR B B e A ik it
ITIMBLEL S, R ARE S5 w P EE B AL 2 A R T AL G &R . CVRP-SRP A5 B Y
e

f (S) = WZkeKZieVZjevdij Xil; +(1_W)ZkeK2ieVZjev Sij Xil; (1)
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K foik EE S
k Bk AL
d; TSR A j 2 AT IR
g; BT A ISR RE
Q FRLE M KRR ERE
S; TR ST j 2 ER MR R
w S22 RPN ERE, 0<w<l
CVRP-SRP #i R HA DL 23 261
Vi =L VieN, 2)
jz\;xiljf:jz\;x';i,VieV,keK, 3)
>gyf <Q, VkeK, (4)
ieN
x =0, VieV,keK (5)
XS, <0.8, Vi, jeV,keK (6)

FEFF SR 1R, HRmBA(1), EEAFFM LK (2)~(6), HRAWNE5/ES CVRP A
—%. H1T CVRP-SRP J& T LL & &MU M AR LRI AL, ARSI NGB 22 R4S, ATt 6
PESE P Z B AR 5% 7 Z B AR K 2 4K P IR S How, AT DU R SEBRACIE 75 Koo A
BEAT B . BB R 77 SRR . BRIk I R SR B I, T 8 ey e 0 ) A DUNAR BE I 2 5 AR
o HisoREVN W RBO AR, AT 2 R, I ek £ 3 2 A . 1toh,
75 FE B A8 TE W] B B 58 4x P ™ BT IO 0L, R A RO, ASTHERE R 5]\ 22 4
R ERSHw THUE, HAEFLEVERAR 20%E81e, DLORIEA BBk AR AT AT 1k 5 24tk
BT LIRBA R, ACBAETBRAEKE S ZaM a4, I 28w LB B4 i sL i i
%,

FEAEIX N IE B AR LRI RE rp, SRS EE I R AR & Fo M e N CIE R i 2 k. 5
P GE A AR AR 1) R[], A DX A B B AR A A AEAT N B L A S 0 A PR DA S5 SRR VL 2 25 100
XBERIR AR X T NBCIE AT Bl 2 4= B . R, FERRAR AR R h, A o BRI AN [FJTE 6 1) 2
EVEHAT R BV, IR LU A RO BT HIR . O TEAER b S A X TE I 1 22 4RI, AN RE R
FAHE R 2 AT A . BT S, B LK R R RTE R A ML . AZIE I L LA
T IRAE 2 T B AR . i, JEHETERE. AT N DL RS OO BB A D 3R A 2 e N BE & 2R AT
Pt BRI, N T ERE SIS ERN R, ASCRHIER LK TEON e RIS, , HTRRTA
i 5 ZAEBR R R, HBUVET BN 0< S, <1, HUEBNFRIRIER 2 athlm.
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T3 75 R IE B 1B AT IR BTN T0 N I 25 2 A MR RS, DTG R i Ak DX G NG R G Y AR IS AT T SR
P

JLE CVRP-SRP B CL AT [ O e B IS, (HAESCPRI) UDV Mg s, ot & nl AT 4
B Z AR e — A BBk AR . AT AL AU TS N B DAL TR B B B, SEbrig 47 i F8 o] 3R HL
MR 5 T SR B B A s HAS e R, W R T 00 SR S S B0 A 250 AR A o R 22 AR PRI 2 )
BE 1o RGRR LR, ASCHINENRZEKD)ILE], 4 2 2 B0 AL b ) S n % 2 2 AR A .
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4. 5|1 FRENRFIBERBE
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4t CVRP B2 4 2 d AR 1] 8 1) A O IT RS, A 2 AR R AE (B 25 BRI HE R S R FE R IR, 75 Be A%
Az i o B HOATAT ISR
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BRI BB, BRI A LEHD BB T-35 mURHEM IS SE BV AR A, T AR RS M — U B 42 7
bl BEfE, SINEERK RIS R (ALNS) S HIAE AT 1 — 2Bk, il B R L L AR - 12
HET RG], DHRTHRI R . R R FEF, 52w ] B AST0R KRG ], AT 7E 8
TSR [R) I SEUH A 23 TB) B AR R o B I AL 5| S (W 4 A2 1l e R 2R 4 2R (1 P R
R, mASETE s ER BN, NESERRAR Bt B E 5.
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B AR ARFET HE R R AT, AR S BUN AR B S USRS R, M E B ARG T
TR I T . USRI A R A A R BHME S, BT 5l SR ATE g — DEF el T B
JRIRSR . BOMfFE 454 T LEHD ) NANS HEZLAE B, FH DAZ i 52 4% PR 450 1 3 R S5 MR AIE o 78 I At
F, 5N GNARKD HUHI[17], R 2T ) e 3 3 A 280 28 S AR AR, S AE A PRI R 80dis 2% A R
W ARFE RIFHIZ AR 1o @ X —Id 8, 2R AR A PR IS i R A I B S AR . 1T VETE R
TR IR RN, SEEL T SR BRI, BEOSIE A T KRB I SERT BR AR RIS . TRIRT,  TECRIFAR
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Figure 1. The flowchart of GNARKD
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I, IRENE A > IF R B P BER R P I G B AR L o BRI, AR AR I AR, AR SEAR A Bl
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EHET Transformer [ [ [ AR A R om0 B B . BAKTT S, GNARKD £ £/ B #Ui
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(5] Y-S 7L G L i 8 ) (0 s b, OGS AR RS 2 O BN S R LR AT BB e i, DAGRIE P 945 B AE AR 1L 7R
FERBA RGN, FR, EREEREPSIAGIES, WEem AR B0 R AT N A RETT, I
W5 1 ARG R HOM R AL R RE ST, A BAT S e R

Algorithm 1 Fine-tuning of the model

Require: Teacher model LEHD; Student model GNARKD-LEHD; Training epoch E.

Ensure: Trained student model
1: Phase 1: Knowledge Distillation
2:for epoch=1toE, do

3: Generate student sequence based on current model parameters.

4: Align student sequence with teacher sequence.

5: Evaluate distillation loss.

6: Backpropagate loss and update student model parameters.

7: end for

8: Phase 2: Supervised Training

9:for epoch=1toE, do

10: Optimize GNARKD-LEHD with supervised loss on the new dataset.
11: End for

12: Return the trained SA-GNARKD model.

GNARKD-LEHD Al Zid F2 P AR G0 5ik 1 B, IZBE VR 784l fE. e
A B BB, SRR g 0 5 SIS B AL (147 9 (LEHD) . fERF RN Jid, 2
AR AR FLAHT S B BUEE T A, SRS NG I S EIN B R B AT X 5. PR I 2 Sl o — P S TR R bR
ok EAL, ZRG FHFART BRI RS . X ME R —— BBV R AL IR
SR —— {2 AR R S Ak AR TR R N R DR B AR, RIS ZE A PR AV GRS T 2 it
TESE BB, WS —FBOR1E 1 GNARKD-LEHD #AUE L IN B I 4hdt— 018 B5e % . Rl i, #
RIYE 5 FAE LR B 2 — P BORAS PSR B 0 1) [R5 06 T2 VR R1iR . [Blitk, GNARKD-LEHD REf8 4
R IRV 2% FE R B AN 22 ARk 2, 2B B R T SR R B 1 1K 1 TOUb A 2 A] SE B P4 1 AN AT o

4.3. SISNARRIBNRB ST

TERTHEH ) NANS HEZE, KA T GNARKD 5%, K B PS8 AR —A B A (AR) UM AR AL %
BRI =AM EH IR B EHNAR) AR #:FK, ¥4/ 40 GNARKD BB TE K HAR DRI 52 2

PO BLGEE—Fh & S5 T Transformer 5 [EUARRRGEA, FEXFPAECF, 2% B AR U7 S22 4% 0
JPRIEE ) o TERFASRSFD IRt b, AROD 28 2 AR SR AL S5 70T e 3R LA S i i 7 =4 s (R s A I s A2 e — A
BIVERERR AT o MRS AR B B B AR IR 20 A o SUR:

te .I:te Z, if t=1 hte 7
A=on {CE(am), if t>1' } @

Horr, 2" e RMRIRIES BRI FTA RIE Y sUFIEFER, o FoRIREENT, I Softmax 4L, f° R
IR 2 AT I A3k e B, 2 e R R — AW IS8, AERIN S ALRF, T CE (ay,, ) R tslfED
Sy, MR ETRSCRON, W g B s T RURRE R R o IR [ [ R A TR R R B A
o O B B AR AR D T SR TP LA R AR AN G HE RS 2. BRI, ZE BN 1 P 81 S AR R IR AR 0 A1
NJE SRR R T A AN E S S .
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FEAE E [RABR A, S A A s AN PR A B A S E R . M, B B ARG THREA T R 5 BT
JE AR R B R R AR, T DL 58 A FEAT I 07 BN s R RA SGME . il AR s a4t —
AERFERE A, HP A IOR A R T B BT AT B RERFESE .

N T R T SX S R B SCHRAR B, AT R s AR o e I 2 A D 8 1 S S T ) 4% K R Kt
TR AL FE, T SCBUFAT RS . BRI S, B OEY R SIa % AR R E TP, JF5—
RIS B R 8 (0 A N 2 [A), AAS EH AR 88 D8 — R 1) % 9 5 e A 1

A= (W[zh, b ]), AeR™T ®)

Forr, 5 () FoR ARG AR AT AR RR R B, RN SRR T R IR A A Ay o
ze R TR SN, T e RY F0R B AR i 2 AL U8R | AN B 1 AN, Hoie (L, n},
HEMANLERE N . BAEIPSHW e R™ B— 5T B MARHAE R, EMER 5 77 SR NN
PR ARV W o BT | ORI R HKCPBE, AR 2] —NERE DY (n+1) xd FIFERE.

A A e R R S0 T AU 1 SRR 4y, JLrh g AT O0 R AN R (A
MFTAA T R), BN — Mg 3 5. B TCER A BB A 5% R j Z BT
SRAEL, MR TR R IENERAR P AR T — AN R AT RENE . FESAZE MRS, XA /R AN
RIS, DU ST i RoR Z (RS (A A, JFlad B v oL AT i 2 18] 1R 52 2% MRt %
o WILRRANTT I, RS A — AT A% 38 P U H ST Y S HAE A A 4R R IR ORI S o (R
TR S S Y R B S AT A ARG e RS Bk AR5 R, LA EAN T A Ewmi. A, 45
(] DR AR v D 0 2 T A3 T LA B A B, ERL D BR AR A 222 0 P AT ik S AR B 28 S P A R ARAEE
T AT 7K R 2 3

AR NAR HERENS SCEFAT A4k, (e AR ER 1 IR RS A 76 1) B A (KPR 2R
T IRANX 45 I DR B ST AR I R R TR N (5T B SR SRR, RN SR RE R ST T — 5] 2
RSB . FAKT 5, SRR 55 B ARt BUM A BRI B E P 70, o XS TR & € mpq» NIH]
RN T, () softmax bR o) RITIERE T RS /MG T sl v, LIRS A, AT, i1 2%
FEAEIS T t BB RER 0 A

oo A o —o0, V; € Set; ©)
2| "% 71, otherwise

o, A% e R R ERAE R ORI MRIE R, A, BRI A o He R AR T A v, 1
KERRIL, o NIREZH softmax B8, M, (i) AREIGZE, AT LRV AT Us 35 i, g X
H:

. -0, V; € Set,
M. (i)= ! 10
(1) {1, otherwise, (10)

b, set, FORAEEE t BRI U A5 ARG, LA C U5 Y s BN R A R SRR Y e I iz AR i L
i, A RORE A BB AR 1 T AT 1

AR AR E AT B A BB AR AR R TT SR AL AR R TT S R Pl Y 2R e oSk A 5
HUTBR R SR A A — 3. BRI S, ZUNRIEIMERER A0 A° A E IS S, IR — MR T
PRI B By M 2 AR A . BT &, 3l i MU BT R b 22 A R R A B i A 2R Rt
FEFF LR A 2257, A EAR R B s 2 5] MR R AE AN A RSB B (AT Sk vk, RA KL B
(S E RN PR S WA
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Lo = B p-paais) [KL(PAR (7ar 19) | Puag (7 e |S,9))]

- IY> S log(a5 - 4%)

t=1 i=1

(11)

Hrr, BFRRHEAAD, | RRBAKE, 4% 15 A% 2R BOME 5 2 AR AR 58 ¢ P85 sy, 1Y)
MR o EIRZE IR K R HOE I 3 5 BT 5 A E AR D R BOBER A, A E AR R e 5 5] B U
B AE BR AN R P A & (R PP P G5 015 B 5 SRR T . 5 000 i & BR AR AT M B 1075 WA L, 207
T2 BE S SN AR 3t 2 A2 A L AR, T AR T S AR [ Rk B T Sz APk BE -

5. SKEREERSMREXTEE

FEAT T, X NANS HESEHEAT 1174l IR 53 T2 2 I SEANUR A UREREAT T LB t4h,
XS HITR AL 1A AT 1 PPA

51 KRE

FT A S8 BT 456 F (0 200 B2 2098 SCR[11]. IS — 1 /34 CVRP ) fiszfl, T il 4 6 &
10,000 A5, A S2ER A E L 4 NVIDIA RTX 4090 GPU [ TAEw; Fi#f4T. LEHD BIAIYIZ: T 40 A
JAR, BN R1Z9°8 10 /N . BRAES B UM, Fra s g RE 25 T 2 RO L s T i rFEE A 1
o

5.2. ¥RAREIILL

N BAIE AT H LS 2 ) 5 e R A 45 A R S SR A Rk, LAJGE TS LEHD BEALA: g
ZAVIRRRIIRSS, EVIEI B 7B RS H A ARSI LEHD. BAAm S, EH
7 BQ[18]. MDAM [19]F1 POMO [20]{F A e,

F2RARTHEZMARMNERE T, B 100 N 775 5K CVRP-SRP sLflffsLit 45 - . frf 7
IR T MIE ) ALNS By BU#EAT A F L.

Table 2. Experimental results of NANS with different neural combinational optimization engines

2. ERATRHEESMUERSKINER

Model w=0.2 w=0.5 w=0.8
LEHD 26.24 27.59 20.08

BQ 27.02 27.70 22.46
MDAM 27.63 28.45 22.94
POMO 27.72 28.49 25.88
Greedy Generation 33.12 29.49 25.97

MER LR, FEA AN VIRARIN, LEHD &2 HH A ph SRR R I BE Hh (5, IXAIESE T LEHD
£ CVRP-SRP P BA A H R IL,  JF HLATH h AOML &% 252 >3 5l B0 e £ SR R A7 28 AR A

5.3. MR B

N T DI RRZRIE I RCR, JE#AT T NEOMSE, DB IRAT S R I SR (B4
& 3p)RE], RS ARG R AE AR R T SR T TS T UM, EHH AR TR E T
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Table 3. Comparison results of knowledge distillation experiments
= 3. MRAIBI LR R

Model Reasoning Method Learning Gap Acceleration Ratio

AM Greedy 12.61% ~42%

AM Sampling (100) 4.87% ~37%
POMO Greedy (No Augment) 8.80% ~35%
POMO Greedy (x8 Augment ) 5.62% ~30%
LEHD Greedy 11.10% ~22%

N T #—Z P GNARKD-LEHD fItERE, # I 5 LEHD + NANS DL J—S22 i) 5 & U247
T, XS AR AL S (GA) RIBBER AL S5 (ACO). H1 T B4 1 GA FI ACO £ LUFRHER] CVRP
VELH i, DR IR SO0 BT R AN 22 42 BRI CVRP-SRP &K H b 4

F AL TS MR RE PO 6 TR, DT SO S B 0 FBRE RIT Y
AT ] o

Table 4. Experimental comparison results with heuristic algorithms

4. ERANEEN LI ELE

Algorithm w=0.2 w=0.5 w=0.8
NANS 26.24/9.97 s 27.59/6.07 s 21.08/7.63
GNARKD 26.43 28.92 22.55
GA 26.47/11m40s 30.72/1m45s 26.32/1m43s
ACO 41.39/58 s 33.93/56 s 24.23/56 s
6. &ig

FEASCH, R T AT AR A 2 R R HESE, TR R AE A PR 26 1F T 25 T AR X 10
UDV LA Al J#RH CVRP-SRP AR RR fid HAT 2 4 IR AN 2 B IR R4k XV 7 5 o A8 LA i
., s LEHD BERURT ALNS e, SIS RRZR NS, Bt Dy R e fa KU HEZE.
A R SR I M e PR MR R e RS B R R A R, RS MR IR E P S R B
PEVEAVEE ORI T SEIREE AR, P A R0 T R EEAT 2R A B e R O, R AR S
BrEAL X Ve B R E . AR TAR S, Rt P PRR UGG I, DASR e I SRAME 2 (0 3 1 A
THERRCR . R RE AT LAy e 2 B Bk PR A B ST LA, DAE— P BRI A . Bk, s
HTE T A RSP v S 2 ) S T N R e 3 DB FE ) s E AR R R e ATk o SRR T A R —
DHEB G R A T AR e A B (1 N IBC 6 e 10 AL 1R 2
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