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Task understanding and resource modeling for heterogeneous robots
based on deep learning and knowledge graphs
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Abstract: To address the issues of insufficient precision in parsing task requirements and low efficiency in robot resource matching
during the collaboration of heterogeneous robot swarms in complex dynamic environments, this paper proposes a solution integrating
deep learning and knowledge graphs. Methodologically, first of all, an entity recognition model based on RoBERTa- WWM
(Robustly optimized BERT pretraining approach with Whole Word Masking ) —-BiGRU ( Bidirectional Gated Recurrent Unit) —CRF
( Conditional Random Field) is constructed to extract key entities such as task types and resource requirements from natural language
task descriptions. Secondly, a dynamic robot knowledge graph based on Neo4j is designed, containing 6 types of entities (e. g. ,
robot types, task types) and 6 types of relationships (e. g. , " capable of executing tasks" ) , and a multi—dimensional feature fusion
algorithm is used to achieve accurate matching between tasks and robot capabilities. The results show that the entity recognition
model achieves an F1-score of 99. 11% on 13 200 annotated data samples; the knowledge graph contains 12 852 nodes and 65 765
relationships, with a significant improvement in resource matching accuracy. The conclusion indicates that this scheme can
effectively enhance the accuracy of task understanding and the efficiency of resource matching, providing technical support for the
collaborative scheduling of heterogeneous robots.

Key words: heterogeneous robot swarms; entity recognition; RoBERTa - WWM - BiGRU - CRF; knowledge graph; resource

matching ; natural language understanding; Neo4;j

0 3| = TEDIRE T ANENLES, WA fi% D 52 2% BRI AT 55 B A% L
a AR R AR B0 S A TR Y BRAR P AE 5

BE DL S ABARTER e RIS S E 2 Rl R, SR Re VL. SR
BEHT, B—HLas NBETT BB ., S A L g ARG SRR NAER M 18 1 P RAZ o PR . — 2

E£mAB . EEESWAITR(2022YFB4702300)

EE® AT : HZRR(2001—) , 55 W-LOF5ELE  EBNTSETT 1) A ALER NBORBTE

BIEEE: IMPAL(1980—) , 5, B2, AR S0, F2W5E 5 10 . FAHLEE ABARIFST . Email : qumingcheng@ hit. edu. cn,,

A B : 2025-08-17 %4k T A % 1 H RERCEET]




514

WA IR, 45 TR SRR EE R A HLAR AT 55 BIL-5 BT A 9

145 5 SR SCRRARAS BE AN 2 550 7 vk M LA A B
H ARG S h BB RAR S 5 BURMT IR 22 ; — 2 HLAE
N5 A 55 DC LRI AR, 15 490 A8 38y =XOufE DA S 4
R AHALAE B, By i i T IR TR 2R s AT 55 R

B AR 1) 8, A5 R AR o SCHR AR
SRR e, PR ] LA - W
SIASIERL, AIFTE R R N UMES 5, [Bl%E
TR SCPEfR - TR - RSUMEDCEC” BOREE R I
9% 1 A% )2 1H 32 L T RoBERTa - WWM —
BiGRU—-CRF 1% S {4 TR 5 A5 A 5 R TR A5 )22 1 Ay 7t
AT R AP AR EES

AR FEETTERAN T

(1) 2 1 1) AL 2% N DR AE 3 55 0 18 S B i A
20 SE L A R S AR S P AR B R T
HRTE F AT 55 h SRR ORGSR Pk

(2) W 6 LIRS 6 FiHX R
HLAS NS AR RT3 | S0 S A BL s N B8 R i 2544
R S S AU R

(3) M3 SCYRIRUE T T Jr vk A SR R
REGRIRUCECACR B IEE, S A PLESE AR
B REUME T EE R AR S

ARCJFEEFE T LHW T 56 1 P2iidis 7
HRRELRETEAL A NUMEh BRI BR 55 2 13
AR LT RoBERTa~WWM-BiGRU-CRF FY 5214
PRI BT S S BG50E ™ 58 3 A AbLAs A%
PR S AR E AR A S VC B 26 4 1l
XS U SE B A3 BT 0 A ROt s 5 5 1T BRI R
IEREARTAE,

1 HEXIE

SRR NP i B T SCER 5 R A 5
PR AT 55 VR L O A, 47K AR F ORI 5 AR BE A
WS S L N AR S SR B T2 G, Ay
ISR 5 AL 55 A FIAL A LSRR A A A
JE |, A BT SR R, AR SO I 4R
TR S
1.1 BRESESHENENSZABIEFINA

FARIE F AR g ANLEE B0 50 75 2, RS v i
B2 s B pLEs N B EPMERRTEES . IR T
VU SR A T 1 , 38 e i S B 1) D P S BRATE 55 5
Bl AR TR B A0E H] T 25 AL A 55 ok, o
WA ARSI TR 1 B IRTE S E S B A

538

TREE2F B N P FI bR R L TR 55
SEAREREC, N LSTM - CRF #5555 5 RE 4 $12 SCAS ) 7
FEAE LIS T S A0 FERU AR T PR ke = 4088 iR
A X AN R sl as N SR A SRR
SIRE B2 A PR 5 15 55 5 ] (G P 25 0 255 DR B0 1] S T, e
DU LR SUfF B B4, W25 5 BEAT R
TR B > (1938 FH 1 R AR T, 7E e i Hp
Pk @ . 40 BERT-BiGRU-CRF A5 25 5 5 i3I
Zyin) [n] 5 0L B P R AR AL, B R THE A NER
1145 F1AG, (BAENLES NSO R R A X5 5 RiE 4
FRNF SRR SR AL AT AEPERR IR,

1.2 HSEAFUBAIRE#ES FRTERME

BILES N8 U5 1) 45 40 fb A2 SE AT 55 - g
FEEVCACL AL, 155871 2R B PR ol A (ke
TTFRAS AR 51 0 38 ) 56 R RVEHR EAE AL AN S
B, sl AR E LML TS KRR,
{EX T M LS A AL JOR A, B G RAE
Ut — LR 55" WY 2% B, B IR VT e
Bt 5 Z W RE IR IOC 2R

TR B RSV R —Fh 25 A A 45, DR AR R
FARTARIIE AR, W R ML ST A
By E TR, flin, # R & T &P A
HHY AT SRR SR I (A 2 A TSR
B2 X S A A HCRPMEC R B, 7ERERIC A
B I A ST IR n i TR R R
TR 2 BAn b, 5 808 ) Z B IR xR
A
1.3 HEARMBRYE

GARE A TR 2 TR EAR L,

(1) W SCHR S J22 T . P0I ZRB A AL 2% A 405k
TG FC A 2 X 2 A A PR B L AR 52
PRI B A RE R T

(2) AR 2 0 . R R i 2 R AR RS R
it = SRS G UME X R B L, H T EL 3 R 5L
ML YA

BN bR (), AR YA 5 4 HH Al RoBERTa-
WWM-BiGRU-CRF #5275 2 AL A
AR | 38 o 40038 T B 38 SR AT 5 45 44 1k SR
AL ST S AP AN EME S 5 T BORS EAT 55 LR
EERCEIRICHES, 2 RAELR TN 1 R



10 /e it B M5 M A 5516 4
HP TS
BB
RoBERTa BiGRU CRF HLES AT R
E RN @g%?
R A )
R EIR
i o/ BRI IN
155 50 i YISy . o
s 25N sk s
% % % g i EHERGERE e
91 Aen UNIZTIECIN Hp A E
TENBLAgent  PLERS Agent Agent  yo Agent TS UM ZELE A
R
TEAHLA-01 TAHLA-02 Bl X-01 B X-02 BLEVE K-01

B 1 SANSEABRCMEESEERS SFIERE

Fig. 1 Overall framework diagram of heterogeneous robot swarm collaborative task scheduling system
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Fig. 2 Structure diagram of Named Entity Recognition model
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Fig. 3 Construction process of knowledge graph
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Table 3 Environment settings for Entity Named Recognition
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Table 4 Experimental parameter configuration for Entity Named

Recognition
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Table 5 Experimental design for model comparison
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