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Named Entity Recognition in Zangyaozhi Integrating

Error-Driven Augmentation and Span Consistency Learning

Abstract: [Objective] Zangyaozhi records medicinal materials, their sources, properties and tastes, therapeutic ef-
fects, and indications in natural language. Named entity recognition is challenging because a target medicinal material
may recur in a long entry, while names of source plants or animals, related medicinal materials, and comparison ob-
jects often have similar forms and contexts. Models may therefore miss a target completely or identify a non-target
name as a medicinal material. Properties and tastes, therapeutic effects, and diseases and symptoms also occur in con-
tinuous phrases, increasing boundary shifts and category confusion. This study addresses both target-specific errors
and difficult non-medicinal-material spans to improve recognition accuracy and stability. [Methods] A corpus was
built from scanned pages of Zangyaozhi through optical character recognition, manual collation, entry normalization,
and entity annotation. It contains 408 medicinal-material entries, 1,505 text segments, and 5,991 mentions in four
categories: medicinal materials, properties and tastes, therapeutic effects, and diseases and symptoms. Annotation
followed unified guidelines and was cross-checked for entity boundaries and categories. Data were split by entry to
prevent segments from the same entry from crossing subsets, and strict entity-level exact matching was used for eval-
uation. The method adopts MacBERT-large as the encoder and GlobalPointer as the span decoder and contains two
complementary modules. The first performs error-driven hard-sample augmentation. Five-fold out-of-fold predic-
tion within the real training set locates complete misses of medicinal materials and false positives caused by semantic
confusion. A large language model constructs candidate texts under source-evidence constraints. Candidates are
checked for format, target terms, duplication, label boundaries, and prompt residue and are then reviewed manually.
All error instances and evidence units originate from the training split, while the test set is excluded from sample
construction and parameter selection. Retained samples provide hard-label supervision only for medicinal materials,
so unverified annotations of other categories are not treated as negative labels. This design prevents unannotated
properties, therapeutic effects, or diseases in generated texts from being optimized as negative examples. The second
module performs selective span-consistency learning on real samples. Student and teacher models share the same

architecture. For properties and tastes, therapeutic effects, and diseases and symptoms, the candidate set combines



gold spans, teacher-predicted positive spans, one-position neighborhoods of gold boundaries, and additional high-
uncertainty spans. Teacher probabilities serve as stop-gradient soft targets. The teacher first follows the student syn-
chronously and is later updated by an exponential moving average. The complete objective combines four-category
supervision on real samples, medicinal-material supervision on augmented samples, and consistency loss on selected
non-medicinal-material spans. At inference, only the teacher checkpoint selected on the development set is used; nei-
ther the large language model nor candidate construction is required. Candidate construction and consistency learning
are used only during model training. [Results] On the test set, the MacBERT-large—GlobalPointer baseline obtained
an overall precision of 84.74%, recall of 91.90%, and F} score of 88.17%. The complete method achieved 88.09%
precision, 93.10% recall, and a 90.53% F score, improving overall F; by 2.36 percentage points. Medicinal-material
F increased from 80.88% to 86.52%, a gain of 5.64 points. The F} scores for properties and tastes, therapeutic ef-
fects, and diseases and symptoms were 93.75%, 93.38%, and 90.29%, respectively. Ablation results showed that
error-driven augmentation raised medicinal-material F to 84.91%, whereas span consistency raised overall F} to
90.22%; their combination produced the best overall result. Under the same quota, difficult-span selection outper-
formed random selection. Across three random seeds, the complete model obtained overall and medicinal-material F}
scores of 90.60 £ 0.23% and 86.04 +0.42%, indicating stable improvements. On a 731-entity cross-document test set
from the Four Medical Tantras, overall micro-F} increased from 82.29% to 83.29%. [Conclusion] Error-driven aug-
mentation and selective span consistency provide complementary supervision: the former targets medicinal-material
misses and semantic-confusion errors, whereas the latter constrains informative non-medicinal-material spans. Their
combination balances entity categories without requiring a large language model during inference and supports struc-

tured information extraction from Tibetan medicine literature when annotated domain data are limited.

Keywords: Tibetan medicine literature; named entity recognition; error-driven augmentation; span consistency learn-

ing
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Fig. 1 Framework of named entity recognition integrating error-driven augmentation and span consistency learning

¥:: OOF FR T4l (out-of-fold prediction), EMA FE/R3550# 5171 (exponential moving average), RoPE /R iEhh v &
4wkl (rotary position embedding); Drug. Taste. Effect fl Disease 43 BIFRRZGHt. MR, 293FAE .

(2) SCRWETRIR: T Drug 5 4 4 b sk
WA ESR, HAEFEARYE B, 1
KRR TR AH 24544 B HCRON G ) TR R 671 45108 Y

Drug i1 S RFN SRR BURVE AR E N M1 H3
s H AR, SRR AN [F] P 5T 1 Rl T AR A (] — 1 iR
232 JEOCHERS LA R FEAC Ky i
23R ] Qwen3-30B-A3B-Instruct-2507-AWQ-
4bit F3E EMEREAS . ZIREG LK (mixture of experts,
MoE) #8158 25(# 30B. 44> Token 31§24 3B,
{ifi ] Transformers 4.57.1 1 vLLM 0.10.2 12k U &
KA A, MR R AN 32 INTFR 4 (R4
b (INT4), % 5RO R8s =0 (BF16).

FEAN AL 4G B B AR S R SGIER . Bk
AR EE . top-p. top-k. B SR FIA KA Ay

B34 0.72. 0.88. 40. 1.06 F1320; 2 M LA 435
055, 0.85. 30, 1.04 F1 480,

H 2R B E 55 AN FIMEE B H PR 49 A [
B E bR, B EFRE S Sk, 4520 4. 1E6)
PRER HARZyH A X B IERiArEl Drug, [A]
AR B 5 Dy s kA 6 B G iR R 2K B
B2 pF 5 4g s TH0m 3L 8, VA S Drug #iARiE,
T2 5] DR PR A FR L FH R 2G4 LA AT 4 .
BRI MG A GG BERA T, SE5IA
JESCZ AMNRIE . PERR . 255 FES R KR

RS 23 B B Se A BT S I 25 i SR B AH O ik
T, PRkt DR . P AGIREE AN top-p 4 ]
k1 0.25/0.85 5 0.10/0.75, Fe K EEY R 1205 FA4
W B2 1E 4 AMIEEA A, B ERR 392, Fa
HRZR HRE O BB & RS . Z B Ben AR 24t



A 1 PN 2 BRI AE T ARG ) SR SCIE R N, T SRR
RURP s AR 2R R

I AL P A ISON 8. CARKE. 1§
SE TR S LU B NAS . PR AR R R
KRB H B . HRFEAH 1 ABF50A R
Gi—FRyE R A, E A R SO . HARZS AL
5 A A S 8 DA BT B S SRR
HAT, R TEME G0 TR A 2 DR P A 4%

AWy B A AR, WOR B B BT
B R R . AREE 137 IR SCA: 76 451A
MEIE B 3 18 FhHARZ 4. £ 206 4> Drug F3it; 61
SRR B 55 33 ST . & 96 S FL5E Drug
Frit, e300 302 A4~ Drug 5t
2.3.3  ZyM ik pRvEWE

M1 [ % Drug HssFIH 1%, SOEmSCAR NS5
Drug 574, NI HAWARAREL N 716 . #% Drug,
Taste, Effect fil Disease i3, B K

m"=(1,1,1,1),

m® = (1,0,0,0).

ICHESAEA R UL B I L, B AT
Ay Drug YRR Lo, WML #I45 H AN

»CM] - L:T + »Ca- (4)

3

Hrp, L NESAEARNIAR K, Lo 3§34 Drug
Pk RRAEAUI RO I S g, (HA A HoAh
S AR K

24 EPEVERSIE BkE)
2 A 5 PR AR 0

M2 FEH AR Drug J L5 A—SE2y
H, IR S N

V., = {Taste, Effect, Disease}.

24.1

SRR, S50 0s M 0p. F4
F¥Jet Dropout, Ui 5 P4] Dropout HANZ: 544 B 8 3HT ;
SRS TE (i, 5) BRRIHCN e A 2 e

FO AR A

pr,c,i,j = U(ZbT,c,i,j)a
Hrr, o fy Sigmoid BREL. #5EE FIXERE & CH

db,c,i,j =1-2 ’pgjc,i,j — O5| . (5)

BRI 0.5, FRIMERE R SCBI% |2, ;| T+
PRt
242 [REESEEEA K

S48 v AN A B R T BBt U 8 A 1 1
SESARFIRIR LR . ALK LE T, A SO
FLSLFEAHIEE Drug 28504 2

Cb,c = gb,c U ,ij:('

(6)
UN(Gye) VU,

Horpr, DU E AR
(1) SRR Gyt KB c BN TARERSE
(2) BUWIERSHE Py Ak KT 0 1Y

Pl?:c = {(7’7]) € Qb | Zl?jc,i,j > 0}
(3) AFARIHN (Go,c): FFEHRUERSE (i, 5) HYER
A F ¥ sh—1
(27] - 1)7 (7'7] + 1)} N Qb-

X [ e 5 BE AR 4, T HERR A S0 R T4
pycifizeds s

(4) FRARHRE RS BE UL, FEBOMS 4 X HETHT
2 K MEEERE. JFREME K =64, If
XHFAEA . 4 3F Drug 251555115

PREGHOFEIFAE, HIt K ARSI
ANEEETE, BT DAL 64, 31 A 40 EE
AN wg— ks, TR A B AR
FAERNEE bR, AT AR P AR A R0 O A IR
o
243 HRHbs SR

BT R A5 B 1B R B AR AR B H A :

bci; = stopgrad (o(z) ;) -
2FA AR R A
pbs,c,z',j = U<zbs,c,i,j)'

iofkik s = (b,¢,4,7), H—BtEiAN

Kcon(s) = — (s 10gp§
— (1 —qs)log(1—py).

S SR Fl 4 Logits 19— 7038 XA .

()



B AR B A I B SR B h
C={(b,c,i,5) | b€ By, c €V, (1,§) € Cyc},
Her, B, Jp4 itk ESReA . —BEfigh
%F@me ®)

seC
AR FESEAT L, PR LU T B A 1 46t
R, BT A5 1B R o OR B L B RE I,
FAR gt — 1 . SARERREE , Al R FIR
A ERETIOR o %5 FAE T ELSEAHE AN Taste,
Effect il Disease; 3§ itE A NS5 —EM4%>], Drug
V3% 52 LS S IGTRAE AR (U RE AR AE 1Y

2.5 WA IR S i
FERMAURE ELSEREAS S . 55 Drug g
559F Drug #5 5 —8 TG, HERN
L= Er + Ea + Atﬁcom (9)
Hor, ¢ RNgR IR, — B AE R =R 2 A -
At::005nﬂn<1,§>. (10)

BT 224 0.0167 F1 0.0333, IG5 %N 0.05,
YT IR, BUTSEh A S5vihik. &
PR SE SRS LR e, S i =

Or < afr + (1 — )05, (11)
Hrr,
0, 1<t<5,
ap = (12)
0.95, t>6

TR BOMAER R A O R A 28, (Hey
"1 )7 Dropout., #Jifi % 4] Dropout,, [N AT ELT SRR
S50 E M Y — Btk 2R N RRERBUTR
TREM BT, ARG AEAEA R 2 S 2.
O R A o E S A e b 4RI B4 Drug X
A2 —HEE A bR, AR BN T P HE .

WRIGTT SR BAR T3 By e B0 AL 5,
HIERE S o)

& ={(i,j,¢) | (i,5) € Y, c €Y, 2., ; > O}

PR LI 7 O 05 W AN T T 5 A 2 T 2
I Befie SR A o

3 gL
3.1 BRI v
301 BRI bl

IS BN SRS 222 57 AF 1R 7] (optical char-
acter recognition, OCR) . AT EHAILHMuALIG
1351 408 A5 45 H , I Label Studio Frit:2y
BEL PERR . ZHROHIAE DU F-TH S A, PRAF S 1A S
ZISNI o | A | T 7 el R i i SR A )
FOAESCEREMR, ANOERELIR. XL
L QUE SRR SUIVA EVITESL ST MIESYY Ol JVAI )i ARG
SPVER WREXT R . AEIR SRR o

P 44 B 2 A ) RV AR D B e i 5 A
TR, X B RN E T E , 5 PA
R ERSES. DAMREER. TR
EET A5G BIO bR TP 4 bRk Y Cohen's
Kappa 240, 45HR200 0.81., % EF L& HMAEHIL.
SRR PERFITI SR, A SCHR H S5 AT S
B S 9) 53 SCAS s AU AR i i B S SR IE U
I, PSR A — TS . B A% H g5 2
Ao, BRAUER—4 H 8 BOREE IR . JT AR
AR, O R B .

Bt inR1 s, 88 1505 3R
Bl 5991 A~sifk. YIRS 326 2k 4 H .
1073 304 BOR 4934 S52fk, H RS ISE
ARl e 40 J5 AN 42 SRR H .

F1 GRSE) MAEENIEERES
Tab.1 Statistics of the Zangyaozhi named entity recognition

dataset
S A WgE FTEE tE &1t

[FaagittscBE 326 40 42 408
A B 1073 184 248 1505
M SRR 1138 125 150 1413
PR S 752 89 80 921

PIEIAR B 1154 99 145 1398
ESCIRTE R EL 1890 164 205 2259
SRR RSB 4934 477 580 5991

T R R HEEOR (ESE) PRIz B, &
IR AR BUR B, Al —SCMER RN B R A
BRI 3 AT-2

RGBSR R . M1 ISR 137 403
SESCAMUMA NS4, Fefit 302 A5k Drug ARit,



ANBUEFF R SR . AR SO )5, YIZRSC
A EECH 1210, Drug FRyE S0k 14405 HAd2E5)
AN MG S
3.1.2 PO iRbE
AR SCR PR ARG e A VSRS, T A 1k 07
BRI RIS AT e $568 Po RFNFL N
TP

P=——,
TP + FP
TP

TP+ FN’
9PR

T P+R
Hp, TP, FP Al FN 43 5ICAIERS . RARFIR RS 14
B, BFAEE BT NIE. BRI
PUZESEAR I TR TIPS, Rl IR 428 Fy DA
RPN ZE . B A REALE AR IR SO By, s
RN FPENARUE, ANESMFES BB FFR
AN T 545 e fl i S A k98, AL
MT LN, A5 EEFEA S S H0EEE .
3.1.3 Yl

YihE 2% 4 MacBERT-large, fi#hd#% 447 RoPE 1y
GlobalPointer, {F453L4E05F 64; H K EF 192, %k

Fy

EPPAGHER /N AR 128 F1 192, AdamW PO ) 45t
FRRMESS K24 2T A 5k 2 x 1077 Fil 1 x 107, A
FRENH 0.01; 77 6% HEEMETISG RILTW - YIZk
KM BF16. #HJE#GY 1.0, 52 100 %, FkE I
B2 12 SRR TR A

SERERLAR IR ELICRE AR DU S B R AR A
Drug Wi B FIE AR Drug —EPERIL . ik
HNELEA K = 64, —BUEAEER =1 E 0.05;
HOmmT e FP A, DA 0.95 #H4T EMA B,
GlobalPointer ffhH SI{EE & 4 0, AL A HE sl
AR I M T A SR 3 R BTG A
W BEANTR KB S A

3.2 BEEER S

A 3 % BiLSTM-CRF. BERT-base-CRF,
BERT-base-GlobalPointer, W2NER . MacBERT-large-
CRF [ B hfi A% A MacBERT-large-GlobalPointer, Jf
#hFE Qwen HEARR . DHEAMN LoRA 4551, W32,

2 ARBETE (&) BuR%E ERSRREER (%)
Tab.2 Experimental results of different models on the Zangyaozhi dataset (%)
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BERT-base-CRF 81.72  90.17 85.74 77.42 95.71 90.07 85.51
BERT-base-GP 83.26 91.72 87.28 77.55 93.59 93.92 88.21
W2NER 87.63 8793 87.78 78.81 94.41 91.22 89.33
MacBERT-large-CRF 87.89  87.59 87.74 79.32 94.34 91.95 88.18
MacBERT-large-GP (Base) 84.74  91.90 88.17 80.88 92.22 92.93 88.73
Qwen HEHUR 4124  59.66 48.77 19.26 33.52 60.11 81.82
Qwen /DREA 47.16  78.79 59.01 3431 69.14 68.80 83.50
Qwen-LoRA 80.51 86.90 83.58 74.03 88.89 88.16 85.93
AR 88.09 93.10 90.53 86.52 93.75 93.38 90.29

#:: GP 37k GlobalPointer, &R E VI HALLE4SE.
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MBS, BHZM 2 324 5 . GlobalPointer

FHE 7] g i 5 CRF 23 542 5 1.54 F10.43 SH 4
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A Base. Qwen EL#E$E/R. DA LoRA Bk
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Tab.3 Ablation results of different module combinations (%)

A UK Fy 2560 Fy YRR Fy 2550 Fy JROE Fy
Base 88.17 80.88 9222 9293 88.73
Base+M1 88.85 8491 9091 93.07 88.02
Base+M2 90.22 84.05 94.41 9333 91.17
Full 90.53 86.52 93.75 93.38 90.29
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Tab.4 Experimental results of different sample augmentation

strategies (%)

itk WRAE BIK [y 2 P 2t R M 1y
Base 0 88.17 7633 86.00 80.88
EiE Qwen iR 137 87.62 79.76 89.33 84.28
REATLIS SRAE 137  88.85 7624 92.00 83.38
A A HEE B 76 88.27 80.24 89.33 84.54
AR AE S B 61 88.68 73.26 9133 81.31

EABEEE (M1) 137 88.85 80.36 90.00 84.91
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Tab.5 Representative drug-entity corrections before and after M1

EN SRS 5 TN 22 5
s “(REAR) I8 RIMAELEMR,”

Base IR IEX “F”, MI IEMIRAIZ Drug 21K,

R “HEARFMFSELZZLMEN, AR
‘KL BTHENSE, Base RN Drug, M1 F
DAHERR.

s “TEARBIEIRG (—FREK), (UEYI R NE X,
“WIRE” BT NS, Base IRk N Drug, M1 F
DAHEBR,

T AURR 5 BT 5 1Y R SCA IR 467 B Drug Fi .

EAESHINE IR, ML RIS H AR
2RI IE ST A S BN R 5 1 R AR IR 1 &
BT E PR, AN REYE UM = DR T e Al
AR FETIATE




3.5 EFEVEES R —BOM 1o
3.5.1  Babedlksrbr

TEME MLBISET, ACHE EMA. B
PO A —BEAE 20, SR R6 R . &B5
— B S AT DX e, R RS R — B R 5
297 S A5 AF Drug SR (LA RPEIR . 25
ROHAESR ] o

2R 6 [EE M1 M R M2 HAHREE R (%)
Tab.6 Ablation results of M2 components with M1 fixed (%)

wWHE BAR Py Gt Py MR By ZIRRFORE 7y
M1 88.85 8491 9091 93.07 88.02
MI+EMA 89.46 8431 9032 92.76 90.51
EMA+ 255 + 228 90.02 8506 93.75 92.67 90.34
EMA+ 285 + JE Drug 90.13 8571 93.75 92.88  90.05
EMA+ A3 + 22K 90.36 84.18 93.75 9431 90.91
Full (¥ +9F Drug)  90.53 86.52 93.75 9338 90.29
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Tab.7 Results over three random seeds (mean =+ standard

deviation, %)

Ei=tan Base BasetM1 Baset+M?2 Full
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Tab.8 Cross-document results of Base and Full on the Four Medical Tantras (%)
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