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Abstract: Prepositional phrase attachment (PPA) is a classic ambiguity problem in English constituency parsing: correctly
determining the attachment site of prepositional phrase typically requires semantic knowledge and world knowledge.
Constituency parsers can provide structural probability signals, but are limited on semantically ambiguous cases, while
large language models (LLMs) offer complementary semantic understanding. To this end, we propose a PPA correction
framework that combines parser structural confidence with LLM semantic judgment: we first compute an attachment
score from the joint marginal probabilities of a Neural CRF parser, then invoke an LLM to assess the semantic plausibility
between the PP and each candidate attachment site in full-sentence context; a threshold-based gating mechanism finally
determines whether to retain the parser prediction or adopt the LLM judgment. Furthermore, we extract Verb—NP-PP
instances from PTB constituency trees and manually review a subset of ambiguous cases to construct a PPA evaluation set
better suited to our task. Experiments demonstrate that our method consistently improves PPA disambiguation performance

across multiple LLMs and exhibits strong cross-model applicability to different modeling approaches.
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) Verb-NP-PP f5eist i B AL, AR B BA I IR 2 A A B BB PP A s 0 N TEARYE il S shy . |
Verb attachment 5 NP attachment ¥J 7] {37 HAZ 05 22 SR RAGHEAS , A SORRF LGN A & AR VAR
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ARSI AIELER , TN SE B 5 S ARESLH) 2 A A B RE—— X .. B, fEGT R, SO BB S bR )ik
A e R BT R S5 ) I S5 R A T AL AR SR T O S AR EAR T — B, R A 2 SE A
AEAE T AR e P EF0 R 7 AR —2, RO A TINAS R T JCYATE S AR e O 5 B 700 0 S 491 DU i B e HERRAE T
fliz ho BT iR 3, K5t (Precision) B SCOh T TEA 0 I 2 SE 6150 5 TE 2 SIS e gz e, A
[l (Recall) WU SR T T A 14 PR SE 00185055 D046 b S W B 5L 19 B B L
42 EHIgE

FATIEH] one-stage Neural CRF 4] fgMT#%, HAE— X AWAL P S/ PTB #¥s Ei#k4T1I1%%. RA BERT
[20] VERM4mtthes, HARUIZS MasEt ey 5 E A R R — 3

JE AL PRI B AE AP R 5B N 3E T2 O-shot 5 4-shot. A B 11 FH 5 YE 0B 43 45 1 [F)— prompt A5iAR 5
FHIEPIARZE WS N . HE 4-shot BB HY, FRATAINNZRSE P REVLRFE 4 D/RBIF L prompt; i RAR AL SL g5 3k 5
[ Rw B, PARRERAS R SR 58 2 [ n Btk . ZErA KRR SEEe b, RIS K AE GRS R N 0
PAREARA R BEALM:, BT A BB B APL A, AR HIWR 2025 4 12 H.o A1ZKT 7 FhEmm st
UK Hp R /MRS . {35 DeepSeek-3.2 [21]. Claude-4.5 [22]. Qwen-3 [23]. Kimi-K2 [24]. GPT-40 [25]. GLM-4.6
[26] 5 MiMo-V2 [27], PAHLLHE H Al A SRSHEA G CH R8s Frofae . A ORIEA R S5OR AR
Z ISR AT e, TreeCRF 328048 — K M [Fl—4LBI{H (7=8.873, Tv= — 10.648, 7{,=4.779, 7= — 1.636) ,
ZBEAH I A B W AR HE R A, HFE R SRRt R R o PPAL T B ™ A& I b —/ N 7 S 55
W, AT 5 SARE X 5 A LBt A Precision f435E,  Higy JoyERT5F BTN S G 7E A o DABKS
43 FEZR

F L 45 TA SO EH AR AZ G 1Y PP KRB E I SCibsb . BORE , T KiIB SR SN
F, LLM-enhanced Neural CRF ¥JAH& T B8 T2 B2 7. Neural CRF EL£kf F, o4 88.90; 5| A LLM )5, 4%
BiFIY) Fy 327 % 89.99-91.33 6], Hirdr, MiMo-V2 7E O-shot 1% 8 NS e F1=91.33, FHIHLEZLEF 2.43 4
Aoy WEIRGIRMRE, AFKIESHALZ B HEREZE RN AR, 0-shot 5 4-shot PFPH/RIE AL



% I
AR E T TReCRF 5 LLM-EnnaNnced TREeCRF [ PP K [ff 455 (P/R/Fy, %)

0-shot 4-shot
Method LLM P R F1 P R F,
Neural CRF (base) - 93.32 84.88 88.90 93.32 84.88 88.90
DeepSeek-3.2 95.74 87.08 91.20 95.74 87.08 91.20
Claude-4.5 95.03 86.43 90.53 94.60 86.05 90.12
Qwen-3 95.17 86.56 90.66 95.60 86.95 91.07
LLM-enhanced
Kimi-K2 94.74 86.18 90.26 95.16 86.55 90.65
Neural CRF (ours)
GPT-40 94.46 85.92 89.99 94.60 86.05 90.12
GLM-4.6 95.45 86.82 90.93 95.74 87.08 91.20
MiMo-V2 95.87 87.19 91.33 95.73 87.06 91.19

RABN BT, B IHAS SO VEAEA R SCHE S 378 25 N BB REE 235 TreeCRF (1) PP {KFfHIBIMERE.
Bk EARTRTHARUR, FATIEAT VIHASER, ROCT R IR A ST R A M ES, TRIAER S 0 IR B.

4.4 54T

FIGLER R, AW LLM 5 Neural CRF #5845 & J5 B Rede Tt PP AKKE N ERE , (HELTHIE AT, 45
EARAE S — B E R M RE G SR B AR . T ARS8 A5 %5 8] A Verb-attach 5 NP-attach 28, KA
BUUTEAE 4 7 WX 5 2 [BUBOE SCRTAT PRI, XA TR B R B, (O A N PR RE 25 S e AN K

MIETRHKMEE , O-shot 5 4-shot [ Fy 2555/, $eomn il 58 2 WO A i AL i (i Bl . X5 PP 4K
B FI BT A S A S AR T 5 R B B IO R 540 3¢, few-shot /RBIIIF AN B EWIMPURIEE . BIEORE, Kt
AR B A B 45 M FIR AL T R E B LA 1E, T TreeCRF %y B (K IS4 RERS A5 50 X 40 S A S, M ]
PR .

350 R EBifEAR o= iR .
45.9% - 50%
300 -
- 40%
250 -
mg 200 68% - 30% B
# 150
- 20%
100 -
-10%
50
1.9%
o L N e , ; , , ox
0--10 10--15 15--20 20--25 25--30 30+
(61) (56) (66) (131) (137) (323)
HR 55 d oA X 1)

Bl 4 PTB MRS LMRETH9) Scorew HIAHZTTT AT, AETEEZRARAAG43 DX ] PALIE A5 SR TITIN AR AR BIRE , e 7m o o7 DX T F) T ) e 3¢

BT Neural CRF FEJIAAE ERTNEAR, FATHEIR g i MRS 04T 1 XSS o dr, AR BR i 45- 20
e HES SR TN A AT EEAR R . FLAIT S, FA T4 MRS Xl o0 K], AR KT A GE T IE R AR |



FERAEA A SO R R (RINZDK IR Y TTI0 5 AR T 5 U1 ) o T 4 T, ARASA3 D IRDAS (A 1 B B o
w, WA Z SR A B ISR, SRR AR RIS R I I R e o X RIS 1
A5 7> BERS A R I T P AN 1, AT A T 4570 BB SRS B HR I T 2 I s
4.5 IRIH

Ayt B A SR A HE BAE A [/ IME B R TR, TS IA— DT LR SR~ e
YRR R LR . LRSS FTHA o “ ERSCs S + MRIEHLE” AEBUEAE : 5L B %k BERT Xi5e
RITHEATORTY , PA T SRR 5 B IS SRR AR P A A IR R I B R, B4 SR Verb, NP
5 PP XM R BHRFEIR, HEHEILHIN PP 2K Verb if/2& NP, 55 M LA gk R AR H, A SCRA
R BERAOR B BLA SO B O 50, I 58 R B AT SUE L. 7ES LLM &56, %20 JEa il
WA AR B A A MR B R, I P AS SCH UL 14258 A LLML 35 SR . iy TAZBER
PERSERE AR, RN RIS gold A2 [ SEBINS T, IR Accuracy fENTPALFaAR. iS5 T 8
EFRAERTA RS SRR T R R E , BRSO mv=1.017, 7y= — 10.024, 7{,=1.017, 75y= — 0.000.

£V
AR R E T FTHA-seNT 55 LLM-ENHANCED FTHA-seNT ) PP /K [i 455 (Acc., %)

Method LLM 0-shot Acc. (%) 4-shot Acc. (%)
FTHA-sent(base) - 93.41 93.41
DeepSeek-3.2 94.06 94.44
Claude-4.5 93.93 94.19
Qwen-3 93.80 94.44
LLM-enhanced
Kimi-K2 93.93 94.06
FTHA-sent (ours)
GPT-40 94.06 93.80
GLM-4.6 93.93 93.93
MiMo-V2 93.93 94.06

IV 45 7R O LLM HEGRER . n[PAE S|, FTHA-sent /) BIRUA B AT 93.41% HYHERGH;
FEGIA LLM J5, Fratfi By kit—248 71, Hrf DeepSeek-3.2 Il Qwen-3 7E 4-shot 5 ik F iz 1
94.44% , X —&5FVEH, AN SCHE A SRS HE R TreeCRF AR E 45 M6 B/ VBRI S 24 e R4 I
Ty BN EAR B, LLM A9 AW 528 ] A R Ab el 5, ATt PP ARFEAITERE -

5 &t

AR S FE SIS IR AT B /T R MR TP A, it — R B T A B85 2 0 R/ MBS 2R b [ A TEAE 2
ARICM PTB 7B B Verb-NP-PP A SL B, X KPR 5 28 ANUE I Bl IR b il 52 Ml i SR R AR
BT N T 17k L, PA TreeCRF A GMEA MG KIS0/ o B B R, o R A SRS e IR L AR
A EEFRIET I LLM 5 SCHIWT, SEBE A 515 A S AN & -

SKIETREY , ASOTTEAEZ A LLM SR 3E FYPISRERTE, BHERFEANF/IMEREHY_ ERFEARL,
HA RUFESHALE . AR, BUE RS SRS FEA R LLM R 53878 B8 T SRR BU i THCR .

ARITTEAFAE—E SRR (UAE PTB 1) Verb-NP-PP 4l FITRSCH, AR s KAL) PPA 45,
ARAEH A SR FIbiz Al Sy HOUMERMFESIA T LLM A . Rk TARRI R EE L PPA 2K
LURSTER N6/ SV Sl 2Tl RN TR A WA
i

T EA R AR ESE I . AR ER B RFEE4S (No. 62576237, No. 62336006) #El).
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MiF A. LLM Prompt £y

AT PRAS SO BB SCHDI IR, AP S5 ) prompt it . PSRN SO TAREUE, AE 28 1E 3L
T VEE S SRR

A SCHER R SRR, R M. EAR A Br. A5 (0 P s R ST 1) o v ) i i DAL S A =iy AL
B R4 5 PP AR 4 BiESE 2 B B A ERIE M Verb 5 NP, X%—'ﬁ”ﬂ%%iﬁio FLARBRRINE 5 B

[System prompt )

[Role]:You are a syntactic analysis expert.

[Task]:Judge whether a PP in the sentence can plausibly
modify the Verb or the NP of a target phrase.

Output ONLY a JSON object:

{"verb_plausible":"Yes|No", "np_plausible":"Yes|No"}
[Rules]:

1. Use full-sentence context.

2. “Yes” = the PP can plausibly modify that candidate.

3. 'No’ = the PP does not plausibly modify that candidate.
4. If both are plausible:
{"verb_plausible":"Yes","np_plausible":"Yes"}

e A
User prompt

Sentence: We got calls from big block houses asking us
if we want to make bids on anything.

Target phrase: make bids on anything
Verb: make

NP: bids

PP: on anything

Return JSON and no explanation:

& J

s p
Response

{"verb_plausible": "No","np_plausible": "Yes"}
. J

B 5 AT PP RIHE UK LLM prompt it

1E 4-shot & H, FATLE—AL55 Ui Z BI A RUANA& AR R -6, T Ud B A F B K S A
ISON #5858 JEARHHESMUS B 4
B3R B. iHELSCLE

A BEAIE R T4 SR XA AL P REHE TH A TUHk, A< S0 AIAE TreeCRF Fll FTHA-sent b FFREyH LSS, If LU
SERE VA S MG 1M A TR . TC1 S RIS AN 25 R B A () FOUI B R, T2 B LM R Wy 4ok
A%, XFF LLM 45 H ME— KPR unsure FEAS, 2 5I0R I = FbH 30 (1) keep, B HEBCZL Y JE AT
s (2) reverse, JHEHEBAIRFAGTM ; (3) random, FF Verb attachment il NP attachment 2 [&]fALESE. N
PRUESEIZE R W ST H, random HEME R A [E 7 FEAILF T~



# V4T TreeCRF ERHRIZE R . keep R ATE, HF¥ Fy 7£ 0-shot Fl 4-shot & T 435K
88.90% Fi1 89.45%, 5 TreeCRF £k 88.90% FiF-aig AT, reverse [°F1 F1 4391k 68.78% Fil 81.69%,
random [¥)°F-3 Fy 43512k 79.08% 1 85.91%, YL T L. M2 T, 528 145 Fr 353 89.99%-91.33%,
TEAR LLM FE s B~ R e

= VI /R T FTHA-sent LIPJHRAES R . Tol 145 keep [P35 1ERfH#AE 0-shot il 4-shot ¥ #4354 92.45%
F1 93.02%, reverse 1 random FEEAARIIIE 2L . RABUET )G, “FIIUERNR 2 55 F] 93.95% Fil 94.13%,
YT FTHA-sent FEZE1Y 93.41%. X —555 Ui, BT 98 RN AE AN [R) 28 i LA | 3 Bty R B MR IR
RE4ETT.

AR AT AR, EHRE LLM 1935 SCHIWT Y. T A5 FEA T R R ORIEERESE T, R4 ALBRSR IS A 2
BB . B o g A A B S B LLM A ATERL, W TR B TR T T, 2 S
T PEREFE T B2 1 A

®HV
LLM-enuaNCED NEURAL CRF |15 5 T0 1 4@ A ERERT L (Fr, %)

0-shot 4-shot
LLM keep reverse random ours keep reverse random ours
DeepSeek-3.2 89.45 77.67 84.03 91.20 91.07 82.27 87.42 91.20
Claude-4.5 89.17 71.04 79.97 90.53 89.85 87.96 89.17 90.12
Qwen-3 89.72 87.55 88.23 90.66 90.26 86.20 89.45 91.07
Kimi-K2 86.33 62.92 74.42 90.26 89.58 82.27 86.47 90.65
GPT-40 89.99 80.51 86.06 89.99 88.09 83.22 86.74 90.12
GLM-4.6 89.17 67.25 77.00 90.93 88.77 83.22 85.52 91.20
MiMo-V2 88.50 34.51 63.87 91.33 88.50 66.71 76.59 91.19
% VI

LLM-enuaNceD FTHA-sent | J#55 Tol 1Sl & PEREXT . (Acc., %)

0-shot 4-shot
LLM keep reverse random ours keep reverse random ours
DeepSeek-3.2 93.54 79.84 86.30 94.06 95.22 85.53 90.83 94.44
Claude-4.5 93.15 74.94 82.82 93.93 93.02 91.99 91.99 94.19
Qwen-3 93.15 91.47 92.38 93.80 93.67 90.31 93.02 94.44
Kimi-K2 89.15 66.67 76.49 93.93 93.15 86.05 90.44 94.06
GPT-40 93.80 83.85 89.79 94.06 91.86 86.82 89.15 93.80
GLM-4.6 92.38 71.83 81.52 93.93 92.38 87.08 89.79 93.93

MiMo-V2 91.99 37.60 67.05 93.93 91.86 70.67 80.49 94.06
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