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Dependency parsing with large language models enhanced by
part-of-speech prompting
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(1. Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China;

2. Yunnan Key Laboratory of Artificial Intelligence, Kunming University of Science and Technology, Kunming 650500, China)

Abstract : [Objective] We aim to study the problem related to the performance of large language models (LLLMs) on dependency
parsing tasks. This problem has not been systematically explored. [ Methods] In this study, we first design multiple prompting
strategies to comprehensively evaluate the dependency parsing performance of LLLLMs on the rich-resource language Chinese and the
low-resource language Vietnamese,in order to assess the extent of syntactic knowledge contained within LLLLMs. Then, part-of-speech
information is used as the external knowledge to construct prompt templates,so that the LLLM’s ability can be further activated to
understand morphology and syntax and to improve the performance of dependency parsing. [ Results] Experimental results show that
LLMs exhibit strong syntactic parsing capabilities on the rich-resource language Chinese, but weak parsing abilities on the low-
resource language Vietnamese. Through comparative experiments,it is proved that the integration of external lexical knowledge can
further improve its dependency parsing ability,among which the labeled dependency score (ILAS) in Chinese is improved by 13. 11%
and in Vietnamese by 2. 26%. [ Conclusions] Designing appropriate prompt strategies can significantly improve the performance of
LLMs in dependency parsing tasks. Under different prompt strategies, the addition of part-of-speech information exerts a positive

impact on model performance.
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Fig. 1 An example of dependency tree
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Fig. 3 Conducting ablation experiments on the UD_Vietnamese-VTB dataset
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Tab. 2 LAS of LLLMs on different sentence lengths in Vietnamese %
UD_Vietnamese-VTB/Sentence_Length
LLMs LR R MG

6~8 9~11 12~14 15~17 18~20 21~23

ChatGPT-40 EHAPER 61. 24 52.38 51.07 31. 85 33.18 25.51
AR 62.17 45. 24 64. 46 41.11 35. 61 27.43

REHEN 62. 89 39. 52 49. 82 33.95 30. 68 29. 51

AR 63.70 41. 90 40. 36 45,31 49. 85 31.83

ChatGPT-40-mini FEREA LR 12.50 15. 71 23. 04 19. 26 13. 86 12.16
PAREASE R 45. 83 26. 67 35. 18 17. 04 19.09 15.75

REHRR 46. 50 18. 10 31.79 19. 63 13.71 21. 89

DREARSREIR 47.83 35.71 40.71 28.77 25.23 26. 55

3 LLMs 7 P SCEEEE PR Al PR 1 LAS
Tab. 3 LAS of LLMs on different sentence lengths in Chinese %
UD_Chinese-Beginner/Sentence_Length
LLMs PRI

2~4 5~6 7~8 9~10 11~12 >12

ChatGPT-40 R E NN 55. 77 50. 14 47. 25 42.59 33.00 35. 03
AR 57. 69 57.22 61.24 38. 33 46. 63 46. 17

REHR 58. 93 51. 67 55. 21 35. 25 49. 41 43.48

DHEEARER 65.38 57.92 60. 42 48. 09 44. 70 41. 23

ChatGPT-40-mini EREAPR 26. 92 19. 44 15. 77 14. 81 17. 68 16. 31
FAREARSE R 29. 49 20. 83 21. 58 19.75 21. 38 20. 16

AR 27.56 31. 25 23.59 22.59 24. 33 24. 37

DA IR 52.56 46. 81 46.73 29,20 26.18 30.29

Moonshot-v1-8k TREARER 57. 69 45. 00 36. 76 41. 67 32.41 37. 81
HREAE R 66. 03 51.11 43. 68 39. 69 33.33 32. 99

RAEHERR 64. 10 45. 00 43.01 41.79 29. 55 32.75

RN 64. 74 56.53 46. 88 40. 19 37.04 36. 21

GLM-4-0520 EREARR 58.97 50. 00 36. 53 31. 36 33.00 35. 20
PR 59. 62 36.11 39.73 37.35 46. 46 44. 05

RETR 55.77 40. 83 38. 84 33.15 45. 29 35.01

DA IR 60. 26 57. 64 44.27 36. 30 37.63 44.22
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Fig. 6 Case study
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