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Abstract: Forestry knowledge is highly specialized and broad in scopeand is particularly sensitive to regulations and prac-
tical standards. To address the knowledge gaps, terminological ambiguities, and factual inaccuracies that general-purpose
large language model (LLM) exhibit in forestry scenarios, an integrated framework of “data synthesis-model training-
systematic evaluation” was proposed. Based on a general base model, domain-specific instruction fine-tuning was con-
ducted to obtain LinYun, a domain-adapted model for forestry. Experimental results demonstrate that LinYun significantly
outperforms general-purpose models of comparable scale in forestry-related tasks, and in some tasks approaches or even
surpasses the performance of much larger models.
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(2) FHRERIR: BRG] S 2 16 b i 3
BEAE, FHERATRESME M, HARHES
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(3) HEFRARGE: AR B AHOCAIN, (AFE2HE
HEFR ., PRI OC R B 2 2D RS A H I R

(4) FiLmE. ML RANEIEARESR, A
FKIBAMIE . SR LB AT A B R AR
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DeepSeek-v3 4 27 2 S FE A 0] 2 14E 47 X6
Lot HleE s mB A R EE RS (0~D.
ARG B Lin-QA MK T 757 Gy
10073 HIFEA, FHorHr H AR 70

FHE# 6 A &1, LinYun R4 5350 — 80 Fig B
TR .. fERFEAF, LinYun-7B 1 LinYun-
8B I LD 7 L7 0 h 15.4% A114.6%, B[R] ER
B A (Qwen2.5-7B ¥ 31.0%, Qwen3-8B A
28.7%) ZIFEAE—2F, B KIS GPT-40 (24.2%)
AEMLONE . X — 45 RE W EEIII4 S
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I A S U4 A 0, LinYun 76 % 28 M0 AT 5%
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A TR R, HAERBGEEMI AT RS A — e s
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Qwen3-8B Non-thinking 68/200(34.0%) 28.7% 42.6% 19.1% 9.6%
LinYun-8B 48/200(24.0%) 14.6% 52.1% 22.9% 10.4%
Qwen2.5-7B 71/200(35.5%) 31.0% 40.8% 18.3% 9.9%
LinYun-7B 52/200(26.0%) 15.4% 50.0% 23.1% 11.5%
GPT-4o 62/200(31.0%) 24.2% 38.7% 25.8% 11.3%
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