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R AT R B AR H I TP TS /31 R KB TARFAF L P s/
B R AL KA 8 TR, KX 4300705 2.4 B F 4% 38, bR 100125

BE

SRt HERTE F R AR 55 TR Ol RGEVEA T 11 HCTE R 3 F sk L IR

B AL iR B B R e h i B . WA LIVED (livestock knowledge evaluation dataset) ¥ 4 1 7
11 037 38 Hh SCE PO R PTAG BCE 4R | 0 25 0 0 A0 A T A0 4304 L 5 () 20 4 P2 TR 25 2R W, 45 KB
SRR RE 2 5 2 LR A MEREHEA AT 3 AU J3 Bl DeepSeek-R1(HEH 2 0.700) . Kimi K2 (#EH1 2 0.681) Fil
DeepSeek-V3.1 (HEH % 0.675) . DeepSeek-R1 1 & 45 3 ) 3 45 17 (0.868) , GPT-5 1y 4 W7 R o 1y 56 fc %5
(0.842) , Kimi K2 Ay 3825 R Ef 28 8% 155 (0.651) , [7) 248 Qwen3-235B-A22B MY ERf F % 5 (0.504) . & Bl %
B A T IR R R P B e 4:(0.630) (EATIYE IS DeepSeek-R1 7 43 o FEEEAIHT W, 1T KIE 5 A5
TR R AR A AT S B A A A T SRR RO FRORE Tl SR o L 4
RE 7 M AEAE W] AN | A SHe Tl B KSR 2 75 DI Sl Ak e 2l R S 4t B R 1 AR
KBIE  RIG S B BRI X SRR EAS

HESES TPIS  XHKFRIRE A

K F B (large language models, L1LMs ) B\ 7£
BRYT A S &R AE O EE S R I M. K
P D Re AR Pk, Kok S BRI A] 43y Z B8 (I GPT-
5)0 T 5 (4 WebGPT)!? J 455 & 1 (i
FinGPT)™33 . BNIFEME R ARG LE U5 AR 55 145
LA, F A T 11 450 38 0 PR R AR R T AS Y
ik

RHESNBIRYGE ) B KR, 2R S 2 R
L v | 78 75 15 2% (PubMed QA Hl CMExam™ ) | ¥
A (LAIW) S 4l (FinEval) 4 ALl 458 . 31
A 38 FHEEAE (U0 MIMLU'®)) e LU St 2700455 750 7
R b S R . T = A RIE A
B Wk £l BE 1 0 R G VEAR  AH S EE AR R N HH T
5 RALAIE ST 247 TG R A

PP R R R A B U ) R OKF 5 0
FHWE T3, AWE IR T F A Y e B v SCFE Bl R 2%

Wk H ). 2025-09-30

XEHE  1000-2421(2026)03-0137-11

B ¥ % (livestock knowledge evaluation dataset,
LIVED), %t 11 4~38 F B 3 4450 o BAR AL A T 25
PEBETEAN , 200 LAk 14 > RO TR A 3 456t H
B A UM ) 58 1 B HERR I, R SR REALTLE
BT =T A SRR E R, B RN KR
IR TE B A A S B iy P B AL A AR Al [ s
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ey
1 #MRlE7AE
1.1 HIRIRE
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Table 1 Sources of test items and distribution of question types

. B T SR L H 2R Question types
BRI Number of Number of k% 5 | b B SR 2 05 BE
Sources of test items ) . A FIE A= I
tests questions Multiple-choice Judgment Completion Open-ended
All B i 51t
N &&F&%ﬁt L 13 930 550 145 132 103
Vocational college examinations
[l
AR . o 112 11918 5830 2289 1968 1831
Undergraduate major examinations
L B
Pl . =y .)% ‘j.ﬁi .o 22 3618 3045 398 96 79
Veterinary licensing examinations
A1t Total 147 16 466 9425 2832 2196 2013

AR AHR B NIERELE S 14781,
16 466 S XF o A B (L e (57.240%0)
YR R B8 (17.20 %6 ) 328 8 (13.34 %6 ) ] 245 51
(12.22%)
1.2 HiE4bIE

Ji s A 2 8 A A P e T 23 A 2B A
FEEEAL A A5 AR 4 LIVED

1) SCARPEER . X6 ERAEAS AT G S0, i Pyt
esseract fL#F1 T IE2E AT (OCR) Y,

2) 90 A ik o N T VC el A 5 25 %, 9 S BR
1779185 FEI K AT AE S HELNEH

3)ITUA LW . FIFH BERT BRI A 1 A A L]
LB BR AT AL B T 0.95 A4 3 650 1 H & n) A,
BELERIEX e E L WEH, IHREIR L LA
PriE i FR ARk

ORI o A A 280 58— %35 ISON
M IS N TR AR S, I/ B 11 037 A~ A % 10]
S
1.3 iFfEIERR

LIVED 54 8560 5 (1) A PR ] 19 225 . &0
RO (R 458 AT A DR R ) R 5 AT (s W) 250080 .
R AR A A PP AL R A , 2 28 R Y 15
J7 WA AR o K24 52 A 1) % L8, 5
HERf % (accuracy , A ) , HoE LA (1) Fik

A= (1)

D Regee A IEFAVEZ 98 H EL, N gy
H S %36 bR BEAT RO AT ] 5 0 A B
il AR, HARC [0, 1] AEBORAER M REBRAL .

X TR R, B e R AR 5% AR L
(cosine similarity, cosS) PEAT LAY A pl 24 28 SR E

ST SO & B H A B AR XA DL B AR (T) ket
BER R HEARIN A (2) A (3) PR,

cosS :M (2)
H Er@fH.HEc;md H
— Meoss =1
A_ ]\]mml (3)

2 E o FIE o 53 0T R AR E S 58 5 1A
A N S Bk A Il £, Y paraphrase-multilingual -
MiniLM-L12-v2 #EAIO 5 A plg . A543 IX ]y
[—1, 1], i 8 oK T3 SCAR L EE s o X (3)
M= 13N AR SEARABLRE R T-45 T (A A0 A ) ik, T
FREBE , N J8 B EEL AIPAG B AR PERE
SR 0.7.0.8 5 0.9 = AN AR s% B B 15 =
LR T A 3 CARLBLRE = (0 58 B ) , 25 SRR W],
T B T o S B A8 ik T I, (EL R A AR ) R
PRPEREHER DRAFEE  ABIFTR GE— R H] 0.8 1 B {HL

R PFAk A [ AR AL A 32 008 | AR 2 e Y — 3L
P, R Bz IR #h M 6 2 %X (Pearson correlation coeffi-
cient, ) R AL AR ] () R BLOCHRE L TTHRA R
W= (4)FrR

n

D=2y —3)

i=1

(4)

n

IS S

RO 1, 5 9, IR 2 A R

B L AT 2 D0 R e 6 1

FFATRE EA 4 BB T L7 R ) B

AL 256, FE e B2 I SRS 507 o B

SETEIH — 1~ 1, RS 1, W08 ] — S 3 (i

BEE O, W37 98 MU T 2554 0 (8 M
HRMLR,
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2 HR5HH

R ZR GE VA 8 P TR 7Y 5 F ek e A
R PEREF L, 5T LIVED 30 82 %5 14 M A4 T
CEATEAN . O, A 3G A R A B
11 037 A 122X BRI A o LU, B XA [ A ) [
R B RRWE R R TP A HE A . BRJE HEER 14 AR
VB TR A A R A LA R R L
PERE

21 HEEST

BRI Rh B BE B N TR L BT IR Y
16 466 18 iR BOR # o0 A2 13 11 037 A8 Jo a2 ] 2
M LIVED 984 . 28088 5 vh i #00 5 Tds ok, 3t
6 5928 (59.7 %0 ) s H YR Ay FI W it 1 820 38 (16.5%) .
W71 75036 (15.9%0) MR 2281 87516 (7.9%) . H
a1 PR o 12 SR R AT 0 L AR
ZFE, BERS CHE N 2 A JE AT PP Al RIS T R ARLLE S
PR PR RS A NS A fE

P

Multiple-choice

"question": —3L#/F R A I R
KA, IR, S X A2
U, RIS AR AT LA,
b1 s O 11 A L
F O .

) b7
Judgment

A R
Completion

"question”: "@MEAVE I F BRI
N__ s RN EERIY
_ s SRV RN

e 25 R
Open-ended

"question”: " ZNAE FRAREIE KGR
AL ? ™

B, }E:Eg "question”: iR b
o TR PIALRE, HERG & SR, IR
i el 7%,

?nsweﬂrﬂﬁ,f "answer": IEAfl

"question": "A cow shows mild edema
under the jaw and abdomen, reduced
urination, and sensitivity to palpation

"question": "When lean-type pigs are
raised in a low-temperature

N % p environment, their fat  content
in the kidney area with an arched back : .

: ; increases while the lean meat
Urinalysis shows no red blood cells. If ercentage decreases.”
further blood tests are to be performed, Eanswer'% "True” o
which component should be prioritized } )
for examination?",

e vf:r,f[ QR 5 A A B P M AT 5

B0, ORBRIK, RN OFAER

R B AR RN SUANE, %Pt o]
Zo8 FL s o 2 R AR

Ny 11 A 2SR

Xt

"question”: "What are the clinical
characteristics of animal nutritional
metabolic diseases?",

"answer": "(1) Group occurrence and
endemic prevalence;(2) Onset related
to physiological stage and production
performance; (3) Prolonged course

]

"question”: "The acute form of swine
erysipelas mainly manifests as ___;
the subacute form mainly manifests as
___; while the chronic form mainly

manifests as and 5 5 .

- . - - with slow progression; (4) Non-
answer": [ , . i

" . 5 5y infectious nature; (5) Normal or
septicemia”, .

B . S slightly decreased body temperature,
diamond-shaped skin lesions", . -

" often accompanied by significant
endocarditis?, acidosis and neurological symptoms."
"arthritis" e ymp

]

Bl A[E iR p g R )
Fig.1 Example formats of different question types

"A": "Ketone bodies",
"B": "Urea",
"C": "Cholesterol",
"D": "Bilirubin”,
"answer": "C"

22 REEEF

TEE 11 AN 32l T Ay P s R A A 7 34~ 35
MO AR (3 2) , PPAS B AT 17E LIVED #uds %
MIVERE o 75 78 P RS AY 1 e PR B b, HERR T
T TR A T AR B e R AR DL ER 4 R
TR TR Y 7 e FHREAY , DL O PEAR 9 R] 47
PS5 X0 o 400 B R A Y £ A [ B N 44 Y
WM GPT %51 (OpenAD™ Llama3.3(Meta) ™', LA &
] P9 43 S AR AL G Qwen R 41 (BT B 25 ) il Deep-
Seek 51 (DeepSeek) %',

B BTG A 4 Hy 22 AR R A Ry
) I /N AR B (A AL il DeepSeek-R1 LAY 5 #E
5 Je 3R g 71, https://www. xiongan. gov. cn/
20250228/8bad33753ede42c18048f71119748ba/c. ht-
ml, ) SR VE Tolk K2 5 T Qwenl.5-14B-Chat JF
K ) Kwoola #8254 (https: //github.com/HIT-Kwoo/
Kwoola) Lk Kt A [ el 2 BiF & 1 pf A Er e Al

(https://news. cau. edu. cn/zhxwnew/79fe95ch93ec49
83h2b6035c5e2{5271.htm) . i3 HE 4511 I 4513, & F
BRI ZRI0R , %R 3 POl AR R R A

1) 38 FH B R A, o 11 i FH 400l st 70 A
ERNER 3TN, AR L BN R RLZE LIVED H3C
BOCBOE SR b R IR T A R L R
DeepSeek-R1 7E M PEAL i B T s A ) ~F- 2 1 g
(0.700) , 7€ {7 A PEAG A A p HE 44 55 1. 76 E 5
(0.868) \HI W75 (0.839) Hh #fiE i R 4 1L 0.8, F W 1%
A A b B8 K4 ACAT: 55 15, B 6% o 1 2 IO i 132 56
B o SR, AR AE ) 24 1 1) R AR R AE
HER AN 0.462, B HAE LR G 5 HARIES
A LT A AE R PR

Kimi K2 25 & HE 4 55 2, 78 38 23 [0 1 1k fig o 4
(0.651) 5 DeepSeek-V 3.1 457 7 A Yk PF-Ak b HE 4 56
3 AFJEAE AP I MERE I AN IS ), R T AR AL
H A [a] ] 90 1 i ¥ 7 BE 77 . Qwen3-235B-A22B 45
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Table 2 Large language models for evaluation

- . Z}%&E
Hm S . I
Number of .
Models Developer Websites
parameters/B
GPT-4o0 OpenAl 200 https://openai.com
GPT-5 OpenAl \ https://openai.com
Gemini-2.5-flash Google \ https://ai.google.dev
https://huggingface.
Llama3.3% Meta 70 psi//huggingface.co

meta-llama/I.lama-3.3-70B-Instruct

i PR DeepSeek-R1* DeepSeek 671 https://www.deepseek.com
General-pur-

S -V = * S Q- Q
pose LLMs DeepSeek-V3.1 DeepSeek 685 https://www.deepseek.com
ERNIE-3.5 % Baidu \ https://developer.baidu.com
Kimi K2* Moonshot Al 1000 https://platform.moonshot.cn
Moonshot-V1 Moonshot Al \ https://platform.moonshot.cn
Qwen2.5-72B* Fif L 75 Alibaba Cloud 72 https://www.aliyun.com
Qwen3-235B-A22B*  BifH Z Alibaba Cloud 235 https://www.aliyun.com
. N I .
SR T/ ez X Al A€ ) Jy Xiong'an New Area Agricul \ hitps:/,/www xascn.cn
s ‘*' o Xiongxiaonong ture and Rural Affairs Bureau
gl
” R TJFE Kwoola M /R E Tl K 2% Harbin Institute of Technology \ https://www.tgkwai.com
Domain-spe
ifi s 1 I Sh
cific models }:#E vesnenong HE £l K2 China Agricultural University \ https://shennong.cc/welcome
aixiao

5 \ FRSERANTF /5 + IR FFIFAL, T, Note: The symbol \ represents that the number of parameters is un-

available. The superscript * indicates an open source model. The same below.
x3 EROEEBEITMHER

Table 3 Evaluation results of general-purpose models

TR TEREAE o A s [F) 25 7 M

Models Multiple-choice Judgment Completion Open-ended Average
GPT-40 0.773 0.751 0.499 0.465 0.622
A1 okt GPT-5 0.849 0.842 0.577 0.406 0.669
International LLMs Gemini-2.5-flash 0.827 0.810 0.539 0.379 0.639
Llama3.3 0.706 0.696 0.351 0.398 0.538
DeepSeek-R1 0.868 0.839 0.631 0.462 0.700
DeepSeek-V3.1 0.814 0.779 0.637 0.471 0.675
" ERNIE-3.5 0.730 0.737 0.527 0.433 0.607
KAFHY Kimi K2 0.856 0.821 0.651 0.395 0.681
Domestic LLMs Moonshot-V1 0.664 0.711 0.495 0.479 0.587
Qwen2.5-72B 0.806 0.771 0.502 0.441 0.630
Qwen3-235B-A22B 0.831 0.782 0.575 0.504 0.673

AR R AL ERE . Accuracy 1E k4 BB A ITAG 845 . P 3(EFE Accuracy IS AR P-4, Note: Bold font indicates superior per-

formance. Accuracy is used as the evaluation metric for the four question types. Average refers to the arithmetic mean of the accuracies.
BHERE 4, 78 )2 R L B o s MER R (0.504) o A A5 Z A AL 78 A BRZE A A AT 55 i R A, 207
HPRBEARI GPT-5 KRB HZE G HEA S 5, 78 A 1B F /S LN Oy m A Irae ). Likss
W7 L BAS A% = 1 B % (0.842) . Moonshot-V1 Fll SR B R [R5 ELOG 34, w] AR i HLAARAT: 45 75 R ok
Llama3.3 (5 R e AR XT3 55 , oY Eae 0 A7 4 xF M3 H o [ B DeepSeek-R1 Hil DeepSeek-
0.587 #110.538, F:Ht Moonshot-V1 ZEEFE B P RS V3.1 PPAG 45 S U B, B () Wit A B30T oK b 2 $ 85
R 0.664 (AL Z B R85 0.479, XUl AIMERE.
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2) 453k T FASERIITA o X 4 S ST e 1A fE
iy T Al A7 e A TR ) BT8R ol e 3 i L S PR
7 FH B4 RS , I Sk A3 IO P G T i 148 S A DL
i, BEH 3 ol T B (i /N R TIPS
AT W) UEATPRAL o AN 4 TR X 3 ALTE &
O A5 e B B G A R RE 22 S MR BT AR AR
PERE e £E (0.630) , 3 #5801 B 5% S 0.798, 4] Bt
TERA 2R 0.769 , 37175 B E R 2 R 0.546, 455 T H
flb 2 AMEARY . R T IFAB R A AE [0 245 8BS T B
HERA 3 (0.422) AR T HAR K SORA iS5 50

A7 TR o SR, 2 B A A L G fE
(0.307) MRS58 , 2 HH HAE A TEA IS KB 15 2
TR T HAFAE R R o fEAS QTR Y, M/ NI A )
PR A TCARR E F B GE , SE 203 s A 1
FERMANE 228 o MR TCRO N2 1 B S M L P

BLo 25 M AR AR R IR [0 AR 2 B DR e R 45 5T
A& [ F AN F AN By Tooeee e TR TE B Y
N HERR K — T, T A 5 B G I R DAl A
INRBERIRITERE . S0 BR e FEAHE R < )L 0.399 12
FHTF20.689, HAB IR IUINAT AN R 2L A

R4 GEHERRUMITHEERCERE)

Table 4 Evaluation results (accuracy)of domain-specific models

7 Models PRI Multiple-choice FITRL Judgment 25 Completion 258 Open-ended  “F-¥J{H Average
/N Xiongxiaonong 0.399(0.689) 0.631(0.690) 0.304 (0.305) 0.417 (0.441) 0.438(0.531)
K TIFHE Kwoola 0.674 0.678 0.307 0.422 0.520
A4 ET I Shennong Baixiao 0.798 0.769 0.546 0.408 0.630

35S VB 2R /N ARSI HEBR JE 8K 11 25 )5 B M REZR B, Note: Values in parentheses indicate the performance of Xiongxiaonong af-

ter excluding invalid responses.

Ph BS503R R R R AR 45455 25 780 - i 3R
FTERE 2R SHBTEZ W i rERe ] ik T
T, M A R M/ NR BEE A B L K TIT G B
oy JOT B P O 7, (L R P B 52 A % 7 A Y TS Ak e
AN ES IR A& v S5 L IV oa o[l [EO A3
23 HMKIESEEEEMHER

D BRI SO R RR 152 . R IR AR T A A
SR X RO H AR AL (LLMs) PEREN™ () 520, AR B
IR Qwen2.5 5 DeepSeek-R1 K HAEAS 6] S 5 fid
B ARBTG5 RN E 2R . X Qwen2.5
FRYVEII AT 0B, K IR IE 4 HI W A 2 3 | A Ay
P BB H Bl S B S KOm R e B2 . SR, [R5
A EAR I AR, B 2 945 R WoR | R B

1Or  wm Qwen2.5-3B =3 Qwen2.5-7B  mm Qwen2.5-14B
i _ 0.9 = Qwen2.5-32B = Qwen2.5-72B
= .=
=z 08
= ’
no = . %
ge o0 | %
5 2 %
€3 05 /
@~ Z
e 0.4
0.3 Z L
el Ja| s [RE=5:11
Multiple-choice Judgment Completion Open-ended

Y Question type
2 AESEHER Qwen2.5 RIIEEIE
B—BETHEREER
Fig.2 Performance differences among Qwen2.5
series models with different parameter sizes
on the same question

B 2 B8 n B i 25 5 BOME AR R AIK, 40 Qwen2.5-
328 4 4y 5% AH L M 0.758, Qwen2.5-72B HI f% &
0.752c HIRAHRITE X — L, X Qwen2.5-32B 5
Qwen2.5-72B A & ZE 1) 4 X KB R AT E T
W3S 2 1A B 4y 9 R 76.10 5 79.51 ARG, £
WA A RS 3 T i), FL A1 280 0 TG o 3k ol [l 2204
JE (R BE AT BE- S OB R A A R SRR ES S 2 R
ARTEANLEE TR, UL, 78 SEBR I Hh ik 5 53 1)
BRIV NG B TR A A PR R, W Re R AR a1
T SEBUE AR IR TR L S R A R0CR

2) 80 35 FRASE AR 5 3 400 Sl A A ) v R A
Ry L PSR 5 il £ FHASE BT 2 Ol AT 55 H Y
PERE2E 57, S SR (18], 7158 2 JSAE AU 7 4 Fh A
e R RS T S HT . INER 5 PR L HE
VPR L, 3 FH AR - B R 0,793, 3
BT AL ALY 0.623, BUXTREAS (4636 B —
H 25 BA G EE L (P<C0.001) , 3 45 dal 45 5
TEIZAURY - B UER 22405 0.170, 7EFI W |-, 3l
JH AT AL (7 Y HERA 2K R 0.776 , 4Lt 4 FHAE AL Sy
0.692, 2 5 I # (P<<9.165X10°%) , E- ¥y 22 #E Ny
0.084, TEIZS 1B I, 38 F AT 700 fr) - 34 v Aff 2R
0.544, 15 408 % A BL AL 0.386, 22 5 i 3 (P<<
2.217X10°%) MR FR 221 0.158, FEINZ 8 L,
JH AT AL (- Y MERA 8 0.439 , W & Tl &
BEARL ) 0.416, 1% 22 5 I8l FF B A 4231 27 58 L (P<
5.955X1077) , fERf R 22154 0.023,
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Table 5 Comparison results of domain-specific and gen-

era-purpose models performance (accuracy)

- I
e B g meem R
Models Multiple- Judgment  Completion Open-
' choice g p ended
JE A
General-pur- 0.793 0.776 0.544 0.439
pose models
G A AR
Domain-specific 0.623 0.692 0.386 0.416

models

3) KAUE F R — B 4. BRI 5
IINARAGE TR AE A A TG AL R IO 1 [P AT, 330 ) A 25
PR T AR . R, S ORUE S AT A ROPE | S 2k
) — I PR HERR IZ AR AL B o R A 1348
U 11 24 80) 43R 320« 43 T Ay T A7 B 7R 387 [ 252 1 E
1) A A 1 (A B AR 34 [ 220 5% ) LA SR 4 1
CRLRY [l 28 IE R AN — 350 o J5 B2 X4 IE i i H
JEFFTEA 31 o F 43 IE A /R 152 R AL G 10 () R H 8K
SR BERRRR 3 T8 TA KA 1 128 38 |\ HZS
1 3183 A& R 61438 .

W 6 s, ML, DeepSeek-R1 i H £
FaE Y PERE , FEMERT R 0.868 /INIE [ %5 0.821, %

®6

EFEBANE S

&5 0.047. 2T, Moonshot-V1 B 1TERE T B IR
JERTR, M 0.664 [ % 0.468, (H3 BN, ZME
fiE 40 5 i A5 R 0 4% Kimi K2 (—0.056) . GPT-5
(—0.060) Fl Qwen3-235B-A22B ( —0.073 ) B g AH X
BN R T IARRT A A 0 D 0 0 R A
LAY R fb ka3

SFL2S R 85 SR )3 s O TR B B X 40 I
T 6 TR) AT, K 22 BB R0 B 1E 0 SR T 4R T b K-
mi K2 #8785 ok i 3, M 0.651 T+ 2 0.706, 3% 15 A
0.055, 1% Kwoola( —0.057) il Llama3.3 ( —0.043)
IR R, i, A R B R T, H
S W AR A R W 2 R T RRIR T
H LS HLHI B AR

B 2% BB AN Y AT DeepSeek-R1 5 % 15
T A T R E— 2 Fo A, 45 SR R, B3 7 5 UL L
1225 1 — SO 3 5 ZERE BRI T, 2 N B0 e [] 25 o)
4 978 L, W] 22 593 R 5 AE H W, 3 [R) 22 %
1280 8, S [A] 2444 175 /8, 7E £ WA I, 3T 2 -8
TR X [v] — 1] A ] 225 110 4% 5% AR R E 31330 g JK b A
FHCWE R b SR Y IE A O (M A =
0.569, [A] & # r=0.608) , & B L [m] 27 5% W& 7 7 22
S (E3),

A F MR T

Table 6 Changes in model performance on multiple-choice and completion questions

PEFE Multiple-choice

345 Completion

T
I\Ifijs Wi a HEHIR b P HEHIR 2 HEWIFRD %R
Accuracy a Accuracy b Difference Accuracy a Accuracy b Difference
GPT-40 0.773 0.657 —0.116 0.499 0.505 0.006
Er S ] GPT-5 0.849 0.789 —0.060 0.577 0.607 0.03
International LLMs  Gemini-2.5-flash 0.827 0.750 —0.077 0.539 0.558 0.019
Llama3.3 0.706 0.541 —0.165 0.351 0.308 —0.043
DeepSeek-R1 0.868 0.821 —0.047 0.631 0.680 0.049
DeepSeck-V3.1 0.814 0.727 —0.087 0.637 0.687 0.05
ERNIE-3.5 0.730 0.582 —0.148 0.527 0.541 0.014
Kimi K2 0.856 0.800 —0.056 0.651 0.706 0.055
Diiijflﬁ%\/u Moonshot-V1 0.664 0.468 —0.196 0.495 0.499 0.004
Qwen2.5-72B 0.806 0.714 —0.092 0.502 0.508 0.006
Qwen3-235B-A22B 0.831 0.758 —0.073 0.575 0.606 0.031
K TIFH KwoolLa 0.674 0.485 —0.189 0.307 0.250 —0.057
#14% 15 Shennong Baixiao 0.798 0.700 —0.098 0.546 0.566 0.02

T WA 36 a e TR TR AR NLASURY - FTA (] R0 0 3, M 5 b 2 RS TR A L ALY b A7 4S8 (R R A 3 o 22 5 SOMTER K a ik

EUERI R b, Note: “Accuracy a” reflects the model’ s accuracy on all questions of the corresponding question type. “Accuracy b” refers the

model’s accuracy on controversial questions of the corresponding question type. “Difference” is defined as “Accuracy a” minus “Accuracy b”.
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questions; B: The cosine similarity of responses for open-ended questions.

B3 DeepSeek-Rl 5K EBEREE WA FREIE—EELE
Fig.3 Comparison of response consistency between the DeepSeek-R1 and Shennong

Baixiao models on subjective question types
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Table 7 Results of three repeated experiments on objective questions for DeepSeek-R1 and GPT-5

TR 9206 Repeated experiments

gy o] HIfH b
Question types Models %4l 2 S 3 Mean Standard deviation
Experiment 1 Experiment 2 Experiment 3

e it DeepSeek-R1 0.818 3 0.828 3 0.813 3 0.8200 6.236X10 *

Multiple-choice GPT-5 0.8333 0.8333 0.836 7 0.834 4 1.603x10 *

F] A DeepSeek-R1 0.7818 0.769 7 0.769 7 0.7737 5.704X10°

Judgment GPT-5 0.769 7 0.787 9 0.793 9 0.7838 10.2910*

E G AL T R /R S mE (& 25 SESW

D) FEE G 0 A s R e . 45 IR, Deep-
Seek-R17EHIZS 1 (0.823) Fl[A]Z R (0.766) L fF-34
A AL EE W = T GPT-5 (4351 2 0.794 F10.744) .
SR, GPT-5 783X 2 TiAT: 55 v 35 3 30t TR AIK 1 s 14
2o X —REIEAE 4 0 53 A il 2k A5 30 B AR
GPT-5 iy it 2 o i 28 W (E T AR rp . X
B, B 9K DeepSeek-R1-0528 i 0] & 75 F-#4) 8  F
FEATAR IR 5 {0 GPT-5 1 22 Uk [0l 2 [] — [n] S 2
IR T T S N — B

SRR IR S BALE & POl AU HHR T X
HE— L5 B T AR IS AR R T 5 BB A IE
4L 7 499 W H .

LIVED %4 4 i 8 H 8k %1 53 54> 32 4
IR B P T2 761 B I B 4 R A f
(4 858 /) H M5 EAH A (2 280 ) . FWAT S
TR (109 550) K HiAth (1 020 880) o 4% 35 R80T H 0 &
LU 81 2 A S R T K 3 2 () A7 W AN 3 £ B
%o MESPI/R, “FEHAL T 54" L Eh 5
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Fig.4 Cosine similarity distribution of three repeated experiments on subjective
questions for DeepSeek-R1 and GPT-5
RS SAEBMAERMEIRE
Table 8 Error rates across the five thematic categories
S IEGES . e L
. B e ki HRLEIER AR S
A . . P L . . . oAt
= Livestock production . Breeding and reproduc-  Livestock economics
Theme Disease control and . Others
management . tion technology and management
veterinary health
JEE S Volume of raw data 2761 4858 2289 109 1020
> I ] B
AH.%%E%?WLJ 207 241 130 11 52
Spons
peoect respomse (7.50%) (4.96%) (5.68%) (10.09%) (5.10%)
(ELfi))(Percentage)
LY Tl B
Cont ﬁfﬁ}.xllnlﬁ G 1851 2722 1677 76 532
~ontroversial questions
! (67.04%) (56.03%) (73.26%) (69.72%) (52.16%)
(ELBi))(Percentage)
BEREERZR Overall error rate 74.54% 60.99% 78.94% 79.81% 57.26%

HHE S N MBI R A P R R E B 2 RS H AR Y H ], Note: Values in parentheses represent the ratio of incorrect

questions to the total questions within each topic.
B H & R e (10.09%0) U o & HUE g
(7.50% ) , W T A7 PPAGASE AU 7 3 0 450 14 B -5
BRI A BRI R PR AR . T TR i)
CE AT S IR AR R R IR R (79.81%0)  HE
UWON B GER AR (78.94 %) , 1 WL I 7E i3k 4
T AR R 2 e

#E— 2L 43 BT DeepSeek-R1 [1] 2 415 i Ji R 10
T 3 Xof B AL 19 100 38 B DR BRI 23 BT & B,
PUR R B 5 3 (63.000) , R WAL 2% ) TR R 1F
B BEEREER & 2200, BB R 248 T IR R E R

REVERR B4 o i BERE AT IR 5 1500, R BN M5 5
AT AMRAFE o K5 AFIRE R 0], DeepSeck-
R1 #9125 3% B N 2R 77 2 ) R R 21 T 4 iR

Jﬁ‘lL‘a\O
3 i i

WFoE 2 R W], Y HT RIS 5B O AR — 2 e
JE A b 0125 28 Ol AR DG [R) &, (H B4R 1475 3%
Ry 2 WAL T WL, HEvh, e AR AR 4 1Y
J& DeepSeek-R1(0.868) 55 Kimi K2(0.856) ; ] W
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FIRAS 1% Knowledge error

L 22 R AT LA SRR > — O ?

question: What is the typical weight loss of a sow during one lactation period?

prissif
A:40~50 kg
B:50~60 kg
C:60~70 kg
D:70~80 kg
options:
A:40~50 kg
B:50~60 kg
C:60~70 kg
D:70~80 kg

SHE % D
Reference answer: D

HAHREJRA : DeepSeek-R1 451% 11
MR A =5 T ARIUR
Cause of the error: DeepSeek-R1
erroneously acquires knowledge

DeepSeck-R1 % : TEMIZZERE: A: 40~50 kg

o REEEM FLIAL A RE R A 2 BV R MTFLIYEE B 78 21~28
R, BHEEEFRBAN L, 20 IEAILP LA = 4 75 K o ARIEBUR
i GRr==) O, G- RHEMRIARR RR D—RAEHIIE40~50 keiEIN. #
(RpERR B IERE, WREN RS EAERE (MURISIAIREERD o AT A (40~
50 kg) FFASERRAL T A BEEE, AT (B/C/D) MIBUE s, W RE
BRI TEBE AL MRE, JFRNAE. FL, EMEENA.
DeepSeek-R1 response: Correct answer: A: 40-50 kg

Sows in lactation lose body weight due to milk production and energy expenditure.
The lactation period typically lasts 21-28 days. If the sow's nutritional intake is
insufficient, she will mobilize body fat and muscle tissue to meet the demands of
milk production. According to authoritative sources (such as Swine Production
Science), the typical weight loss of a sow during lactation is generally controlled
within the range of 40-50 kg If the weight loss exceeds this range, it may negatively
affect subsequent reproductive performance (e.g., prolonged weaning-to-estrus
interval). Option A (40-50 kg) reflects a reasonable range in actual production
practice, while the other options (B/C/D) represent excessively high values that may
occur in extreme cases or under poor management, and are not considered typical.

from "Swine Production Science.”

Therefore, the correct answer is A.

LT A8 SCAR AR 124 P () 451543 . The text highlighted in red color represents the erroneous part of the incorrect response.
ES5 FiREEIRRG
Fig.5 An example of knowledge error
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Evaluation of LIVED benchmark-based large language models in
animal husbandry

YU Bing', WEN Jiwei', ZHANG Xiaopeng', DU Xiaoyong', LI Guoliang',
LIU Chousheng”, QIU Xiaotian’, FANG Yaping'

1.National Key Laboratory of Crop Genetic Improvement/ Hubei Hongshan Laboratory/Ministry of Agricul-
ture and Rural Affairs Key Laboratory of Smart Farming Technology for Agricultural Animals/ Ministry
of Education Engineering Research Center of Intelligent Technology for Agriculture/ Hubei Province Engi-
neering Technology Research Center of Agricultural Big Data/College of Informatics , Huazhong Agricultur-
al Untversity, Wuhan 430070, China;
2.National Animal Husbandry Services. Beijing 100125, China

Abstract The performance of 11 general-purpose large language models (I.LLMs) and 3 specific
LLMs in animal husbandry was systematically evaluated on the benchmark dataset of professional examina-
tion to promote the application of LLLMs in animal husbandry. The constructed LIVED dataset included a
Chinese animal husbandry knowledge assessment dataset with 11 037 questions covering multiple choice,
judgment , completion, and open-ended questions. The results showed that there was significant difference in
the performance of LLLLMs, with the top three models in terms of overall performance being DeepSeek-R1
(accuracy of 0.700) , Kimi K2 (accuracy of 0.681) , and DeepSeek-V3.1 (accuracy of 0.675).DeepSeek-
R1,GPT-5, Kimi K2 and Qwen3-235B-A22B had the highest accuracy in multiple-choice (0.868) , judg-
ment (0.842) , completion (0.651) , and open-ended questions (0.504).Shennong Baixiao had the best
overall performance (0.630) in the specialized livestock models, still lagging behind DeepSeek-R1 by 7.0
percentage points. The results of error analysis showed that the errors in the current LLLMs were mainly con-
centrated in areas including the management of economy and production in animal husbandry.lIt is indicated
that there are still significant shortcomings in the accuracy of professional knowledge and reasoning ability
of LLMs.In the future, the development of vertical large models needs to prioritize addressing the shortcom-
ings in professional knowledge and reasoning performance.

Keywords large language models (LLLLMs) ; animal husbandry ; pairs of question and answer ; bench-

mark test; evaluation
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