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Abstract: To address the problems of high difficulty in acquiring and annotating bilingual
Chinese and Russian poetry data and implementing style transfer in stylized poetry generation, a
method for generating Russian-style Chinese modern poetry by fine-tuning a large language
model via direct reward optimization (DRO) was proposed to reduce data collection difficulty
and improve data utilization. Human evaluation of generated results indicates that the fine-tuned
model outperforms the baseline model in terms of grammar, logic, rhetoric, innovation, depth,
style, and human-likeness, with its scores reaching 98. 0%, 96. 2%, 99. 2%, 98.4%, 98. 1%,
96. 0%, and 98. 8% of the scores of Chinese versions of real Russian poets” works, respectively.
In terms of poetic imagery, the overlap rate of the top 50 high-frequency images between Russian
poetry and fine-tuned model-generated poetry reaches 46%, which is 14. 0% higher than that
between Russian poetry and baseline model-generated poetry. Experimental results demonstrate
that the proposed method can effectively generate Russian-style Chinese modern poetry.
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Fig.1 Comparison between traditional preference-based reinforcement learning (left) and direct reward

optimization (right)
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Table 2 Comparison of language style characteristics between Russian and Chinese

B FEAEA 1SR 7 19 P SCR R B
o [ 444 IMocksa B} Canxr—ITerepGypr S B 1512 (45 1964 TLBH
2 El‘lv N, |‘] A H
i Y 2 ﬁ:jﬁizt;z;g ;; B A Haranss BT Vinan G PCAETER T

[ 4 |suno il .6epésa 14

[ER#M 2= 1

HRSCAR He H SR R

[IpusHatocb—u 51 BIIOOIEH

—IIymkun, K Hamanve

AR, AR AT
INIR T T Y2 A7 Y I8 0T

w1 PRI (Fo)RIA—FAE T TANFIHE , 1575 9 47 B
— Ay e (BUIRIE AL ) — -2 )
BROCAIE TR LA ITo papuo mepenaroT NpeKpacHyIO MYy3BIKY el
T HOE R R DU A S B e ML B 134 B8 B Bl 1 IR
B4 —— VL2 )
F—4/ N
HRSCHAE I 45 0 25 0], Sl mpocpeccop i R B
SCHEH A OB, SR &_ﬁgigiﬂéﬁw
A Bac mo6ma 6e3MONIBHO, 6€3HATEKHO R A
e RRE AR SO R T S B —IIymkuH, A 8ac n106un ;f@;{?i?’{;ﬁii
T ST R FoZ i s, BRE M TC B mE)
— A (R )
RSB 42 1) B 4 TR FeARFN XA F L
AR KRBT Beuepeer. Tumuna. Mopos. Cuer jexut”” R RRA SR
TR ST ) (RIAFAER] ) 5 S RO, USE ST H T AR Z R
BRI | ADL A AR A, rp e B ) HREARWR R T B
e/ b PR3] i ) —t & mE)
—JIpyr moit! Bl HU B KOM He BUOUTE 371a ST/ TR S
HSCE Y B AR, —Toncroit, Auna Kapenuna Bk I — Hd i
SO Fif+ahia+ TR TR A B EERE AN R Y KR T AR 4R 57
i (SVO) "IN T TR A SO S - A 3™ 3K T — R R
FEORITARCLR - K3 i) — NI L)

4.1 ANZEFEM

Z 5 N T i N ZE 330 47, BEE Y
S GRS X RO R
BT A ORUETTAL 45 S 1 B P A SRR R
Wk K A 28 3 s S R AR it 1 o SCROTR AR TR AR
A BRE FRAE i 2 BR A Bl B VR f 35 R mg
TE T B R AT, DURIE P53 3 AR 52 ax 2
VR it . i AN PEZ2 1050 T AN J0 IR B4 (19 1 v
WP 2 2 A B, WP R N TR AAE S o T R
PEAG I T E PPN SR R 5 LT 3R ek iy
XA 7 i A 1% (stylistic poetry generation, SPG)
7k R R AE X BB, SPG RS A T
H {Z & (mutual information ) 3 14 5 i 2k 5 135 7K
) i Ve BT PE B AR PE PR i RF A 35
T AL 10 1 AR AR AR B, 10 B DRO LA
FHY AR 8, 10 15 SPG 7 125 AR UEF L DA e 5 R

B 7 AR S 89 SCRR .35 BRI B K E R
18.54 17, F- ¥ B 4T 11.86 NI T . NEPEZ AT X
35S HRFHEAT T A0S P4 . 6 AR B T A T
i, LAFE RO RIF ST 4 {8 FH 4 DR R PR LS A6 [ &
PRI AR SCIE T T VA A R R 1T
Y DEA Bk 7R A BT 6 b DAl UK 1k 3 R
AR X T AR A O BT R B
FEADH REE XU 52 A S BT 5T LA S 43
il 2= v g e R A B, AR PN N 2 5 bR vfE
w4 FiR.

1350 30 ML PFZAE 7 e BE XS 35 B RS
Bttt 7 350 50, 1R T A A A A0 2 BT

7 350 TN VTN B AE 7 VAR AR B LY
15 B R B3R 5 s, 2415 B &2 % Cronbach’s «
5 McDonald’ s o 55 K F 0.8 Bif, EBA{E BEAR & .
AW TP s T35 7 Cronbach’s o %8



42 AR FFR(A RAFR) % 47 %

AT 0.891 2 0.927 Z 6] ,McDonald’ s w 25/ T 0.896 £ 0.931 Z [i] ,iX £ N TIEM B E 50

*3 HELEBSRUFER 4R FRIIT
Table 3 Comparison of baseline model-generated poetry and fine-tuned model-generated poetry
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Table 5 Reliability of human evaluation results

[FLES ik 2 e A W A% EYN S
Cronbach’s a 0. 920 0. 905 0. 891 0. 907 0.927 0.910 0.895
McDonald’s o 0.927 0.915 0. 902 0. 909 0.931 0.917 0. 896
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Table 6 Examples of Russian poetry images
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Fig. 3 Overlap rates of high-frequency images
between Chinese poetry, baseline
model-generated poetry, fine-tuned
model-generated poetry, and Russian
poetry
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