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Cross-lingual Information Retrieval Based on Aligned Query
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2 School of Information Science and Engineering,East China University of Science and Technology,Shanghai 200237, China
Abstract Cross-lingual Information Retrieval (CLIR) is an important information acquisition task in natural language proces-
sing. Recently, LLLM-based retrieval methods have gained attention and demonstrated remarkable progress in this task. However,
existing unsupervised retrieval methods based on prompting large language models still insufficient in effectiveness and efficiency.
To solve this problem, this paper introduces a novel CLIR method based on aligned query. Specifically.this paper adopts the “pre-
train-finetune” paradigm and proposes an adaptive self-teaching encoder based on a pretrained multilingual model to guide cross-
lingual retrieval learning by mono-lingual retrieval learning. This method introduces semantically aligned queries in the same lan-
guage as the documents and designs an adaptive self-teaching mechanism to guide cross-lingual retrieval by leveraging the proba-
bility distribution of mono-lingual retrieval results from different linguistic perspectives. To evaluate the effectiveness and effi-
ciency of this method, this paper conducts extensive experiments on 22 language pairs. The results demonstrate that the proposed
method achieves SOTA performance in terms of MRR. In particular, this method improves average MRR by 15. 45% over the
sub-optimal baseline in high-resource language pairs and 18. 9% over the sub-optimal baseline in low-resource language pairs.
Furthermore, the method reduces training and inference times compared to LLLM-based approaches and exhibits faster conver-

gence with enhanced stability.
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Fig.1 Framework of cross-lingual information retrieval model based on aligned query

4 EXFiE

4.1 BESWLES

B —NRIE S AR — B AR SR SO IR S
{5 BARR (CLIR) (¥ B AR J2 37 2 i) 55 SCRY 22 8] 19 3 SCAH ¢
P DT 32 25 R R 45 R W HE i M . AR SO TR R A B 3 T ok
AT SR L 2 S CLIR 19— F sy B sl =

BRI F 408 — IR S A i) e FE bR IR 5 %08 S0R
D' ={d} .dy,.d, ) B (1< <m) 5 e oy )& FER Kk,
RIG A Z 16 F B2 F B8 (i mBERT) H1, 3813 B A1)
B FRE R IR 18 -

H;=MPLM([(CLS).e' ., (SEP).d‘.(SEP) D (@D
Hrh, (CLS) fl (SEP) /& MPLM ' {4 ik brid. %€ H =
{hecisy she shesepy shay s hesepy b o A8 SO CCLS) (1 R7AE 3R s 1
SCA I EEERTR . g 1T AR SR A A AR DG U)K
HFIRNIEREAR Wl » B WA HRIR A R ARhias « R)E
B4 1 UREAS X 5 3 — 4> Linear&-Softmax /2 35158 A1 1 1 HE %
sim” Msim™ GFEUT .

sim™ »sim~ = Softmax([ Linear(h{cs, ) » Linear(hicrs, ) ])

(2)

A SCff ] Pairwise Hinge Loss 7E R XF 2 2 89 4t 2% &6
B, ERAEAN R ETERNT

loss' =max(0,A—sim " —+sim™ ) 3
Ho, A SR TR 0 FUE  FROR IEFEARAR 43 0 01 1L TR AR A 43
R FHE A R SR . A 2 A IE AR AR XTI 12 IE
FEAX B Z, IR S X S M R AT

S
L, —7::11055: 4)

4.2 BENBESHDHE
AR L SN (R — 38 5 N AR BT 2 > e i 5 B

HEMHMEE S H AR & T PR AAEME LTEA S,
g e AR B T T WA A L B B R T e S DL KA
¥,

EaGELMFEIA - S 1B U FRERIES &ER
et s HWL, 5D M Ko Fid ! i 22 ok, I8 Hof A R
i) MPLM H, DL3RAS BRIE 5 8008 19 1) i R om HY . AR5 -
53 M AT T 2 A B T O A X B2 ) i)
RABL, . BRUEZAM AR SRAE G AT HIE 2% 2 k16 S B
TR M AAEE B R S HUEIA F A R
4.2.1 84 S$HH

95 78 HAE R R SO RS I 5 K R SCA Y 1) i R L X
B ) 38 i 2 B 1Y Transformer 3RS, B 88 S HLH B
TER IR 7 5 ) G5 R R o i R T8 R B IE I i R R 1
2,

LR L 40 0 IR T SCAR Y 1) £ 3R OR H MR R 3 30K
B 1] 8 RN H AR ST 5 B CCLS) M S B 35 A &
ARIFRIER N . N TS FHF A SCK H P A es) FLHYG Y
Ricus, G0 MAEAEY; Five . BT vy Alvd B9 (8 AN — 2 6 JE HE 3R A
I BT, DY T K B 1738 0t Softmax 2, AR A9 48 R o A
PGvy) FP(v)

P(v) = Softmax(v}) = &

2l e
! (5

v

e

Pv}) = Softmax(v}) =
AZIK"/'W

ARG S REF AT, 8B AT 7E 2R 35 W 15 LR, 78

MPLM [a] # 75 [8] i1 43 A B PR — B, B AR 3ol KL

HIOBE AR by 1) kA3 AR — EOME 0 A L LSS B A AR S AL DL R
X — B3 0 5 2% R HORT AR A Dy



262

Computer Science FHEHLEIZ  Vol. 52,No. 8. Aug. 2025

Lk =Dx (P(v}) H Pvi))

(6)

R 5
= 2P<v;(r>1og(P(vf(” )
r=1

PO ()
oAt R J& ] it Fv B 481,
4.2.2 BEREFHFT

MPLM 3% £~ Transformer 2, A [ 2 % 11 T A [ Y
WEEAR . PR BN A AR R = 2
SRR Y R, AR SCIN R 4R A A — Bt R T
JE4 A 3 N R B ] USRI A $8 S AL 48 S T RE .

FLARA UL A Sl A3 2 (CLS) /Y 260R [) 1E i%J2 1Y
FREROR ARG i 2 (6) KELE 2 AE H 38 S HLE T 09 28
B Lk o i RRHE i A Transformer 2. Mo & AR
A REC o o FEAE U Gioiod B8 o 3 B T B 3 . e 28, 40 2R pRBK
ATLLRR A

Lia= Z\:la,L KL (D)
Hip, N J& MPLM 1 Transformer JZ i 8z .

WG ol BEATHE LR 5 Ak . 76 I ZRad B2 b, % R B0E
i Softmax )2 #4710 — 1k, SR J5 XF R 2 (9 401 2 1B E 47 A,
B I 2 0 R AT, S 8008 PR B T B B R A T L DT A o
TR ) R R T T R, R Ak RIA T .

o@ = exp(a/” ")

’ Ji}exp(a}rl) )
Horpr,of? R ¢ FINGREAR T BIREE | R4 E AL E
R 1<¢<Q.
4.3 IR

TEYINZR Gy B, A SCR B A I 2R 19 O ok & 9F ik H A
BRAL, ERA PR B E LK

L=L,+L,+Liwa 9
o, L2 B0 7 % b2 2 00 H bR R LR B R 5 0 e )
B AR RER s Lievo S H 38 N R B0 2] 19 B bR pREL

EHEF B B AR SCE e (D Ry R G RIE S A
W e A E BRI F SO Jf 1 ER., HIR M EEFNESRT
AR AL 200 N 2B Transformer 5 i i 4%
fiE £~ H; = Trans former' ™™ (I}) . SRJGE . il 1 2% 1 26 H;
(CLS) 9271 B S btk » AR A AR B 5000 e Tl 2 8 B4 A B
PEAS 4. SR Jm B TR TR0 A AR BL PR A o3 2 B T HE T L HE 44 5
FMER CLIR 45

(8)

5 3LI§

AREPATT T2 B SE 5 LSS UE BT 42 1 A9 CLIR F ki
e, WAL I 1 — R AT RS 0T T R IR e .
5.1 ELWigE
5.1.1 %% 4E

A CAH Sk B CLIRMatrix™* i MULTI-8 1F 2y 52 4 %%
A AN 8 FHiET MXTFFRA, ARCHEEET 6 F
B O (EN) P C(ZHD V35 (FR) VPG 3E 1 (ES) (BT Hir
A AR A A HJA) . Bk, 430 ENLES,FR #1 ZH
SRR FEIRIES B AR A JA R RMETFIES . = RIR
WHEENAE B 12 MEF X R FEIES 5 EN il ZH
B TG B 12 A E %, HEBR A A5 5 4R 8 5] 22 4 h
PR X AT X SR . AT A IR & L& 10000
A B A 100 AMRBESCR . A SCHENLRAE 1600 4~

AT INGR . X TR, BE LR AL — A IR A SCR A
— AR SCRY . B IE AR AN AE S AL 1000 M)
5.1.2 A%

LHTAF IR W, KB F B (LLMs) A9 % 3L % 08 F /b
B, PRI, AR S F R ERE T LLMs Bk, b T 3 #h
LLMs: LLaMA2-7b"", Falcon-7b"* fil Vicuna-7b-" . E &
e Uk AE Y25 B B, A SCFI A FL-tuning S5 % LLMs 47
O = J2 R W i Y B B T B BB O 10, Y Rl T Y 4
AR XA 2 s .

Below is an instruction that describes a task. Please make output that meets the requirements

### Instruction: Given a query entity and a document, determine whether the document is
related to the query entity.

#4## Query Entity: [ source language query entity ]
### Document: [ target language document ]

If relevant, output 1. if not output 0.

#i## Output:

B2 2T LLMs 177 i 0 I 28 1 X

Fig. 2 Training data format for LLM-based method
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Table 1 Results of nDCG@£ and MRR for high-resource language

pairs

%)

Language Pair Metric mBERT LLaMA2 Falcon Vicuna  Ours
nDCG@1 65.73  56.98 62.57 57.90 85.89
nDCG@10  76.68 78.08 78.51 77,57  84.98

ENES nDCG@20  78.28 80.12  80.60 80,43  85.35
MRR 70.33  34.32  41.77 34,80  87.46
nDCG@1  68.86  62.12  64.17 62.01 84.60
. nDCG@10  76.02  79.59  79.13  78.51  83.80
EN-FR nDCG@20  78.23 81.18 80.72 80.98  84.57
MRR 73.43  36.97 41.73  37.08  86.70
nDCG@1  69.05  48.62 50.95 50.67 81.31
nDCG@10  78.67  77.39  77.69  75.61  84.37

EN-ZH - oo -
nDCG@20 80.14 79.38 80.76  79.92 85.98
MRR 73.36 30.08 31.81 32.45 83.95
nDCG@1  61.33  66.87 69.50  67.30 84.18
. nDCG@10  65.74 82.98 84.66 83.69 82,79
ESEN nDCG@20  67.52 85.04 8542  84.56  84.23
MRR 64.45  35.84 43.00 36.27  84.00
nDCG@1  62.61 61.70 62.83  61.50 71.12
. nDCG@10  72.05 80.33  80.11 79.24  83.90
ESTR nDCG@20  75.34  82.84 82.86  82.63 85.71
MRR 62.09 33,15 34.84 30.54  70.60
nDCG@1  59.23 54,67 55.38 53.87 78.61
nDCG@10  69.22  75.12  76.39  75.86  82.81
ESZH nDCG@20 72,77  78.35 80.08 78,76  84.93
MRR 62.44 27,98 31.60 29.27  79.24
nDCG@1  59.52  66.42 70.82  67.07 82.63
nDCG@10  65.70 83.67 84.44 82.69  81.60
FR-EN nDCG@20  67.65 84.72 8511  83.75  83.88
MRR 61.83 35,21  44.97 36.37  80.84
nDCG@1  60.11  60.73 64.05 61.35 71.83
nDCG@10  69.69 77.91 80.76 78,28  82.48
FRES nDCG@20  71.90 80.64 81.49  80.95 82.89
MRR 63.34 32,44 42,04  36.82  73.49
nDCG@1  51.72 51.62 53.55 55.03  75.24
nDCG@10  66.17  74.80 74.24 75.78 79,87
FR-ZH nDCG@20  69.32  77.59  77.32 78.54  83.46
MRR 56.63 26,61 30.22 32.36 76.94
nDCG@1  46.97 67.20  68.35 66.55  66.08
nDCG@10  57.61 82.04 82.95 82.13 72,83
ZH-EN nDCG@20  60.06  83.25 83.77 82.14  75.90
MRR 52.61 33,14 36.04 31.19  70.81
nDCG@1  41.69  60.97  64.13  60.83  59.46
I nDCG@10  59.91 79.11 80.19 79.58  70.43
ZHES nDCG@20  65.57 80.56 81.23  81.44  73.28
MRR 48.06 31,20 35.53 30.59 64.85
nDCG@1  44.32  61.70 63.43 62.75 59,90
o nDCG@10  59.43  79.17  79.62  80.42  69.76
ZH-FR nDCG@20  64.71 80.25 80.58  81.84  73.49
MRR 49.46  30.87 32.54  30.47  64.57
nDCG@1  57.60 59.97 62.48  60.57 75.07
nDCG@10  68.07 79.18 79.89 79,11  79.97

Avg

nDCG@20  70.96 81.16 81.66 81.33 81.97
MRR 61.50 32,32 37.17 33.18 76.95

WLEER 1 Mg, o] DU DR 4598 D A SO B 1E
MRR $84% AT A L& 07 vk, BART & L A4 3007 % ik ik
FLLE A MRR & 15,45 N 50 . B T AR U
AR 2D TP e Jr ik h 6T LLMs 1975 ¥ Ik mBERT
RUTF HAL T ELERZHGRBEESHEG LRHR
(nDCG@1 F1 MRRO 38K 0 T 5 T LLMs #9757 i , R P A 3¢
J5 V5 T I D0 45 SR 11 HE 45 FRE 1A HE 44 07 7 THD % R4, DA
ETASCRA TBA NG & ARG E T RESHBIES
XPHAE RS T BIE RN A E A AR S .

5.2.2 MEFRBTASLER

RIS BT ) CLIR kAR IRE T LA

PE7E AR 1 JA B3RT T 9258 45 Rk 2 g,
# 2 ARBEIIA F X B9 nDCG@4 FI MRR 45
Table 2 Results of nDCG@# and MRR for low-resource language

pairs

%)

Language Pair Metric mBERT LLaMA2 Falcon Vicuna  Ours

nDCG@1 64.51 54,23 50.25 47.08 82.16

nDCG@10 75.38 74.51 73.57 72. 44 84.49
ENES nDCG@ 20 77.10 77.58 76.70 76. 64 85.04
MRR 67.88 37.74 30. 44 27.10 85.30
nDCG@ 1 74.65 54.02 50. 32 49. 38 88.38
nDCG@10 79.02 73.94 74. 84 72.92 87.00
ENJA nDCG@20 81.53 76.26 75.51 74.73 88.35
MRR 77.63  32.87 32.16 27.48 89.97
nDCG@1 44. 46 65.92 65.73 65. 90 61.90
nDCG@10 67.92 81.50 81.27 81.34 77.81
AREN nDCG@20 70.29 82.88 83.71 82. 04 81.09
MRR 46.93 30.85 29.83 27.84 63.77
nDCG@1 43.33 57.08 60.55 59.30 62.38
nDCG@10 56.32 78.60 79.71 79.52 75.93
AR-JA nDCG@20 61.15 80. 81 81.02 80. 14 77.26
MRR 16.21 27.18 31.54 30.70 65.46
nDCG@1 42,59  58.47  59.03  58.82  69.83
nDCG@10 60. 50 79.11 78.99 78.95 80. 46
AR-ZH nDCG@20 67.25 81.33 80.73 81.13 83.61
MRR 47.21 29.99 28.51 29.60 75.93
nDCG@1 46. 24 57.90 55.35 57.35 64.07
nDCG@10 62.21 76.21 76.63 77.66 76.05
JA-AR nDCG@ 20 71.06 78.27 78. 64 79.70 w
MRR 52.91 30. 27 26. 10 29.79 70. 14
nDCG@1 54,42 68. 60 66.52 70.70 71,18
. nDCG@10  64.25 84.52 82,07 86.38 78.25
JAEN nDCG@20 67.37 84.67 83. 20 87.11 82.75
MRR M 35.83 30. 98 40. 85 75. 64
nDCG@ 1 55.31 64.05 61.18 61.68 77.47
. nDCG@10 69. 40 81.09 80.79 80. 04 78.66
JA-ZH nDCG@20 75.31 82.03 81.58 81.79 80. 34
MRR 60. 20 34.56 29.59 30.58 80.74
nDCG@1 35.11 59.10 57.85 59.40 60.78
nDCG@10 55.55 78. 46 78.22 77.52 75.76
ZH-AR nDCG@ 20 60.63 80.24 79.19 78.93 77.61
MRR 40.78 31.46 29.48 31.08 66.21
nDCG@ 1 56.63 62.25 61.63 61.02 75.63
nDCG@10 66.68 80. 22 79.97 80. 89 75.16
ZHIA nDCG@20 70.49 81.57 81.04 81.62 77.23
MRR M 32.24 31.07 29.97 78.24
nDCG@ 1 51.73 60. 16 58. 84 59.06 71.38
nDCG@10 65.72 78.82 78.61 78.77 78.96
Avg

nDCG@20  70.22 80.56  80.13  80.38 81.21
MRR 56.24  32.30 29.97

30.50  75.14

AT LA E 5 i SRS A A L A SO #) nDCG@1
A MRR $8AR 00 T FF A7 SR 2 7 v, R M 1, X — R
T A SRR T A JI IR . BT L A S R Y
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P14 MRR HOR LR T 18,9 A~ F 4345 . F3 nDCG@1
FER PR 288 T 11, 22 NN
5.3 HEHESH

ARATAG X HE 04 vk AT 4 A BT, AL AT TE AL 5T L B S
JOF 25 B0 DPA L S R AR 35k S5 R S0 ) DAY
5.3.1 i mkEk

Xt F CLIR AL S5 A SCHR T — A B 38 1 (Y B 46 -5 4 D

% B A B T R AR R A o) R4 T 5 T R AR M 2
o AT BRI A A RO AT TIH A S . AR UL,
RS B — A A IR PP A A AR A B A RO . g2 R
Mk 3 FrF. “wo/ level 48 B B H i i R EF 2 ANAESH N
J2 0% LA B A R AL wo/ KL"RER 2R T
A8 SHLE . 3% 3 A R AR R RIRE KA T
R Zebr i .

# 3 EFXFEIMMN CLIR J5 ¥k 0y 7 @l ss 56

Table 3 Ablation study for CLIR method based on aligned queries
[€79)
Language Pair Metric wo/KL wo/level Ours Language Pair Metric wo/KI wo/level Ours
nDCG@ 1 69. 83 79.25 82.16 nDCG@ 1 53.28 53.82 60.78
EN-AR ZH-AR .
MRR 75.93 83.04 5.30 MRR 60.72 60. 45 66.21
nDCG@ 1 75.34 79.12 85.89 nDCG@1 57.33 64.74 66. 08
EN-ES ZH-EN
MRR 80. 23 81.66 87. 46 MRR 63.76 68. 84 70. 81
nDCG@1 74.70 83.42 85.60 ) nDCG@ 1 53.09 56. 45 59.46
EN-FR ZH-ES _
MRR 78.62 85.02 86.70 MRR 59.03 62.45 64. 85
nDCG@ 1 75.92 85. 10 88.38 nDCG@ 1 54.01 55. 82 59.90
EN-JA - ZH-FR
MRR 80. 27 86.55 89.97 MRR 59.38 62.17 64.57
nDCG@ 1 70.68 77.18 81. 31 nDCG@ 1 68.00 72.27 75. 63
EN-ZH ZH-JA
MRR 77.08 80.02 83.95 MRR 72.00 75.69 78. 24
nDCG@1 76.89 80. 54 84.18 nDCG@ 1 53.13 61.61 61.90
ES-EN AR-EN —
MRR 77.05 79.84 84.00 MRR 55.56 63.05 63.77
nDCG@ 1 67.83 68. 80 72.12 nDCG@ 1 56.33 61.36 62.38
ES-FR , AR-JA
MRR 67.46 67.72 70. 60 MRR 60.78 65.30 65. 46
nDCG@ 1 72.63 76.87 78.61 nDCG@1 57.84 56.43 69. 83
ES-ZH AR-ZH ~
MRR 75.22 78.30 79. 24 MRR 61.19 59.90 75.93
nDCG@1 72.45 79. 86 82.63 nDCG@ 1 50. 32 60. 31 64.07
FR-EN 4 JA-AR
MRR 72.70 78.39 80. 84 MRR 58. 27 66.22 70. 14
nDCG@ 1 63.48 69.79 71.83 nDCG@ 1 61.25 64.06 71.18
FR-ES - JA-EN -
MRR 67.07 71.34 73.49 MRR 67.62 68. 65 75. 64
nDCG@ 1 61.91 71.81 75.24 nDCG@1 72.38 73.81 77.47
FR-ZH JA-ZH
MRR 66.53 74.77 76. 94 MRR 77.02 77.16 80.74
MF 3 Hrnf DLW g ) . 7 AR LR A 2 IR WA R385 A B 4 il 52 3
DEAMAFNBERT SR - BENTER TR, X% TR,
BT 5 1 0 F 4R AL A AN RO X AR AU AE CLIR Wi 5.3.2 A& R AR R BT
P = A T IE [0 5 5 TE HE N 3 3R i g AR SR T OH & N R

2 “wo/ level” 5 “wo/ KL”, 0] L) W 2L 3], 58 4 % &
HIEFHLEI A, HRE TR B, BRI S, 5 F JA-AR,
“wo/ level”f1“wo/ KL” 4351 % nDCG@1 Ff& T 3.76 I~ H
Ay A 13,75 AN 2 % T FR-ZH, “wo/ level” #1“wo/ KL”
A MRR FRET 2,17 AN 4> SR 100 41 ST 2 A
UL T B 18 0L H 097 obE 2 I A & AR BOE I b &

PLCIAE TS S A A8 o6, B TIRABIR A&
L 28 K05 2T LA 0 5 W N A RO ] Y R R R
77 R, SEom g Rk 4 frdl, “Same” KR 1EH D
Transformer 2 I 19 KL B 8 8 AL E Z 3 0 1; “Lin-
ear’ TIRTELE j A Transformer 2 I 9 KL B i 2 i AL E
RECN j/10,

A PR AR B T L g

Table 4  Ablation study for adaptive hierarchical coefficients
%)
Language Pair Metric Same Linear Ours Language Pair Metric Same Linear Ours
nDCG@1 70. 28 79. 65 82.16 nDCG@1 18.72 57. 34 60.78
EN-AR h ZH-AR o o
MRR 75.02 82.33 85.30 MRR 54.51 63.75 66.21
nDCG@1 81.73 85.70 85.8 nDCG@]1 60. 80 64.28 66. 08
EN-ES ZH-EN
MRR 84.57 86.31 87.46 MRR 64.79 68.79 70. 81
nDCG@ 1 75.06 83.42 84. 60 nDCG@ 1 58.18 58.140 59.46
EN-FR ZH-ES
MRR 77.75 85.02 86.70 MRR 64.57 63.92 64. 85
nDCG@ 1 76.58 87.83 88.38 nDCG@1 50.35 57.09 59.90
EN-JA , ZH-FR -
MRR 79.95 85.43 89.97 MRR 54.84 62. 87 64.57
nDCG@1 75. 34 72.55 81.31 nDCG@1 74.87 72.27 75.63
EN-ZH ZH-JA
MRR 79.78 77.84 83.95 MRR 78.16 75. 87 78.24
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(B3

Language Pair Metric Same Linear Ours Language Pair Metric Same Linear Ours
nDCG@1 80. 54 83.15 84.18 nDCG@1 49.11 53.02 61.90

ES-EN _ AR-EN
MRR 79.84 80.53 84. 00 MRR 50.58 55.09 63.77
nDCG@ 1 66.05 68. 80 72.12 nDCG@1 54. 80 61.81 62.38

ES-FR AR-JA
MRR 64.16 67.22 70. 60 MRR 58.11 65.59 65. 46
nDCG@ 1 77.07 77.35 78.61 nDCG@1 60. 58 58.47 69.83

ES-ZH AR-ZH
MRR 78.26 78.17 79.24 MRR 63.36 62.47 75.93
nDCG@ 1 82.44 80.73 82.63 nDCG@1 62.83 63.05 64.07

FR-EN JA-AR
MRR 80.61 78.89 0.84 MRR 68.94 69. 54 70. 14
nDCG@ 1 69.79 71.75 71.83 nDCG@1 63.06 64. 06 71.18

FR-ES JA-EN
MRR 71.34 72.28 73.49 MRR 67.78 70.14 75. 64
nDCG@1 63.62 71.49 75.24 nDCG@1 75.42 75.90 77.47

FR-ZH JA-ZH
MRR 67.37 75.11 76.94 MRR 79.13 79.68 80.74

N 4 (A5 R LA LA T 4598 .

DHGMNRBERZHEN TR B EFRH ST
FUEF A YR8 65 WAL T “Linear”, B AR 3L, X
F ZH-AR, BB W R % 2] ) nDCG@ 1 43 43 . “ Same” I
“Linear” 435l @& th 12, 06 A~ H 4325 M 3. 44 DN EH 8

DIERZEAED T L “Linear” % & ) 2 AL F “Same” , 1%
W B — 2 0045 S o A 6 B AR R B SR SO IR R AR T
“Linear” % & F & — 200 KL i LA EAME , & H N AFEZE
AR S [ A 0 A0 J2 4 1 2 30 38 6 SR Tl /8 2 A AR 2 ST 1
SCHTREY M 2 R Same” B % B — 2 1Y AG SCHEA R 1 5T
6 25 R B IR IEH .

5.3.3 g EIRfE

R T IRIRAR IR RCR AR Ok 53T LLMs 1
05 A I G Ak I e B A R) b AT TR . R T AT EE
PR 7 ML B B AR R . EL Ak i, 36 F LLMs By J7 ik fff
FH LLaMA2 1848 T, 1145 A0 4 23 18] 09 e %5 45 1 an /& 3
Firs . Al AR EE ) .

DIEUIZRB B, Bk EN-ZH 35 5 A A, B FP 7 i 00 8 4
BEAAGNRMEEERIFARE. X T EN-ZH 55 41
BT LLMs (977 3 1)1 25 18] JLF- J& A 3007 36 0 %

D) TEHEF Y B B A kBT R A2 R i L BT
LLMs Y77 3538 # L AR SC kA8 $e B i), {4k 36, %o
T EN-ZH, % T LLMs B 77 3 59 3 31 s 8] 52 AR 3005 3 09 0 5
%, ARSI AE I R A B R ] 1 38 08 F 3k T LLMs (907
LLEBEFEHERETALFERAMNE TR NS K&
(mBERT,.Z &N 1. 1 {2) /N FHTF LLMs (Y5 (Lla-
ma2-7B, B R 70 42) . R LB B 7m0 5 R ) 5 1

o Y TR T D TR D TR AR T S R (AR TE
TSR AN BT HO A 3 T LLMs A4 9 B I ) 2 X A A A
B 10 MBSO . U S B 5 vk DR A ) AR A i i
SCRY L HET LLMs 8977 1 B B ) TR,

4000
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Time/s

2000

EN-AR EN-ES EN-FR EN-JA EN-ZH ZH-EN

Ours o LLM

Time/s

0
EN-AR EN-ES EN-FR EN-JA EN-ZH ZH-EN

3 AR ANEET LLMs 19 J7 2 19 FE I % L
Fig. 3 Duration comparison of the proposed method and

LLM-based method

5.3.4 KSUEIRE

1 e PR AR SO R I A S T LLMs 1
T AT SO Y L I AR v 45 % B AR 1 20 A
B 4 R .
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0 0 ] M 0 | M
0 2 4 6 0 2 4 6 0 2 4 6
Step x10% Step x103 Step x10°
(a) EN-AR (b)EN-ES (c)EN-FR
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Fig. 4 Loss curves comparison of the proposed method and LLLM-based method on some language pairs
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P H T L A O B L 1) A SO IR B A SR
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AR T —Fh @IS 0 4R R g g 8 B E s ) kT
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FRRGRNIERSMGKT BB EFTRR. AL 22 X iE
TP AT T T S, S5 R R TR R T R T 1
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B4 7 MRR, 7RI 5% IR 35 5 6 AR ik R SR 4R = T
18. 9 N E 4> M F ¥ MRR, Bb4h. 55 F LLMs 1 Jr ik H
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