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Abstract

Abstract

Text generation is one of the classic tasks in the field of natural language processing
(NLP), with the goal of enabling computers to automatically produce grammatically
and semantically correct natural language text based on given inputs. In recent years,
with the advancement of deep learning and large-scale pre-trained language models, text
generation techniques have been widely applied in various domains, such as machine
translation and visual question answering. However, in more challenging text generation
tasks like low-resource translation and visual knowledge-based question answering, the
quality of generated text often suffers due to insufficient textual information. When the
available text is inadequate to meet task requirements, ensuring the generation quality

of models remains a critical research topic in this field.

The recent emergence of multimodal data and the rapid development of multi-
modal technologies have provided new research directions for text generation tasks.
Currently, large amounts of image-text paired data are available on the internet, and
in specific scenarios such as social media and multimodal encyclopedias, such data is
even more accessible, facilitating the use of visual information to assist text generation.
As one of the core technologies in multimodal understanding, image-text alignment can
effectively leverage visual information to enhance the accuracy and richness of gen-
erated text. Therefore, this paper focuses on how to utilize image-text paired data to
improve model generation capabilities, progressively introducing image-text alignment

techniques into three distinct scenarios with limited textual information:

(1) Low-resource machine translation: This scenario requires aligning the source
low-resource language with explicit image-text descriptions under the constraint of lim-
ited parallel corpora, while using scarce parallel data to further establish mappings from
the source to the target language.

(2) Unsupervised machine translation: Based on unsupervised methods, this
scenario necessitates establishing mappings between source and target languages solely
using image-text descriptions without any parallel corpora.

(3) Visual knowledge-based question answering: In this scenario, answering
questions requires external images as supplementary knowledge. Thus, the model should
autonomously learn the relevant regions between questions and images to improve an-

swer accuracy in the absence of explicit image-text descriptions.

For these three task scenarios, this paper follows a research trajectory from easy
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to challenging—first using image-text descriptions to establish source-side mappings
while employing parallel corpora for source-to-target mappings, then relying solely on
image-text descriptions for direct source-to-target alignment, and finally enabling au-
tonomous learning of image-text relevance to assist generation. Corresponding solu-

tions are explored and validated, yielding the following innovative contributions:
1. Image-Assisted Low-Resource Machine Translation

To address the poor translation performance of neural machine translation (NMT)
models in low-resource settings due to the lack of large-scale parallel corpora, this paper
proposes an image-assisted low-resource machine translation method. Although exist-
ing NMT models have achieved remarkable performance, they heavily rely on large
parallel datasets, which are prohibitively expensive for low-resource languages. By in-
troducing images into low-resource translation, this work constructs a shared semantic
space between multiple low-resource languages and a specific high-resource language
through image-text alignment. Parallel corpora of the high-resource language are then
used to establish source-to-target mappings, ultimately transferring high-resource trans-
lation capabilities to low-resource languages. Specifically, a coarse-to-fine contrastive
learning approach is designed to align sentence-level and word-level representations
across languages. Experimental results show that even with minimal image-text pairs,
cross-modal and cross-lingual semantic alignment can be effectively achieved, signifi-

cantly outperforming text-only baselines in zero-shot and few-shot scenarios.
2. Unsupervised Machine Translation via Image-Text Alignment

To tackle the lack of parallel corpora for source-to-target alignment in unsupervised
machine translation (UMT), this paper proposes an image-text alignment-based UMT
method. UMT aims to align source and target languages without any parallel data, yet
achieving this alignment in feature representation space remains a core challenge. While
textual representations vary across languages, their visual descriptions often share com-
monalities. Inspired by this, images are introduced as shared semantic anchors between
source and target languages. Using contrastive learning, both source and target texts are
aligned with images, enabling alignment in a shared semantic space without parallel cor-
pora. Experiments demonstrate that this method achieves superior semantic alignment
using only monolingual image-text data, outperforming existing text-only baselines and

multimodal UMT approaches.
3. Posterior Image Retrieval-Augmented Visual Knowledge Question Answer-
ing

To address the issues of inaccurate image retrieval and insufficient visual attention
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in visual knowledge-based question answering (VQA), this paper proposes a posterior
image retrieval-augmented VQA method. In VQA, models must retrieve and incorpo-
rate external images to generate answers. Existing methods typically retrieve images
directly using question text, but since questions and images lack explicit descriptive
correspondences, retrieval accuracy and generation quality are often poor. To mitigate
this, posterior information containing answers is introduced during training, serving as
a bridge between images and questions to help the model focus on more relevant vi-
sual regions. This allows the model to autonomously extract pertinent image areas, im-
proving answer accuracy. Experiments on retrieval and generation demonstrate that the
proposed method achieves higher retrieval precision and significantly improves answer

accuracy compared to baseline models.

In summary, this paper centers on enhancing text generation capabilities in sce-
narios with limited textual information. From the perspective of image-text alignment,
it progressively explores low-resource machine translation (with image-text descrip-
tions and parallel data), unsupervised machine translation (with only image-text de-
scriptions), and visual knowledge-based QA (without explicit image-text descriptions),
devising solutions for key challenges in each. By gradually reducing model reliance on
annotated data while improving visual information extraction, the proposed approaches
strengthen model performance under data-scarce conditions. It is hoped that this work
will inspire further applications of image-text alignment in real-world text generation

scenarios.

Key Words: Multimodal learning, Image-text alignment, Low-resource translation,

Machine translation, Retrieval augmentation
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FIE BERMWHBBKTEREYEHF
3.1 5|§

MLER IR — 2 B A T B AR OME S 2 — o TENLAR R vk,
ZH#5E11%F (Neural Machine Translation) JEI T H sl rERE, HECHYLES B
PR ERTE. AR, Ml BEE S P EdRIREh R ik, SRR EPATEL
PR BB NS . AEFA BB, ZE— s BT AL R A 2R
PLSER) . B, R PR ZEF MR 2RI SGEdE, YT EE
RV B AT PATIER TS . R, B R IEE S 2 M 2L
AT 55 P ) — D EZPk A

AR, PR RTESE m i WL BRI s 5 _ R MR RE 7 T T 147

2298, Lample Z:70ViR i T —FC B 75, FUHCEBIESDE (>1M) 23
B2 R X R, (R AR RIS 5 RS A I8R5 o Liu 201, Pan
2517 Gu 2518 Lin £ U MR H T 25 S AL RIRAL, it ZiES
1) e =22 (R R AL BRI 24 v b BB =2 60 B AT B e 2 T . KT,
T EA A TR B E S A H ARG 5 DA A Z i 5 00 B P AT 8, o0
TARTIEE B R UA A AW AT

S FE, BEE 2B 552 2ok B2 1 7T, a0 MR- SUAR X X e B
BASE T . 28 - HEBES IR TP Rk, AERE T —
FREEALART B2 2 ik, DA R SO0 SR AR i 5 AT SEBIR o i
W SEEARR DA, R — i SRR e E S B AR S 2
friEkl, KRR SRS 5 R B R -SCAR X (<0.1M), REW]SE AR
FRE S B BARE S R, AT H T s IR E B H AR S W
WSS, T PR - SCAS O DU 3 S AR RS0 5 4 B e i 5 2 > — S A e A T]
AN, PAEME R AL, 22 MIRSEIRIE S 2 B Al S, A7
APATIERHTE O T SE LS A B DA 6

W 3-1 i, mR e S R AL I S A SRS SR s e —
&, PR R — JGERRIERE IR ENATE — Juif. LIgRERN, £
ARFPFEARG R, ARE B NN T RELBAL, AL, Jrbraci
H, AR AR A R LS BIS RIS TE & X 55
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<E&jE>a dog is running in the snow

SHAFENE

ALEE DHRERE

-,
frEr R s ===

S

1
<@&iB>ein hund <i&i&>un chien court

rennt im schnee 7 g dans la neige
oy \‘
2K &
W
o ﬁO

3-1 S BN ST i ik i Pl

Figure 3-1 Overview of the cross-modal alignment method

32 MBXIME
321 BESHHREEF

ZRESHLEsEF (Multimodal Machine Translation) FYE5 | ARG DAY
SRAHZMLAR IR, H B LA B I . TSR R 2 X
PE, AEORIRIATE SO AR R 2, RIS A5 B -5 SORE SR & 5 i A
RTINS Bk PP RT3 LI RNN 284, B
Transformer B 74T, A Sk 114 732 14054 (I Transformer #F—42 7 T
ZHSTIF ARG ML, SR, Caglayan 2501, Wu 22000 g e sl ag
BTSSPk e g n, Hrp e (d B A oo 2ng . B,
AT SE B S 2 — LT 24 PATHERN RN, PSS B 2 i/

322 FEHK/DERYRF

T WL B R G BB B AT IR, BFSE A BOT IR R AEF
FPECRA RSB , A4 rn B R e MERE . H EI7EX 5T C 2 B0 T4y
SRR, AN TEHEL BT8R AR B BB A T T I 2
5 13N G T P ) F AR S0 [ B, AT SE B T3 — H AR . ZE S HLASH
5T TNO0 3 3o Hopth 7 i (- FA TR R, SEBL T — E AR T 59— 25T
FE B TSEAE B IR, 22 RS IR B R Se B SR AR
REARENIE U] (R E B AR A IR O T R REBUSS NI TERE . T L,
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RETEY TR 17, HAEE BRI O 5B T AP RE
323 BESEXFF

Xif g > Je SRS I SO 57 RER M T R —, HAEEZ 2RSS
W T E R, Bl Tp™, - soanmp P a5 Hobog Bk
(97t CLIPM R o s by > S B 1 PEUGOR SO 2 R SO - AL
I, SRR AN Ye %550 SRR T ERAS T o ST R T B 5K Bl
71, JEH T SRS E SO T I IR S S SR FE T . 2B RO I E
K, RERRM T SR LI OE, AR AR AR

33 FENE

AT PR BRI R B T4 B BN e T v, P A
R BIRT e ST RIAT LI S IR HE2 3]

331 EFEX

VTR 4 AR R B E I VEIRE S L, SO T AMIEYEE
Ly, Ly .. Ly $|FRIET L, (EREARSOHATIR . 3 TRvRAS L,
BETCASE Dy = (Gx.y)) . H i 2EG, x My 2502 LA L, Pk,
AT ARV L, WU R SRR Dy, = (G0) TTH . &
EERIR, RRES 2 ARG

33.2 ALK

320, AR M A PRI : AR E . S ABBE.
AR SR AL S AT Ak

AEE T A L Transformer #74 (VIT) 4524 IR G i s R R UL SERFAE
BT B SRR R T AT SRR A T HI 51 55— 5k
[class)) ARicki AL AmADAY o B, RS EAmIL R —ER E v = (0g, v, ..., Uy),
Hot vy 42 [class] PRICAIFFIER N, WAL EBRERER, 1 v = (v, ..., 0,)
BB R RN . TE T RE A, A vy #F7R) TR, vP NfE
IS E 2 RS

A% % N 2 Transformer 2048 241R, FTGiES (L, o ML) It
FUHIBE. ATHANT X = (qnx,), CRRIBEIE R w =
(). t0) o SRR N AR T T x.y), 22U
R E SINE

[yl

Log=— ) log p(y; 1y X). 3-1)
i=1
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MRS

ZLEBHE

S _ﬁ#&’ffoﬁﬂﬁ
o Transformer ] -
ERAR
*%’*ﬁ{% SIHETE (DEER) i]

iliih

o -.- {_Lgﬂg @ 9 W=t
- — B - = BARDE HUHBR
E=E TN Y

Pel 3-2 PR R IC TR DAL S T PR B AL R el

Figure 3-2 Overview of the cross-modal zero-shot machine translation model

P AR ST F AR BAER T SCAR G S AR AL SE S A S O S i, HoR S gt
SN He 27 ST BB RIS 0T Hoar T A

333 BERHBRIFERIES XF

X EESE2] X HA 2] (Contrastive Learning) E’Ji‘%b%it?l‘ﬁf“ BoXT YRR 278
E%J‘E MR, AEAHE KIS AR RN B e A X = (x)Y) Fl

= ()L P REA X, EREAC (xi,yi),ﬁﬁ,ﬁ\é%E’JM LANTERRS (x;, ;)G #j)
%Jj‘iﬁ%jﬂﬁﬁézlio X 5 Y Z A a5 2k i SCAh

exp(s(x;, y,)/7)

= , (3-2)
rﬁmM%nW)

M
L. (X, Y)=— z log

St SO RATMBERE, & s(a,b) = 0, ¢ RERBSH, TR
R SRR 5 2

AGOMATEEE 2] ARG Ay ) B R BRAE T X SN MBS A T RAE, X
TICAME B RRIFAL, HE T

n
=13 w0 = v (3-3)
i3

XHFSCAREFAE, SR AT R RFAE ) P S (E R T R AR BRI B AIRSAE , X T PR
fiE, B HER N RRIA S AR C Y 2R RHE RS AR5 TTER/INA B LT i
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2SIk, HOSCRSRAMBE R B W = (0!, w'y) FIV = (o), ..0%)
. FESEG EE R RRBIERT (?, 0f) WIED, SARERT Gof, 03 # ) B0, B,
R TGO 2 ST AR B RCE SR X F— W R 1, FEIE B A A48 x,
HoAx B— 1 BRI RG], Rk B, RZIMA. Bk, AR
2 STUR BT DA DA R A5t 3

L (WS, V) = - i tog — o POWL VDD

=1 ijl exp(s(W;, Vj)/r)

g iEd, \HE— IR AAEARTE S B SORR, R %

FEARIETEFRE— NGRR3R, SR IG5l A e S X 2

SR . BRILPASE, AETTRRT I By, 4R HARES L, TR THETH

PR SCAPRCHR G y) R EG TR, SRR H Dy, 7% F AR S AORE H2 53
FARFHESS 3.5.3 F HEL RS 74347 .

(3-4)

PEBEPETE RS UM BRI H 2 5T 1] DA2E 3] SRS 2 ) i HURLEE X 56, {EL
T AL M B R A L, T X e X T B 4 R e B
()0 N T ST SRS 2 ()X 5, AR 20 YEAE ) G I L T Rl
T RIS BN e 3T e ST BGRN SCAS 2 [ A AL BE Y 9 2R

o T AR 5 90 0 SCAR 791 2 T K BE R R MRS, Tevib AT 2y > i
Y%k, 27 H 7R R AT 5 A 2 1B ) S AR | AR 25 YAl PR B e v
LA (Selective Attention™*!) LB LI ALY SR M EARAE . X T Rl %
i V2 = (v}, ...0,) FHARRISCARRLE W = (W), ... w,), HEEEEERER. X

FEA 32 w, v, vP:

(3-5)

W - W)W - VAT
v’=Softmax<( o MWWk V) >(WV-V”),

\/d—k

Horft, Wy, Wi il Wy RT3 LS.

VISR LA 3] e PR T LR R OO RFFIEZ 5, 2135 A4
KEMFEHR n 75w = (Wi, .ow,) TV = 0, ... 00) « BT, T
H PRI R RIRT He 2k o HAHIRIZR T (wp, o)) WOARIC HIESI, HAB SO AR
(w;, V) # ) TG XTF—RT, BroA B SR IR 0 He 2 > 451
RAFARNRAT . G RN 2 ST R FoR A -

Lo oy(W, V) = L (W, V) + L (VV, W), (3-6)

ctr

TERR A RAT TS, R0 BT B SCRRIRIZO B2 > B R HEA TR A
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3.34  JlZRRES

N T GBI BA IR A I TR AR T R B
YIRS, B STl ad Ay iR Hoay X RURLEE R IS SRS 5, AR5 P el i Y
X bz o) b 22 S AR EE X 5F

HUBIBE ISR TR VISR S — BB, BIRIZR B 52 AE m W IE = L 0BT
5 UK AT TES (B ERES L,) BRZBIN Har 455k

Leoarse = [E(X,y)GDz£CE(X’ y)+ /ls[E(i,y)eDE[’s—ctr(i’ y)

d (3-7)

+ ’1s [E(i,X)EDZES—CtI‘(i’ X) + ’1s Z [E(i,x)eDLi‘Cs—ctr(i’ X)’
i=1

Horfr, Ay AT H A ST 5 R A S 40

AREENLE  FEVIGRRSE BB, ARF RS — B BU IR teaz Tl gk, B
33T ERR BT IR e g, HIE S

Ltine = Leoarse T At[E(i,y)eDZEt—ctr(i’ y)

r (3-8)
+ AIE(i,x)GDZ Et—ctr(i’ X) + /12‘ 2 [E(i,x)EDLl, ﬁt—ctr(i’ X)’
i=1

Horr, A SR TR Hor T R A S 4

ARG Zad At e T R BO RS, AT DA R PPAG I 2 5¢ B
Ja A BAEA RIS ERUTERE . BEAh, i ] DA D RAR TR = RO #AT
FATEREE Dy = (xy) MERIEATHOR, H AR DR A RIRAL 55 Bk
o TEMCIRRIAR A, AU IS SR 5 2K -

Efinetune = [E(x,y)EDL[:CE(X’ Y) (3‘9)

34 KEIRESHER
34.1 BURE&E

TEATSL G, RN R TGS, IEENAWES, HREaAE
FIFESCEA IR STIRTE S, MRIATE — B AIBE TR — JaB PR  EA
B BREAFIDFEARBIRIERE . T HEE . YATEMSE i A 1 - SCAN s Bodhs
i, FESEER A RE b O A AP Las B R P ST I - SO iR e
S A D
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Multi30K Multi30K ¥¥4E B & D0 anE =i G bRE: 365, #4555, &5
FEVEIE . YSRGS B 29,000 A1 1,014 ANSLH1 . AEESLIGTE Test2016.
Test2017 I MsCOCO i 4 b Xt A b AT 3P4, i 214 43 B 42 5% 1,000,
1,000 Fil 456" 526l XFTFHEVETE - JIEAESS, (UH Test2016 PR A,
A2yl hriv S ebiizae o)

MsCOCO MsCOCO ¥t 82 B— A 3iE g A SR, HA A JHER
Fr- SO AR RO . AR 2252 v SR 0% Captioning 2015 ¥ 47520 . 4
TER AR EGIS . 5 121,000 A /-0 2% i AN s BB

VizWiz  VizWiz $fE4 53 i MsCOCO ¥ 2670 | th 2 AN THBE g Hik
omge, S 30,408 DIEEIG-CAN .

Dh¥dls | T MsCOCO Ml VizWiz Bl (0L 5 R Y I iE Al , AN F 6
NGRS B AL SO B Rl B P . YRS Oih . AL R
AR5 SIS —

BmAalk  AeA b B G , B IR = ARSI =), s T
TR — Jeif . IR — JIHEAPE R — Sl =K. W15 3-1 PR, B FJEE
FHVEEA 60,136 AN EME-SCARXS, BT H T R P i i S OARTE , XA
Pk ] TSRS S g o R, 60,136 ANMEGE — JoBE-FA7 4 %64k 150
AT ISR, BT A T gt (BPE)SY S35 1ia oc. g 5
EE M EARE S MR, WIERK/N Y 18K,

31 Bk it
Table 3-1 Detailed dataset statistics

] Multi30K  MsCOCO  VizWiz LAl
s — Jiih 10,000 40,000 10,136 60,136
s - JE 10,000 40,000 10,136 60,136

FEyiiE — ik 9,000 41,000 10,136 60,136

342 ZWIRE

AR 2 S ) 285 T i CLIPUY 425784 ey () 4 3 Transformer /2 B 1% %
w55 RGN 16X16, 4335k 224, 75K R 50, A0 & —ANERIE R [class]
"l MsCOCO $flidE iy 5 M+ N ZegE IR
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F BRI 49 A SR GRE F B o IR % A B B AR# AR AL B2 5T Transformer !
ety JmtLaR AR ARISA N = 6 2. EEJISKIEERE N 4. dropout
WE N 0.3, FRZFEHHE R 0.1, YIZENE, {4 Adam ik gs ™ PEATO0 AL H-0EAT
2000 R PG HT, 24> R ER Se-4, BGRB8 16K A>T BT,
WA E TN 70 2. R R R BT Be Il 20500, S — B Byl ZRA0 55 —
BBl s 5 SRR —F .

T A B Eeae 2T U 25, IREERESE o EE N 0.007, FUEHSEL A,
BEE N 5. XTI %k, « wE N 0.1, 4, KE R 1.

KT /DRI, FFEEM Multi30K B Il ZR4E h RATLAH R 5 2% B Bl 1)~
TR B TSR0, SRR SR A R AR ZE . I SE e 4
TITAN Xp GPU L5, AFIIRINRGET fairseq” ™ 529L.

343 JNIEERR

i 2P LS B A ST H5 A5 0 A BT G SR 5 AR R T4
RAPIENFET o AN SEIPEHE T 24 1) 12 B O T4 R - 4 k% - BLEUBT),
BLEU 2 5 28 ML 1) 30 G SCAR VRN H6 4%, % 58 1 M — G415 DU S0 41335 1) vEfy
o N T AR THE IR L, A TSI R SacreBLEU™ fF
HEA YRR . MIEET BLEU, SacreBLEU $24it 745 —#401a ik, HIFMis
YT H BLEU S A4%

TEAEA RS, FEM BT 5 MEA S BCE R IR, 6 R &R
(beam size 2y 5) IR AR . S286 f il ] sacreBLEU? %0 -4 K Aiic Ak 5
i) BLEU BT 2344,

344 HBZG

AR FE LI ) FEE 2R G0 R AU A0 — SOE-TATERHI 2R 46 SCA Trans-
former A1, X BAEAENE, AT DA E BN AR I 1T AY o X F D REA B,
M A B AR VR 5 A 1B R A B A T ] J PR A TP . R ey
() I A S008I0 I (5 P A R A ]
345 FRGHER

AT LIAE T REAM DA 5T 0 AL R Al A
Xf Az 2] BEAT USRI (S-CTR) DA K G A FITA % b 27~ I it A
2 (S+T-CTR) HIFHIERCR .

Zhttps://github.com/pytorch/fairseq
3https://github.com/mjpost/sacrebleu
*sacreBLEU signature: nrefs:1 | bs:1000 | seed:12345 | case:lc | eff:no | tok:13a | smooth:exp | version:2.0.0
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3% BT B RSTRDLAR # %

THREARTHE 2232 JBR T EMARRMEER, ATRARIR G %t s > YIZRr)
BN BAS AT AT SAEAEN R BE ) o 17 S-CTR BLBUH S+T-CTR FBIBUAH A
ARG T BERTE. 5 S-CTR AU L, S+T-CTR RALTEA N E 1Y -F-1
BLEU 1545 B35 T 7.41 43, SXAEHIAALE RX 55 7T DA 42 TH B AL 7
PRI MERE

32 HRRTHPERY SRR

Table 3-2 Results of zero-shot translation

% - YE HEvein — ik
Eie] SERIME
Test2016  Test2017  MsCOCO Test2016
presq ot 0.30 0.14 0.29 0.09 0.21
GE T ops =] 8.95 7.88 9.32 7.23 8.35
]+ TR AN He2E > 17.76 14.74 16.97 13.58 15.76

AFEARTHE [ 3-3 R THEPAN ISR B AMEAS R R SEIR AR . FEA R RO
WRFATTEREZEE T, S+T-CTR BRI (LT BB S-CTR G2, IXUERH T4
BITIRE P RAS SR A R . B2 SRRy 2 G B Y, X R

FTTE R REAORFEXT SR AR MR/, AN BT IR BAT B 1 B -

30 aEsEE
— AR

0.2

0.

2063 =4
+028]
+041 i 2087
) 2063]
1
2094
028
2136 a2
23.08
2187
1958
=0 1624
2076
| 1162
as2
0.02

05 0.1
FTEHE (K)

0.2

(a) i — JEil Test2016

0.05 0.1

0.2 0.5

FTEHE (K

(b) 7LiE — YEiF Test2017

b 042
BB I
- R

| an 2
4.

0.2 0.5

Y 0.02 0.05

L208 0.1
0.01 0.02 0.05 FATER (K)

0.1
FATER (K)

(¢) 1% — Wik MsCOCO

Pl 3-3 AFEARHR SR EN R

Figure 3-3 Results of few-shot translation

(d) BEYES — ik
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3.5 TSRS
35.1 EHEEIF

AREE I I AR U SR AR R 5 o5 8 D 5 AR BT U 55 1R SCAS AT
RAE > Jeil SCAS T8 PPl A TR SO 5T O 7 Bk P iy SO 5 R 1 i SE 8, ARy
BEAT T RO S, A SOAR SRR AR R SR, DA SRR T BB i 3k
BB A AT

ARG R SCRBIERRAR SRR 5 O RiEE Al K kIEG . Ay
AMFSLIATE T K = 1,5,10 HHi Recall@K 43%8t. 13 3-3 fiac, S-CTR
HUIAE R@1/5/10 FAH L EL LR AL IR T T 34.2/64.2/74.1% , EBH T %F He SIHE
PRSI FF X — A5 A R . BEsh, S+T-CTR BiFAH LT S-CTR A7
R@1/5/10 $5¥5 bit—24RTF T 1.9/1.5/0.7% , X PR 2% >) H AR GRS 52 IR
TS SN 55

% 3-3 SORBIRMRES F AL B9 Test2016 it Lityscla gt
Table 3-3 Text-to-image retrieval on FR—EN Test2016

oy R@17 R@57 R@101
Baseline 0.2 0.8 1.3
)L A 344 650 75.4

)+ WG 36.3 66.5 76.1

WRAP TSRS AT H2 S 1B AR 75 1T 4 R AR, AT
AT SCH SR T e PRV R BRI TR, AT T AR A 3-4
TR, SRR TR T T B B TR SR SO S B B, T A
" gens” (F53H A1) R B (0 = A A Iy 2 7 3438 , 1 2637 "maison”
(B “TRTA") bt B J TV Dl 2 ) 045 7 B

352 BIEEXF

5 3.5.1 AT T AEE B H B0 B 2 D7 SRAE B ARLASON ST AT 45 H YA L
Yoo SR, AT VAR IR A H bl B ARES 5F S S TE S X5, BB IR
Ut 5 o A AN A S ST

NN IE S BT EIR R AT, AT REA R TR T
BN S+T-CTR B, RIPCAEATIATE — JRuFieil — Sl P17k
P2 5. BT ERX RS SN HIBCTY, 6 T-SNEPY TR 3%
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3% BT B RSTRDLAR # %

B gens (A1) iR maison (EIR) iBi%: gars (A) iR batiment (EEH)

.

fﬁﬁﬁ'ﬁ Des gens réparent le toit d'une maison. ﬂﬁiﬁ Un gars travaille sur un batiment.

(AMIEEZEER. ) (= AEERLETIE. )

Pel 3-4 WA SEBIR RE RV 2 8 T B4R

Figure 3-4 Attention maps of the selective attention module of two cases.

o 2 T HAEDAEAT IO . A0 3-5 B, FEBCA XS H SIS OL T . ARIJRE S
WL R Z R AE B R X 7y o IR, ARG AR~ )G, =B SRR
REE, XUERARTE I RIS B ESBER 5F S 1 TS A5 . AT LI AT
15 FH BB I 2K HF Multi30K Test2016 il i 4E .

(a) JLER Ry (b) S+T-CTR J&i51

Pl 3-5 FHEAL S . 15, BEIRTRAER s v B4

Figure 3-5 Visualization of representations for DE, FR, and CS under the zero-shot scenario

353 HERSKLE

Fbsifi SXFEeE2] FEbsERPLE R, AR S W SRS ML, R
TEfFRS AR T B L AT HL. SR, AESEIRA i R, B B AR iE S
AR 2T BN R P e HE— P S TP ROCR o W% 3-4 Fron, A2
A BARTE S RIT TIHAII T, 23 AFESFEAR S SR 100 A-FAT AR DR A
ST TSRS, KBAERCA HARE S X AT IR 0L, B E AR AR D
BRI N BLEU 08028 T . Bk, aIDASHHE5E, KFHARES AR
A BT BSLIETE S M PR S Z AR, M RZR IO A it
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2 3-4 Hbrilt S R R

Table 3-4 Ablation study on contrastive learning of the target language

W e Wik - Wik Wik - Wik
fromy Hbsomifs | _. . . N

BREAR DREAR | TBEEAR DA

LA - 0.24 13.44 0.09 9.10

B X 7.81 12.55 6.93 8.67

S-CTR #i%d

v 8.71 21.49 7.23 16.43

. X 1447  13.16 | 10.97 8.24

S+T-CTR Az

v 1649 2285 | 13.58 17.62

MBI vs. L2 B1%  AEA KBRS FFIOIES T, X H ST IO R AL
RS B R ME— vk, LB, L2 BBy . T s
IR O He R R, A1 SEBR s L2 Bt Hey > 91k
KXTREAFA TN G, FHAEBFEAL SR 100 S FATA D AEA 7 5 N #4797
i, B R BT

M
Lpp= Z lIx; = yill*. (3-10)
i=1

TIRET RN 3-5 R, AR ARMFRCE T, XA I R R T L2
R, IR X Hea ST 5 SR AT AR IR I 2 R A, 3 T AR i) 2
RIS, O R A BRI 202 A A o 17 L2 3528 R E B Rl 191
Z I e, (BRI X BIFERT, BRZICTR: B 0 MR SCAR R I K 4R

¢ 3-5 L2 Hid Jefnef bb2@ 2 i) BLEU {51
Table 3-5 BLEU scores of models with L2 loss and contrastive loss

Bk - WEiE | Pl - ik
iy ik
7S FS100| ZS  FS100
g | - | 024 1344 | 009 910
L2 845 19.60 | 683  15.05
GES!

St | 871 2149 | 723 1643

L2 6.02 1561 | 594 12.76

H) + 9
WA ey | 1640 2285 | 358 1762
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354 BEBSH

i BEARKL 7 X s ST R BB P — A EEE SR T R K]
PAFHS PSR B G DX IE BRI G 81, (EL B RO /MBS A B X ), 3
BT P, SRR R AR, ARSI T SE s, 20 e 0.01, 0.1,
0.5 F1 1 PUAAS [l e 2R B HEA T 5250 . 1] 3-6 Ji/R 14 Multi30K Beikd B
[F] 3 AR KA T 1) BLEU 7340

XFF AR tag >, mT DO BB AR il BERERS AR A B RO 2R, AL
ARV R RRARI TR R B AR, SRRy e b A LI T 0.007 Fyi & 2R 4K
ATRESERR IR . BT, SRR Lo ) IR AR T = 0.007, X
TGRS Eai ) SRGGIARE R, /N R BT A BE R B AL
A, LR AT, K T, = 0.1 FERAESE ERUS 7RSSR, R T
H TR A G EE K

p-71 8.64
8.5
HRiE—E
8.0
D ]
D751,
“ 7.0/ 101 6.89 03
6.5 10
8.9
.64 ,
6.01_ | | 501 5 6 | . 8.63
0.01 0.1 0.5 1 0.01 0.1 0.5 1
BERS BERS
(a) 44 (b) #HE1gn

3-6 ANlAliLE F B EEF: 2] BLEU ff

Figure 3-6 BLEU scores of different temperatures for contrastive learning

355 KBS

AT, FEGR S T LR PIR AT I BT & . 46 3-6 s TR
WAL 22 BN AS SRR S PR B 45 3 . 20 (0 0K FomiByE sl e iR, (355 F
09393)) FORIEIRETIR, 200 O MIZRIR IER R B

T, TERHEAY 5T iR S-CTR 18471 S+T-CTR #5241, YEZE 6 1 1, “two
trees” FA S-CTR ALZEN% | 1 S+T-CTR B E B 7. L0 2 ke
HPL TR TE N, S-CTR %15 “a man in a dark blue shirt”, fij S+T-CTR 4%
RURN A TR AR . XTI ZBIRIT, AR BER iRl e %t 55 ol DLk e i .

RIMMEARTE R 2, EEFAET, S-CTR BAH S+T-CTR EHEL ] fig
FAAEVEE A, 3% B A ] DA i (0 ) D - PA T B R A TR R e . 7ESR
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B 1, Prissl BRI “playing a game of dirt” IR ANERARIEL, ML
TLERAME 100 Z5-FATHRHBON 5 AR B RTR e ir] “of” (BIEN “in”, i HEEAF
BIE. X—IREY, (GdR e 2D CLAE 2 B 5 4 W is i, HEh

P TR TR DRI Bl R A IX — BRI

% 3-6 Multi30K Test2016 Jlli 4 5 oo Wi Bl
Table 3-6 Qualitative examples from Multi30K Test2016 set

R
Sl 1 3kt — Jeith
. bR Des enfants sont dehors , jouant dans la terre a coté de deux arbres.
S . . . o .
H bR Some children are outside playing in the dirt where two trees are.
S-CTR #EA (BFEAR) The young children are playing a game of dirt. (two trees)
S+T-CTR % (ZE£F£4%) | The children are outside playing a game of dirt next to two trees.
S+T-CTR &% (/I4%74) | The children are outside playing a game in the dirt near two trees.
Sepi 2 Bl — il
. 5 Muz ve Zluté koSili a muz v tmavém modrém tricku si povidaji.
SHEFEXL o . . . . .
H R A man in a yellow shirt and a man in a dark blue shirt talking.
S-CTR #A (BFEAR) Man in yellow shirt is crying. (a man in a dark blue shirt)
S+T-CTR % (ZE2F£A) | Man in yellow shirt (and) a man in a blue shirt is smiling.
S+T-CTR % (/DFEA) | A man in a yellow shirt and a man in a blue shirt is talking.

3.6 ZAREINEGE

AT T — R B SCSERY B A R ORI R H A ) O YR

BRSS9, NS TR 5 R S REASR AR AR R 3 H A SR
K, AR AR A R T R TR SR, b
S ATSLE R, AT IR N S IS B IES TR SR T B H s, F s i
S 5 B B SCaSR], PR 2B UER] AR T TR A R -
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F4E ETEXFTHTXDENRIEHIF
41 3B|F

55 3 B LN TR SO AR ER A ST RN, HH A
TE—E M. FEH TR OO 5ee, FE (RS, BWES, Bh) =t
B m IR R, W RR 255 YRR 5 1P AT iR S 2 H AR )
WSy, (HESE B, IR BERTE IR I st A s e, SR MERER R . iR A
R (BT, B) A (BWES, B) SRR ERIE R - SO IR B0 5
MEERG, AR ETHRIT RS R, ARTR AR R R s 55
EHIATCI g R S strh, A JC B LA BN 75 BT~ A T i ) R
AISEIL R R G, fRdk bk )

T GBI #$E0%F (Unsupervised Machine Translation) 11 H FR AL %A (] F
FrERHE R TGRS LT, SCI R b 2 H ARt A BRET , RF SCAS RIS = PR3
HARES . Bl rtmr k2 s =5 B e plix — H AR B
TEEL, WX AR . BRI A S R OB BB B R I SR,
PAZE I TRIE S BRI « MRS SR Ml Se i P 0, A AR
KRB RE Ik B ah a2t i . 25, FEmlEN Bab A b PATiE R, PA
25 ) AR B R TRTE S B B AR E F ST . FE=ANB B, A S B A
i, 1F 4 Lample 25 U811 Huang 25221 Fristig ), #0455 V0 AR IR A, Hh
[l o AU B fE ) B9 T Al BRI, Joi B B R g no i refe
TRRARSE_E M T 28 0 55 1) i

AR, HT SRS IENES R, ok w0 JaaH) i E4
IS RIS, MM T 28548 #1% (Multi-modal Machine Translation )
Xk SRR, LRy U220 o g A I R B R
WLES B, #ish T RN B RS2 E1¥E  (Unsupervised Multi-modal Machine
Translation) 4% &, 0, Huang %22 Fi f] R RAERAE R FA7 T, A
T ) P B iR o B R B . Fed 221N IS 5 WS AIIE 2 7 SR FoR A
BUEFISCAS, DA 5 SOW5F . SAT, X 2875 vA S ZBUSHLAR BRI AH X vA2E
o1, BRAEINZRadt R v il & UG RN SCASS D B05 | ABAMEIZY, AT (] HE 0 5518
2MEle SEbr b, MBS — M SIE S T RNE S, AR RIE S A A
NN EHER SR LM E B S, ok, BB R -SORR A EIR AR 52 M 2%
AR E B TR 5PATIERIANE, IR CRR 2 s oo 5 ik
TR ERRYE, M RTAE L XS S TRIE, XORORBRR TR SR BUSAS .

T, AR T A ET BSOS oI E LA YA, AR 4T
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AR5 . AFT AT AT, M RGO IRAL, FIRESMEES
FEVE L ERS 57 8| — AN SRR TR SO e b . LA, AR IRl 5IA T A)
TR He g ) ez SPRUBLEERE 55, DA ] 25 0 R 0T B > e S LA L 2
IR 5 o S A ORI R R Hea 2T, BRI SR o 1 5 A0 E s o
FAEA S SCAE R WA AR 2R RRAE AT BEATSE AR 55 = oy B [l 33
ZHIRRENS BA AW A BERE ST o SEIR AN TR, AR BT R E AR
RHFRTASCAMSBESHARI, HAROUSLI TR EES 2 H e S
AIXE5E, B B GRE T RAFRIAI IR BIERE ). BEOh, ANEETTIRAE U,
ShBnd MR T ROR, RBLT HAZARRE ST

42 fBXRIME

TEAR 3 BRIMR TAEF, E ARSI SO 7 HEFT 7R 4, IR
BB T A TC R E LA RIS RS T B LS B T R Ok A

421 FTEEVEENE

To B #5803 (Unsupervised Machine Translation) $5 1142/ ] B EER
P S S 2 F BRI A5, AT S8 I RAT 45 BT gk D700 (i s =
FIVE S AE AR AR LU BAE AT, (HxX 2807369 K 58 2 e IR A T iERHE )
. Lample 251718191 3Rt b 7 b 0 o W B 7 v, %07 alad e
TERARWIIG AL AL, Sk [ Al e O AT vE R R U R 0E = 2] B bR 5 1)
X5 . FERRSABTIEH, Conneau 45 *), Song 4 P YT Tix— B, JFeilk T
PNk, SR, IE40 Lample 25 U8) B 20 agsee, 535S 20 HARE & i
FERANHEE. FI, AEFEMAREESVE ), DA R R a St it
Fe2e T i IS, AT ERAS BE 4 1 i SO0 5% 45 ]

422 ZRETHEEVREF

Te A Z RS HLES N (Unsupervised Multi-modal Machine Translation) 57F
FIAM AR DAY 5 To M B LA B R G M RE . TEZ RIRIMFSE T, —2RbioE,
41 Chen 25101, Su 2 12) S B P E A SCAME B, B 2 BUS L A FR AT SR 350
TCIEMLAS R . 55—t oe W@ ARG AR AL, 4205 5 H bR, AT
B REAFNIRN H AR, Nakayama 2514 DL RNN JgBERfilirR i Bh e 5 d S
AR R PG RRAE, B0 A LA P AR H AR i) . FIREAY, Li %1, Huang
U220 DA Ao, MO ST A, (R R S SCAR YA S R
FIR . SR, IR EETEAEAETRGT BT R TR UG AR A, X 7 YA 52 Br 1
R T B AFENSE—2Y e TiX W58 ), TEAEREp B RR BURAE N
By AR O SEBL T AT RE -
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db
43 BENR

AREETTIER I TC B LA B S A BOR B 2, B W PAR =Aiar e B
TEEAEL, FIEXI5T, IR, Hod, RPFFAERIE N TP P ABSRBSEOR
AN A5 R Bh o 55 b o 2 (R8T A)2 RR, BRE AR o Be RV AT
Hag— @ REaE S .

43.1 FEEFEX

AREEIIEWIAT S5 B AR OUEE ] B B R -SOA ik &, 53 Ly 21 Ly, DA
B L, B L BB XSS L A1 Ly, A8 BUB R - SO A s
Dy = {(.x)} MEREER-SCREIREEE Dy = (Ay)), Hp 2B, x My 5
Bl L, MLy, FRYE . SFEERRR, ARESZ AL E R .

432 FUBHIEEE

WG SR A TR S BT R A R, BT SR 2
STHVT R BRI ) T o — o VI 607 2 R 1 2 1 Bl
(DAE) , HIIZH0% A MEr A i T LA A . 76 DAE HERRRORLRE b, BFoi%
(TR T —2eueb . B, U7 SRR T BEALIN I 3 R LHE | 5 ot
VIR 200 IR T RS NS0, MASSPY R TR A B s A o
A M Z e STk SIPS S

TAETE B LRI TR, IEATE5H R R s WL AT A BEHE R, 41 4-1
(BB 1) B, P & A B AR 4 A A P R 2% | A3 i
SIS 2 LB 2 D S D B A T B B4 3
TS DDA A CEURRRID S FARIARAL AR BT £
ME RSN S AT Dy = (%) B D, = {y, ) 4y BRI 2 i H b
T TR . N TR AT, O x Ry S BITRINRS 60, M
5 6(x) il 6(y). BRI UIL F BRI e MEn R O3S SRR 2 s L

|x] |yl
Ly =) log Pg_ s(x;|X;, (X)) + ) log Pr_7(y;ly<;» (). (4-1)

i=1 i=1
B0 RS A EIRE S = TN TP By S0) SHEOP Sy ith e b =R N i
1o MERIEACII AR AL £, RI25 R0 55 08 o i XA 20 ) i 2 Bl 3 T 2
R ERER P FEX A B 6 T E A ARG U i T e R
KA FERRGEFIL D T TRBE TR RE Ty . (LSRRI RE S AR5
HAZ 1 5B e A S s 1 .
AWFTE R IR Az I 073k, AR O 3 5, ST I H A 2 JE i
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SCEETRI RIS o ol TR RN SO SCARFRRAE 2 JE SR AR AR AT, I A H
i P AP R 250 25 T A PR L T 5 P TR AR ) 133

AR RACTR] R — o SE B 21 H Ari X 55 1m0 B s A8 O AT A TRy
JiiE e A1 B 3) B, e B 2 A um A B e A A AL 5 ] DATS- 2]
S > T ERBIFRAN T — S TR AR . XA W A 1l D17 4K
Y, PR H SR S R AR DA T TR R A T —Fe kA, AT e i3
PERE. FLHAORUE, HICRF x A TR, il H AR A 0 A g
AR, y B A H Arsmd e, Wi Pom Wi a S 2 x. mt, PSRRI ik
BN go XAy, BEr i O ATiERxt (, 9) Al R, y), il i/ Mt
FATTERLXS 2 18] F A2 SRR SR A SR 2 -

x| lyl
Lgr = -1 log Pr_g(x,[x..§) + D log Ps_7(3ily<; R)]. (4-2)
i=1 i=1
(—[ Stage 1: SIS } e [ Stage 2: MEXIF ] ~
T T by i oo
y i H #insE, RGeS, EH Bl R,
____________________________________________ TR
L _J
f—[ Stage 3: IXfEEE — .
-y Ay t
/eEm GEEm HEEER
| j
| e wms, |
X y II % & 1) (V2 - Vm wy
i £
fRASRE, o
i [ Mt Transformer ]
won] / -
"" ,‘ - =

Pl 4-1 A i J i B R R R ke

Figure 4-1 Overview of the model in this chapter

44 B REBIRERE BiRmT ST

TEAR T H T E N BT th B 1 L0250 5 (0 B SO 57 053k . %05 vkl
PSS 2L KR E 1A A T3 % B >0 RAIDRL B () ] SC g I e > P
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441 FEEVERS

REE AR S AE R SN A ERR 2 b, % HEZE B A G B 45 0 PR A i
Mas . XTHIES x FERES v, Ho A RiEn & - SO Rl 8ol
g, H g DM B LN o BEEENE, REE X RGN E
52, A TEAE BE B - SOR A BRI T . N TS BLESARAR B SO Y, A
P Y AR A SRR, AR 5 R O AR GO T 55 5 ¥ o AR DAY
SRR GIIATURT, HARE S 055 20 A

BRI, WG S g as A HAniE S i as iy N 4> Transformer %
BEAEM. AT INGRAIE A, XS4 B8 X T AR
T X = (xp, 0 x,), ISAHE L TR W = (W, ... w,). TEGGENEH N A
Transformer fIG #8248 . F* TG ISy, AE H{5R A Vision Transformer
(VIT) AR BURAEARAE . VIT SEER RS K FH v = (0, U1, oer 0y) s HiH 09 2
Rk [class] Bric, HARE IR BRI A [ X3

442 AHIIRIEES

i Hu ) (A0 JBAR Y RAE L FR 2 Al P R L R R A (TEREAR
X)) ZIEREE RS, [FIRHEL TG RAEA (AREANT) Z BB . AT 7R ST
AT TRURLEEXT 55 . BRI, JoXf SCAR gt i th O, AR R
CARMATHRFEw, R VIT B8Rk [class] ARi vg IrREUH IRFIE ) & 1
Ry VR 1) 4 SR AT -

n
w = % Z w;, v\ =1. (4-3)
i=1

IR, ATARE— AR/ NN B YR SCHER A 4R WP = witi = 1P
RV = viti = 150 ARG, (wi,v)) MIEREASSE, T (w), v # ) WK
TREART e S T HOE IEFEART RS, RO URE AT XA B, AR
InfoNCE #5125 ) sk 53— H -

M S oS S S
exp(s(w;, v:)/t exp(s(v:,w:)/t
Loaurt,i) = = D llog 7 P sl) s) +log —; e s’) s) I (44
i=1 2 =1 €xp(s(w;, v))/7) 2 /=1 exp(s(v;, w))/z)

Holt, O FARRBMMIE, HHHRN s(a,b) = L2, e HRESH

443 ARHFHEES

B SCI T T4 e ST LA ST TRLRLEE X 56 . ISh, AR 285 itk 25 1
IR I L2 ST S ST ADRLRE RO 5 9 e, TSR FHA R4 A

TETAG AN 2T | 35BS YR A ) T R RO PG, 4
M4 MG R FH W = (Wi, ...y w,) TV = (U, . 0,0 HT ORI S ER 751
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IR EA—2L, H BRI &R EH @ s & TURME R, AT R s
TERSIHLE (selective attention) > SEARMEALFAKEE, HabiEH L XEE, ¥
w, v, v R AR TR R O ILH H AL (query) . 8 (key) HIH (value),

v = Softmax <(WQ W V)T) Wy - v), (4-5)
Vi

Horp, W . Wi MWy, gl o ] AR SR dlad Eadpiie , n] AR RIS — Sy

SCRFFAN W = (W, ..., w,) TG EBEETE B 2B B G E BT 5 v = (01, ..., 0,)

TEROOF 2 IR 5, (wy, o) RBIEREASKS , T (e, )G # ) W FREASKT, 1]

IR HE 2 > A R B OE AR

M |wl exp(s(w;, v)/7) exp(s(v}, w)/7)
Loa®i) == 2 Y llog—= — +log — ———1. (4-6)
k=1 i=1 ijl exp(s(w;, v))/7) 2/:1 exp(s(v}, w;)/7)

45 ZRIZBHHER
451 HiE&E

AT S0 OB R H =R WMT News Crawl, MsCOCO!™ i
Multi30K ¥, WMT News Crawl J2&— AN KA MIEROR4E , R 2 il AR5
Xf 2007 % 2017 4£1) WMT News Crawl FE g THENLIE &, I+ BT 1000
FAEF T UIGE. MsCOCO B B — ANy S SChR i i PR e . ELAA T 75
AFEA )2 Caption 2015 ##in4E, H (0 £ 121,000 2H & S0kt . 2% Huang
S22 SRR ARERRE BN AR B N R AN . Multd30K B 2
— BTSSRI B RS AR . HI SRS Bk 2 5425 29,000 A1 1,014
HPEYE | B RISEE R R F, RO A B B R - FEVEAL M B, AR E A Multi30K
Test2016, Test2017 FI MsCOCO i EE XA B FEA T PP, 33X S 3 48 2 A0 7
1,000, 1,000 F1 461 AMEEAS,

452 ilgitig

WRIEEEE 2% Su %% R Huang 22 ()73, AT WMT BTEE R} (1)
—4~ 1000 J5 7415 14.5K (Multi30K f)—2F) BdRdeny -y gt a, 55—
AT 1014 TR PSR E ARG . AR TR MASS 2 s i e ik,
R FEHE IR )T AN SR B, T DR AR B R y, E A
K MASS JERATT A S RS0, A EE A .

PR X BB, AELEAEM A — SR E E 4 75,000 SR
BRSO IR R B, N TR AR S PR EBAES, ZBIEE SR
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COCO Al Multi30K Zflafeiy—F. FEtad e, diF MASS Jrikfu i) 14
FrBoEa, WIARTEGON AT — BB EM S (token mask loss), DA%
AT . FLAMEE 2 BENL I A 8 — L1, - EOR AR A5 5
SEREMA] T

M &5, EEARRENE, AT H5EKRGEHT AT BT IR LiEEL
P EIEE, AFEMEH Multi3oK FUEHHRER—F (14.5K) ST AR
(EAEERR, N T HREARRE N, RETRZE UMMT 242262 4
SEISAEE A R PR N R AR rh RS I AMEATI RS, AT BESAS 2 — A HE L)
AN A AR, s LY B 1

Mg FE="MUIZRr B, B ARSI B A DX A B TR A
Hr, ARWFFER A WMT News Crawl Zdlad i) 10M FREH I LAFRIE ST 24T
5 AR B, N MsCOCO Al Multi30k #irdfei £ v iy P SO Rl FH LA
RSB SO FAAL S5 5 feJa ik AC B Be R ) Multi30k Hh i3 40 SCA %L
PEEAT ISR, BARBINZRE B 6 A B S s e~ R s -

A 41 ASFINZRET B P ik B A At 4

Table 4-1 The datasets and data volumes used in different training stages

B WMT Multi30K MsCOCO
aiseA SO

FA R v X 10M 14.5K

WA %t 55 X v - 14.5K 60.5K

R v X - 14.5K

453 ZWigE

AT L IBAEL T Transformer P! JUM g, SRi#i AR A N = 6
e WRISRIBORBEE Y 4, BABALER Y 512, AIRIRALERE N 1024,
dropout 3 4 0.3, FRESFIHE N 0.1, YIZMALH, ARFLKH ] Adam
Db 0 I 3547 2000 Yk warm-up BHF, 2 RILE N Se-d. FEMHR R
B 4096 AMFATE. FEVEE BAINEL, AT 15 0914

A JEM VITE Ve R g inas , K EREEHC S12 4B . ST
BRI 5O, FLrp 03— NI [class] BRITAT 49 MFAERRE . FERIARTFF
MBI By, AT AR SIS JO, AU T
ARG, BRI IESEA T 10 5 P RAE P, W IEIZ:.
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TEVHAL I B, ARG 5 MEA S FE S IR E R (beam
search) HFFMRAL, SRSEH 5, - multi-BLEUB §%4y | 5@+ multi-bleu.pl
AN R g BLEU 40%%, [5I6 J) METEOR T H.23}4 METEOR!S! 434,
ARG RS T fairseq® B0, SZIATE 4 4 NVIDIA 3090 GPU |47

454 HZ%RG

A GE HORFHE B ALY 43 391 5 T M B i SRR A N S S R R A 3 T T
. AT AR, FEEHE, TREZESHEREMAREBRERR—
B, AT ARG, sicAR L 44% MUSE! UNMT!!T XEM PO
MASS 2! L ptis H e ki 4038 UMMTIOY, pvpi22 1 g1,

4.5.5 JEMIERR

AEE SR R T R AR B PR U T 9 BLEU 545 0ASH, 3R T ME-
TEOR P! S bt B3 25 KA TP Al . METEOR J2—-J T B FE A AL
FISEOM T A R BRI, ARSI TR ERL R L R R AN H (8]
K, RZASIEE, R T BLEU f—LE A7 B .

456 FILIGHER

A B SRR 5 A i ST ) T I BB R 1N 2B TG B s R
RGEHAT T HER . WNR4A-20R, MR TAiSCREA, AT ESRE BLEU 14
Oy BB BT SR einoaliseA L MASSPY M H, AN By AEN
MEF H M EEE$EF T 5.1 4 BLEU 1543, P98 T 3.2 4~ METEOR 1547,
X F IS B SOR PRI R T R AR

FA2NE T HIH T I 2RSS TIBYSR TR RSE, N TR AT
B, XERG ARG AT . UMMT fil PVP 252 2 3h B G A
PIINREE R . E2 R T ENFERE I E TS EGE A, Bk, &A% RHH Fei
N S st B, SR T Rl O MG ARAE 35 3 i A B PEMBARRAIE (1 435 SR UMMT*
M PVP*, AR, HHAh UMMT REEMH L, 4% 7 ¥7E BLEU #1 METEOR 545
EERRBUE T BRI (AR, ARROTE SR e R 4 sGPY
MHEL, FE4RTE T 2.3 4 BLEU 154041 2.5 4~ METEOR 154y, XflifSAE vk
Ji8 ok 2 A 0 B AL R 3R ST i e e R R

PLAh, A SZIRATE Multi30k Hfi Flickr2017 F1 MsCOCO02017 iR £ I3t
FFTIFAS, T H A 2 A S T0 B L B0 R G0 AR AT BT, S 5 R 4

Uhttps://github.com/moses-smt/mosesdecoder/blob/master-/scripts/generic/multi-bleu.perl

Zhttps://github.com/cmu-mtlab/meteor
3https://github.com/pytorch/fairseq
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T4-3fRn . T RS T B ISR IR B TR, AR
S 2 IR 5 4 SOAR AR MASS P AR A SR A 45 SRR AT T H
ARFETIR RIS 7 R At X bR T AR YRR R

2¢ 4-2 Multi30k Test2016 H 4k iG55 4L
Table 4-2 Results on Multi30k Test2016

YTl — T TEE — Yl YT — YiE Vi — Bl iy
it BLEU METEOR BLEU METEOR BLEU METEOR BLEU METEOR BLEU METEOR
o 2l SCA L LB
MUSE %! 15.7 - 5.4 - 8.5 - 16.8 - 11.6
UNMT!! 227 - 26.3 - 32.8 - 32.1 - 28.5 -
XLM 201 28.7 48.7 30.7 31.0 46.3 64.3 42.0 38.1 36.9 45.5
MASS 21 27.3 48.1 32.3 33.0 47.6 64.5 433 38.3 37.6 46.0
o ZEIEBILLETY
UMMT ¢2! 8.4 11.3 7.5 10.8 15.8 12.7 10.2 13.6 10.5 12.1
UMMT*P! 157 17.7 19.3 22.7 30.4 28.4 31.8 30.4 243 24.8
pvp 22 11.1 13.8 14.0 172 26.1 23.8 25.7 23.4 19.2 19.6
pvp= Pl 25.4 40.1 27.6 26.0 46.7 58.9 39.0 31.9 34.6 39.0
Neld 32.0 52.3 33.6 32.8 50.6 64.7 455 37.3 40.4 46.7
KR FE 360 55.2 38.2 36.5 50.0 65.3 46.6 39.7 °2.7 49.2

¢ 4-3 Multi30K Flickr2017 il COCO02017 ¥k 50545 1
Table 4-3 Results on Multi30K Flickr2017 set and COCQ02017 set.

Pl — fEiE HE — BT Pl - G I — B T
e A BLEU METEOR BLEU METEOR BLEU METEOR BLEU METEOR BLEU METEOR
E17 MASS 228 30.3 278 435 425 58.8 38.0 34.8 32.8 41.8
AW Y 28.8 34.1 314 49.0 44.4 60.5 41.4 371 36.5 452
o MASS 24.4 435 26.1 30.3 37.5 56.2 36.4 35.0 31.1 412
AW 275 46.7 277 328 39.3 57.9 40.8 37.2 338 43.6

4.6 LR
4.6.1 HREASCIE

AT A T I VEIAT TR E AT, AR B AR otk Seaesi R
FTA-APR, RPRIFREE SCICR Ly R, St AU HeaES], T gt
IR ], B kAR, MRIERAPEER, n AR EIDATENE: (1) B
PR AR A 2 R AR o LUAER S ATANSE 747, W LAWERRI T i
H 710 BLEU 30 I R T 5.1 7. (2) BiFEELE AT — N E %4
R SY X2 A RIS B Ap b ) BRI R, TTHETHE S0 2R B 2=
B HCECER 2 ATRISE 4 47, S FRIE RO AR B T 1 5.3 9 BLEU 1539
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(3) Beoh, MELEER 3. 41755 6. TATHY, W LAKBLEMR BRI 7
PEfE (KRZY$ETHT 6 4> BLEU 20400, X R T O FATHERHE T IA I B 2R ]
@) 74k, WS 1. 34755 2, 447, BT RZONMITEZ R e > 1907 44
oA A ikt b2 20 1) ¥ AE BLEU £33 13RA5 7449 1 439371, ki T8
XS5 RIS R I 4R

% 4-4 RSP AN SRS ) BLEU 135y
Table 4-4 Ablation studies. BLEU score of different learning strategies

B JCif - fEI 18T - R 90K - IR R - Gh T
18 22.6 25.7 20.3 24.5 233
2 S+4T 25.1 273 20.8 25.6 24.7
3 L+S 26.1 29.4 313 303 29.3
4 L+S+T 275 30.0 31.6 30.8 30.0
5 L+B 273 323 47.6 433 37.6
6 L+S+B 34.6 36.7 49.4 46.1 41.7
7 L+S+T+B (52%)  36.0 38.2 50.0 46.6 427

4.62 BXXFHHT

N T O AS BT R T Y AR 2R R A A PR A S A] S BN [ Z B T
SCRFE AR AE P RE B S A BERT R A T 20 A o

W REER ARG 8 T E B AR R AN IR 0O R T RS A
S AR, AR R 2 A BT X B AR R T
g VRIERHIARI A R . T 22572308 TN RHIE RN 25 A Z Rl {5 L 22
5o BTl R EE (SVD) 153 RY SRR RS 25 8 Ay A7 S (E 2 TE) Y
WO LI o RN, A R T ek 25cn h (EE Aa A B AE Bely NVAS A I R 22
WARRE . P RABUD, RIINE S IR 2 BT . TR E AR i1
AT ] DL SR

WNZEA-SF, PIDAMERS], Gl o), Seih- PR e -VA TR 1 2y 7
HEREFRD, GRABEAD TR, UL T, ENVAAEIRE, A6
TERTE SCSAGE] TR0, XdE— 2 5mif AT IR A R

B N T B SR SO SRR R0, AT R AR 1A 3
2 BT EIRERE AT TIRNF . G132 4-6 TR, Hfr MUSEP 2 —A~ g XiEa]

R A A B T R R . AR FE T IR A A T b B AT TR I S ek
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$4-5 BAMS L9255 2 SR UL B AT R AP B
Table 4-5 Singular value gap (SVG) and effective condition number (ECN) on test sets

| SVG | ECN
B | SEEE SRR | D0E mIE wE
FrEg 1 63.3 4.7 243 194 243
B 142 2.7 0.1 16.7 174 17.1

b, H AT S RN LA R R A T R, RIS
XFEea o AR e ) B T AR R R TE A TA], AT SR B T B i o (6
o

< 4-6 HUMIPE 2 i BLEU {if
Table 4-6 BLEU scores without back-translation

A Tl — {8 8IE - SOl S0E - IRIE R - E
MUSE 15.7 54 8.5 16.8
MASS 16.7 12.4 16.6 19.7
AT 215 29.9 31.6 30.8

AR DT O T RO B AR 8 SR S [ P R S M EARTE S RN, A
T A (PCA) A FRITRIGLEREM 512 e 2 2, FFaEATaI Ak 2y
Mro G 4-2 frs, SELRML, AT RS> TSGR A 13
AN BN . S I A R ) Multi30K Test2016 Fdude i I 1ETE — Jeif
I — FEHI)

4.6.3 UFIMUIEERN

H T BT AR Z A, ARTHER B IWSLT Fdinde Fikfr T
BN LTS, BN H T A ORI, SAEIRHEIRE AR
il TWSLT 2 — RS, 0 7k H TED HyFR & MG, MikT
Multi30K, FAFEISL AR RIRATS . A T RIS R U sMERE, 52
FIRIETE Y R, ARBE 7 9 B AT P 3R ) SCAS 3 R G 2R
RFHRITE G . MR, REFERKEIAR 75K B SO0 TSRS K 5L
XFFENGR, FEAE IWSLT Edfa e ElZrik Anli.

ZA457E IWSLT14 EN-DE H1 IWSLT17 EN-FR ${445 |47 7407528 . EN-
DE J7 [t 8 174K YIZREdaF 6.7K MilA5d , M EN-FR J5 [a) 4315 236K Il 5%k
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5 2 2

(a) BrE: 1 (b) BrE: 142
Pl 4-2 ggnlFonnl #iib s br

Figure 4-2 Visualization of sentence-level representations for DE and EN

A 8. 5K MR . g 4-7 PR, ook iali SoA B iR A MASSPEY AL,
B YEAE A WA By 1a) B3y 3Rt ekcdk, UERR A Dy A U A R
£ LA RUE.
£ 4-7 IWSLT14 Y4541 IWSLT17 35 2: i 4 1Y) BLEU {if
Table 4-7 BLEU scores on IWSLT14 EN-DE and IWSLT17 EN-FR test sets

o Jeifs — fHE 8 - Sl G - iR R - XE
MASS 22.6 21.9 33.1 31.9
AW 233 22.4 33.2 32.4

4.64 (RAEMEES R

Marchisio 2¢ 8 %9l @M RIE T8 T 2 AR B 2 5 SE BAE 1 L EX 5
TN T A A A & 2 ) U s BBk o 6T 01 i RATE UL, BT
Z A REILZREIL, RAXSES Z RIWHEER . B, A THERYM
TR RIS T, ARFE T s OS5 r BmAa 3, A8 TR
BT — 2 e, SEEAVREAR, FEESIEAR TR —ES
W, JEEETHRGER, M ERE T I RIER. SRRk 4-8 PR,
A VAR T AR I T MASS P B AR 250y o T RAR L i
FUMREA AR

4.6.5 KBISHT

AT AL BAR A BRI B PEREVEA T M. e4-OXF LE T Al SCA A
RIEAT N SRR DA Je S BB B R 8 2R . e 2 A T 5 7 T B 5
B, AT B L 46 SCA A MASS B AR B, g

44



45 BT ESGFFR T E LG R

¢ 4-8 Multi30K EN-CS Flickr2016 1 Flickr2018 it 42 |- e 45 1
Table 4-8 Results on Multi30K EN-CS Flickr2016 set and Flickr2018 set

Wi - fEE Sl - Sl TIMH

BLEU METEOR BLEU METEOR BLEU METEOR

AT S

MASS 20.1 23.9 27.1 29.3 23.6 26.6
BRI 24.2 26.4 30.8 32.2 27.5 29.3

F16

MASS 16.1 21.2 223 27.1 19.2 24.1
AR 20.0 24.1 26.6 30.4 23.3 27.3

F18

% 4-9 {£ Multi30K ey 4 L5615 Br
Table 4-9 Qualitative examples on Multi30K test sets

R
| Sl 1 i ik
P ) Eine frau geht die strale entlang.
=z 3 A woman walking down the street.
Tom AR | A woman walks the street.
MASS #i#! A woman walks down the street at night.
SERCALH A woman walking down the street.
| S 2 kit — Hili
ik Un homme en costume tenant une boisson dans un gobelet marchant
J5im
Ref sur le trottoir, a c6té d’ un bus.
ef.
A male in a suit holding a beverage in a cup walking down the sidewalk,
M)

next to a city bus.

TE Il A

MASS K%

SRR

A man in (a) costume holding a drink (in a cup) in a crosswalk walking
on the sidewalk, near a bus.

A man in a suit holding a drink in a goggles walking on the sidewalk,
at a bus stop.

A man in a suit holding a drink in a mug walking down the sidewalk,

next to a bus.

B 1 Hff “at night” DA ZEH] 2 FHRY “googles”. “at a bus stop” ZE45 15 Y Bl 1R45
R, ARFBRIA]T DUE SEASHER B FERAME T, L0 SUR IR, 4
(R BRYEIERRNE, (365 M99iE) TRdERiENE . ERERRE, FEIZ%
XHETHE T A (R A E ) HA AR, RERPEIZMERAE
HIEVEEE R, WEF 1 F “walks the street” X ZEANFFEHIGFTIA T IHH A,
X R I GRREA R T A s R R T A T -
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47 FEING

TEARTE R, SR TP E SON 57 1 T BB L s BRIk, O IR E G
BRSOk, MRS BENS (U B TR 1 - SCAN R B, o > ITE 5 5
HbRE T RIXFT, AT R T BB LA B e Th iR X5 i i . SRR AR R
], SASCARMZ SRR, AETARIG T BRI IERER T, k3T
Z IS T B LS RIS Se KT . BE—P i se e W], AT iRl
ML T ARRAE 2 5 8] PO [ R R T SO 5%, TR M ERCHE S AR AH 1)
JEES ERIEAR, BAABERAZtt.
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BS5E ETERFREEFREERMARMREE
51 5|8§

55 3 TG 4 B ENG T SO BORTEAR B PR T B LA
FEG ST, N T =P IR B R - R ) 450 s
RIS, ARERN G EESEHR B35 N R .

B0 HIH ) B R TR L T Bl i A R I i iy 7 5, AR -5 AR A A o
B EE, FAE &% . RAG (Retrieval-Augmented Generation) 2§52
BESR O EAAER, BRGNP ARE TR RER, T T A BES
HERR PRI Z A . 76 RAG (55, BIAURT DU A2 5 A1 RRH O ) SCAH R Ek
B, R RBRANE, DA S0 B8 R BITE AE R  AB—3 4
T A R A BT SO SO SO IR SRS . SR, FESEhR i, RAG fT:
F RS A R BB —1, AR RERSCR . By Rk, IS 2
Bl o AR ENR ) EAL 55 b, BT BN AN R S M N A R,
BREA. EYE RS, AT IER SR,

TEALEFNIR AL 55, A RIS Z A LS 1 G R ) HERR PR R T
BRI AR R - SO IR AR &0, B v 5 SCRZ B
TEIRA AR MK . B, 3 Z A A AR RHER R 28], B, 2R
[l AR 2 [ B T SO 57 B BRMERE , 2 H ARG i i — . 2%
BiRUL, FBSCA A BEAEE R R R, CH DR IR IR [FI,
SABESAFAEZ S, — N E RS 20 X, {4 G BT SORABrizin
EREIES S, SUEn, RGBTSRt i & R o X i
PHEEI . o T SE BRI SO S S BB , Tan 251191 R CLIP 54 SCARH
FQRHER i h s, R TP IR R AE BT SR AN PI915 3| Z BASEHIE , FHZFHIEAE
SNSRI RN AEZRT] . Chen 451231 1| ] RS KRR Sy B HFR 20
FRARE SCA KRS 20 G RRE SR T S HE, a5 00 B R RRAE AR {BL A iR 171
B, [FEIRAENZRE R oA S R AE MR, a2 ) Bk

IR RO MRS, ELH AR R AR B B T IR AR & . TRV SR B
H, BEROAE T -HOEREGEE, HA ARk B X5 B inEZ —.
R A B A RS B A S S R ., RRZAE S A R G IR SCAS () 5 1, Bl B
AR 2 5 B G v R o)A SE i DI, AT RS AL AR AS B - P R R A 6
PERIE, PR AR U R . BRI, ERRIE, ASCEEpL g
VERSATRIA “Ipd, B3 N R G IR, A SR ERE
B EBFHE S A8 G B RS TR S, R E G A X E R ERE
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SRR s AR T B, A A A SRS IR A, AR SR 5]
ERIGH AR B b5 R A R KRR, AR ) 322 > FF 3 xR
w55 DR A O XY G TR BE , AT S B SRS A 1 T kR, R T iR
Jr A A SR R R

52 tEXIME

ARFERFN G RAGEFIR ) EAT 55 R 38 A o AR A K RSO 5
AIAH K TAENZHEAESE 3 A 4 AR TAER AT A4, AR R85,
LRI TR DA SALE HIH ) AT 55

521 teEiEE

TERSR B RES HESH, YT — 8 N A8 AR E BT 1
55}, B FF B AN RIS AT 55 FH O i SN ER RN R B B AT 55 i AT, i
XN WA RES A AR TR PR . o, ARy
DPR (Dense Passage Retrieval )™, —Fh 8 By #6205 3% , 13 6 AU e (5
H R AN BV i o ) RF A TN BV I S 3 A 85 vy s ), ) AR RLRE TSR
PR . MIESEMFRZR 7%, DPREEHIGES#A (4 BERT)
AR BT ORI R R, BT TR RS AU . REALM  (Retrieval-
Augmented Language Model) 77%:1%°) f1 RAG (Retrieval-Augmented Generation )
Jr 103 I 3 45 A ARG R S T A TR S5 2 — MG R R A
A, U REAE S ZAH o SO I T 1 s A2 1 A A P A e

52.2 fBEENA R BES

TELESCAHY A ARTE F A S5 5 50h ARG A AH K O7 VL B U] 1
AR R BF A MR I PR R 2 SRS P  MuRAG )
HIRPEH T 2B R ELZE , AT T — A 2RISR R G 5 A
Transformer FC28, (EHCAEAS U7 i) SheRAY 2 B INTR e 58 B B = A e A
LR Eh, AR A IO R RARREMIES52 —. SEGIHI
FEARSF AR, SRR A R Rk, Hrh & REn L
VA E R S A T A RS N 8- HPAIR AR AL B e E PR U Bz NN ST
W, ORI A EAT S 3T DA WebQA U (T4 431, BT TR oAl A ) 5, A
HNERFITH PR AR B A K ) SO B R R AR R, e, SFERZH)
T, aTHERR T, KRB IRMXNELR, RIZESFHZOITE. —2X07
101001051000 335 o e B K SRR BN 2R, o, 0 RagVLIP | 205918
NG EHF AL, Xt CLIP SR G2 W PR R 4R T EH Y, i
PR R . MIEBARTUO L T —Fh Ky R-3E00 (M BOfiRe, BHE
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%53 AR FAE4% . MHySUO MR XA it )y 22 4T g, 4 B g ahA T
ZRLE SCAMRSE , (A5 S EE , KR ENMASH . a5 1B ok
JERIR R, TER R BT BAE RO T R A B, it r &y e EHEP A%,
A PR 7 B B LASE /NN ZRA QR B2 THG R B B RCR

53 HENE

AT BN BRI E BRI, E25 AR AR5, A
PR, M, A piia.

531 ESEX

B A4S s R AR B, H A R i A 2R B A R i 2RS4
SRR B 2 RS R A . e, M SRS R SO R SE Dy, =
{G,0), Hopyseritg=h (BA, #5R) —ocdl. XHFa—ANfRrE ) i
Dy = (q), PAZBESKRN TR RGE] K oA ) 2SS0 8 D, =
(i), = 1,2,...ke JJa, PA K DEBESSOREEER AL, U4
TENER a,.

532 RKiFEiE

AREEN EENGINANEARRAR, EE AR AR, I
2w, BEANY, A WAREEMES- 1R

1. {95 RNRRE

2. IEHEE

Q: Does a Minnetonka

Text _l_, - Rhododendron flower —  CLIP }&HI —»@4— SRR
CLIP RH — iRk ’

have petals in a cup
shape?

Image —| B
SETTES

Q: Does a Minnetonka

Rhododendron flower .
have petals in a cup A: No, a Minnetonka
shape? Rhododendron flower
| XEF/S does not have petals
: Diffusion in a cup shape.
" FMRE — _: T
EigEs i SIS AIRE
1
1

Q: Does a Minnetonka
Rhododendron flower
have petals in a cup
shape?

J

Figure 5-1 Overall flowchart of the method

49



BET SO 5 I SO AR BIFSE

WA e SRS AR, 2SR SR RS Dy =
{0} R NFHE R I TR, AL EE ] CLIPY 11k B R A SCAR T 4R i
S5 P A R KT 7 A ) A P A A A SRR HE A TR A . A SO I 2 S
$Hm 2 i WebQA IR RNt B A I o

he = CLIP(c), h; = CLIP(), 5-1)

Horp heohy 23 SIAEARHEA 9 CLIP S U RFIEZR R -

PIBRR AR D ZEESHRE S, EORYE R ) M T AR
K A CLIP SCAR Gt ash , #+38) HSCARFHIE hg = CLIP(Q), FRREHSRIH
PE R B B RARHAE T SR AR XD . DAARSZARUEE bt i 0k -5 2% ) s AT K
[ K ASEREAE, HEEBGX K AN EMREFAE BT b A R R

I =TopK cos(hy, hy), (5-2)

EAL , KRR 20, BB 221531 20 5K 5 R BECA M C EE T = (i), .. i) o

Fiflky 2P RG S AR EREE R RZ MR, IR
BT REHEY , DAG 2 IR R AF B . 5T, AR [l Y )
Z 3t Diffusion #2108 Az plg—5 55 ) AR () D G o K P 115 28 10 11 4575 3]
WAL ZA gAY, SRR Ay, AR R RN A ARAES. 3.3 i AT/
2o MU, e BCSYERE 2 B TR, BSOS R HIE Z 18] 1 4
LRI sy, WSO S FIR 2 A AR SCARRAE T AU RS 57, DA
BN5 E BT R A RS 51 -

sp1 = cos(hg, hp), syr = cos(hy, he), spp = cos(hy, hps), (5-3)

R RS- S50 R W AR LEER 2 B T ISR N, 153 S & H91357
s=Ay-spr+ Ay spr+ A3 8 (5-4)
BEAL I3 HR Ay = 0.5, 4y = A3 = 0.25, F LMY %G 70 X402 i 0615 21 1y 20 5K ]

BRI TEHER, AR R KR K KB

Rk ARG EANT G, EA5E TR BT R, REHeRE 20
5 15 I Zr i e A\ 2 RS A ST i B S BT B, dnl AR %
RS AT — 5 RO, B RES 0 R ) A e SR 40, 3 T[] 35
WHERR A AR BB AR ST YRS 3.3 A TR 4
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53.3 BEBEXHEXMRE

BrRB B AEEANTI B, RIS — D EHR PR AR IO R RO RRE , A2
AN ES-2F R . AR RL (Diffusion) BARURIEAT BRI A AL
Diffusion 4, SEGHIE MR , Bl id 2 2 W IR 2K e it i A A A
Wi, BRI N EELME P e R B 3T H AR B iR A . e R A AT 55 7
Diffusion #2451 AP KM A, T DA MR FS v 28 il 5 45 5 2R A AIAF I R . DA
MG AL AT 4551, 52 hR4% o, Diffusion #28 a] PAYE 2K Mt 5 i AR AT AR s
AR AR i o ZAREE AT AN BRI A SR E SRR, AT S
PR R DX I A T3 5

AT OAET FE 0 M B & SRR SCARME R, MBI (G BTk,
PASR IS SUASR B R SR A PRI N T, 0 A1) TR AR 25 S A 1 P AR AR A 5
ERLUM) P 0 A ) BMGURFAE BEA TR 55 AT ok A 1 el AR ARE SE A it 0 58
o WL, FIEPRE R 5O+ A5 4l A Diffusion BIRA: G
RO 5, D 8 A CLIP MAE e i, oo 4xddedie 2 I A 21X B 1)
PR BRFAIE . MU, ARTE T IR BRI D AR BEA T 5, ] It 75
PRUE B BFRAAE 25 A A A% o DRIAS TR T AN R SE B E A, 23518
B BAREAL 55 A B S F

BIBRAREATSS, BIEUIZRAY AR s AN DU AR Z R XT 57, a7 2%
REFE VAT AR AL 55 1 I 2, RIEER 00 [T RARFAIE REAS SAA Hh i ALY 17 AL
AR i B 1) KL A5 36057 e A O MR A SRS A o PR BRIEAT 55
4 32 A AR T PR Bt 1 AR P AR AL 25 ) A i 25 P AR AR B, PR SCHEAS H x5
55 1M A A AR A RIS Hh - s KL 30 SR A, B2 R B 5L 55 1A
o EBAREAT S5 RIS R S SUR 2%, AnF B

]

Log =— ) logp(cfle.; i) + log plc] e i), (5-5)
i=1
Hor o RGOS REFRTE, 1947 4331287 o 10 R ) 5 25 4 26 U D 11,
1M KL 4535 F5 2 A O G RHAE AR AR 4010, AR R -

Ly = KL[p(c] e, 19) || plef e, i) (5-6)

FELEG 1 IS AL S P RIZR L, F 2R RUEE R R RHIE 25 A
ANEARE G WY, SECHGIG BN Eo 0Bk ANHIE S B SE R A
BRI B2 2T i gk, PAESEERIGON SR, P Oy R AR AE 2 [R] Y R
5.

Lorr = Lo 0,19) + L, (9. (5-7)
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w4, RRb B, B IZRR

ﬁR = [:CE + £KL + £CTR' (5-8)

WES-2H A EBR, e CHE + BT DA AL SRR
BHEGREERSAEZHHEREE, WMXHED “gold” HiE(FE. NHELKER
AR, PO O R Z IR YRR AL B B, AT o e A S Dy Pl 4 2 A o
HERIR (RS, PRAERIR IR ENE.

| | KL Loss m
—>

t |

Transformer

‘/ % \’

vl) pd) e vl > v§) v§) - VR
t t
SIEER
t
M RIDes
1
1 EEEY ! What color are the facade
i V\t/hatRcoIor_ aré' ttl;‘e (fjac??de atop Rosario Cathedral?
[@] [Q; 4] ¢ atop Rosario Lathedral: Answer: The facades atop the
(Ja)gR) (([DEIR=E) 5 cathedral are gold.

Pl 5-2 K BR sk

Figure 5-2 Overview of the retrieval model

R BE AT TR A Intern VL BERUAE S Z IS IAL R B, R ]
CLIP A2 v (1) TN 2k SCAS G B 25t M A 1R B e X SO PR R0 EA T B o 180 0T
IR AR St A, e A M 5 S8 3 5 S, Xk TR AR Ay o S B R 7
e, FFR ORI Y B S DI R AR o

InternVL Jg — 7 i S35 22 Ff 1 SORS U AR ZBEEORBI, BRI o
APEREALE M. ZRCEIRES S T B AR S AL BT R RE ), Hak
THHARRIERIE S B (LLM) ANMUBE AT SO, 8 REFRRAN A e T
BRAGTE SUE S, (A E W DASRAT AN Batiad . RLSE A 2 5 S R e 18 5 AL 55
HAZ AT IEHE A (Visual Instruction Tuning), ZELLTHETH A AT
TR VAL . A2 AL PRI B A SCASEA TN SR, o >0 ARl ARG L ot A A A T
Al XA AR GG 2 RS RT RE A% HI A2 2 L T A R AR
BRSO R TE S i
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The facades atop the cathedral are gold.
III | < >
BEXENETE

t t
RNESHEE RNESHEE
Vi (V2 +r (Um ,,‘11 ,,‘21 ,,Z v v§) - vl @@ wo Wy " W)
i 90 0 : '
o i o What color are the facade
TSR What color are the facade MRS atop Rosario Cathedral?

atop Rosario Cathedral? $

Pel 5-3  ZR B R Rk

Figure 5-3 Overview of the generation model

SEGZ RS R F 2 , Intern VL A 0] SOH5 BLAR /22 SR 01 , BRI/ Z
P/ AESCAS , AN U] APFEE 22 Il dai A, [R] B ] 38 e X i A S IR SRR
ICAFARERS R TR, i AR 18 7 m] DA R BIAH S g A, 5 DX 43 UG AR I ST
A RARNAIE . 280K, ARALRT KRN 4 A - “Tmage-1: <image> Image-2:
<image> Describe the two images in detail.” . X PP, FERIA] DA%y H o
B, AR L, SR O FE RS, IERARE, MSE R
SE4F, FOA SESRIIE M.

He By BEAHSGPE BRI e B B, AR i BN AL S-3 i . AR F 7 IR [l
i B IR RE A BT 25 8 s ) ) 5 96 £ S R IBUAMR AR AH S DB, DA BB s
HRESE, P, REET A S O . BT R S A th R .
SE PRI A A G S A i AN TR o L G ) e 14 i £ i % 2 S
BRI R AE S A S R R 5 S BB AFAEE AT X 5% o i X by 2 A 2
HRPOR A TEHRIEEAE L, AMTEN T B SRS ST AE-5 25 2 KA IX
EAE R, BB SR A BOW ISR 55 1 2K R BN B -

ECTR = £ctr(i’ iq) + £ctr(i’ ia)' (5'9)

HI XS AL 55 R AE, WS ML 55 A B gr, TR AR U 557
SHEAL T DATES 2 i SCA R B Y B SCARIEAE S5 I ATRAE R, X RS AL I B
SRR S 0] o AR AT S5 O R R S SUR 2%, A0 R s

|a|

Lg=—) logp(afla,i’,ii), (5-10)

i=1
Horpr a IR Fr AR P B SR O0OK
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b T AEAE U BB LSRG 1 EHRAFAE LS, £ Xiao %U'%1 fI Chen
A3 et U AR AL E R 2, EE R IR R S AR
SR KRR o

TG, R e A B PR -5 T e R A ) P D i) e — e ey A KO8
o, AREIPIAS logit {H, TTHAREIMIA logit (HAYZEMH, FHAZ(EIEASE i 4> token
T ¢ IFR) AL (5 B A A w,

w;, = Alogits = logit(a;‘,tlai,q,i, qQ - logit(a;‘,tlai’«,i*, qQ), (5-11)

AR, XPCBIRA SR RGO A 7

£y = log (@} 2, ). (5-12)
k=1 Wik

B 5 BT MRS TR FC T R S0 Logit (7500, 447 K
BT token LA ELATHIK . TELIEIAHEBUK ECRUTE . 40 e N
BURAE N, U1 token 9404 T EAUBLSERIK (. AIIRIS-4FT 7%, X%
PRI 25 A TR 55 AT 04 430 T 9538,
“round buildings” 3t—3AEE . BRUCVAS . KeRUEEBTA: U O (R I

Q:Are any other round buildings visible in the skyline near the Tokyo Sky Tree tower?

5-4 HIGYERUE IR R

Figure 5-4 Example of adding correlation weight

MR AT RS, d O R e S s S IR, L, A ]
85 e S b P SRR A e (5 b TR o e 2 A 1 By N it 5k e %o
FEALS5 RN IIAH SR R A A AT 55 40 SR A i
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54 ZWEESHER
541 HiEs

Ay T A R T R A [ S0 A 4 WebQAH % 5 MultimodelQA 1!
Blse EAEATSC0 . WebQA BtidE i — AN N A 20 i 2 i gl . sk
MM SCAR BB B R 2R 5 R D6 A (5 ., AT 3 D 2504 45 R A T
A7 R T2 WebQA B & Pl M A R &Iy, B— sl ey
(B, AR, M) =485, A4 15K, It 2.5K. MultiModalQA
R RIS BB, BRI A& SO . FMHI B % 2 PS5 Bk
[ M, S e RAE 2 RS R SO RO BRI A B . HBR T A
WebQA 48, FLAl&IZh4E 2K, M4 0.2K.

542 {E{EIskR

RIS B WA, RS, EER
IR (ROK) Hebidttrittl, MRRMFIRN K SRS 0 h EfE
%, FEAEITS R, AP WebQA B, A i iR AR AR S B E
2 i S B PAA3 L T B A R BRI T 413 MultimodalQA %t
WS, IR SRS CAC (Exact Match, EM) JSEREEFTIPA .

543 ZWIRE

R RY B, AFI RIS PUT AL Diffusion #5284, CLIP 4ifids, K
4 KR4 45 Transformer #%] . Diffusion A57 5% F 23 Wi oA 1 [w] i
AFE ) PR TN CLIPUY i S Bl A7 4 i J5 A Diffusion 5120, 04
BROECE R BN 50, AR F I ER 0. TosrKamg | SIS 7.5, —IK
RS AR 1. CLIP #E20R 2 CLIP-VIT-B/32 Fi I A . 5 ARE:
155 B R ) Transformer B2 H 6 2445 F1 6 ZAEMSAR L, 2L ER I
TSR 4, R 28 N TR ISARASZE B2 A 1024, I Zrad B rp B RN GRP 4B
80, MU sVE Ay e A4l AL

TEA BB, FEALS AR Intern VL, fifad B, ¥R A deepspeed —
BrB. Xt 1B B, 435Kk GPU bt Ab PIAE A 2, ST 2B BRI 1. 4
FEBAHMEL N 1, IR N de-5, BIIFHIK S 4096, iy Hifetr—
W, WU A Rk A AR A A

544 HLRER

ARFETTIETR R R BT CLIP R A, R EHEre s &
TR EHF 7%, RIJER A CLIP ikt Top20 KR, FER 2
BRI 20 A BT R EHET o
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Table 5-1 Results of retrieval R@K

WebQA MultimodalQA

it R@l R@2 R@5 R@10 R@l R@2 R@5 R@I0

o CLIP-TopK ¥y % Jilk
CLIP 4294 5520 6875 77.63 7391 8261 93.04 9522

o He T RBR R Ji ik

LLaVA-15-13B 3499 4535 6587 80.56 66.72 72.61 90.87 95.22
Qwen-VL-chat ~ 36.55 47.64 6722 8042 6120 67.83 8739 9391
mPLUG-Owl2 3214 4326 63.80 7938 6241 6826 89.57 9261

AT ¥ 5219 6351 7520 80.72 87.39 9522 98.26 98.26

545 FLHHER

BRI RS- 1R, SCIREREN], AP R R I ETE WebQA Al
MultimodalQA W ZAASEHHAE I I AT . 7E WebQA $diaser, 4
FH¥E R@1 YERGR KT 52.19%, % CLIP-TopK H:2k 4T} 21.5%, [A)t g2
#Hi# LLaVA-1.5-13B. Qwen-VL-chat & 5 T KA B HEY B 15-20 NE 4
Mo X—ZIRTEHE R B eAR (R@S5. R@10) o EAFgi/IN, HA LA 75.20%
1 80.72% WITER R FFIIE, Frhl 2T R@10 f5h5 bIEm 1 H AL K A
1 80% AT, /n HAEs SRR 5 S HERE. SIE TERTITG,
FREETHOM e K S 4 1) LLaVA-13B S8, A 77 ¥A7E WebQA [ R@1 FDATH
RSB 52.19% [ HERRZS, SR RE 4 o SO 55 07 A B Mk
A RBRURBORRETFERE . 3% LU R R R [ A% 7 AR R R i TR 1
1R, ATIRE N W52 A 2 A st v e OIS 1) . ARSI — PR R %
VEAE SR RS Bl M P B R ) S LSRR SR P 2 AL RE T, DA RO [RIBEAS X 55 3K
W X A ARG 2RI LA

TIAMEBEE R, BOBTER R ER AR BRI 2E R R TAE SRR 2
Mo X P22 5 AT AE R T WebQA {45 v 87 43 2= 1) BS AR S I 5l 0 1 (W e 75 T3
AR 5 S B PE Y WebQA EREE g EE R@1 AT 50%, Rk 7 H&
Btk — i, BT RBE EHT A SCR O 55 T A& =HE ) CLIP
R, K] AR PR A R 28 Tl ) 22 B KABS B A A S PR TP Al 43k 55 T fift
FH R AR 2R AT 4] o2y ST I 2k CLIP A55%

HepRegcls 2527 R AL IR AR, PSRRI ] R
TETCRE R AESRIIT O, Al SCAN Y R A U A 21 0 o 1) 2 Al 4 bk g
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Table 5-2 Results of generation accuracy

WebQA MultimodalQA

B =i HE 2 Y EM
o JoK:F Wi

Qwen2-0.5B-Instruct - 17.29 19.33 18.20 10.43
internlm2-chat-18b - 23.25 3258 27.40 10.43
gpt-3.5-turbo-0125 - 40.80 5449 46.88 25.22
InternVL2-1B - 26.10 43.57 33.86 19.57
InternVL2-2B - 30.37 48.20 38.29 25.22
o Aikr# b, TSR

InternVL2-1B X 59.69 58.21 58.95 55.22
InternVL2-1B v 60.41 58.21 59.31 61.30
InternVL2-2B X 53.01 57.34 55.17 56.09
InternVL2-2B v 54.89 56.68 55.79 60.87
o fikE b, AR

InternVL2-1B X 67.65 77.55 72.60 58.47
InternVL2-1B v 68.85 77.84 73.35 61.10
InternVL2-2B X 68.32 78.52 73.42 62.26
InternVL2-2B v 69.91 78.25 74.08 67.59

T B AR, B, Qwen2-0.5B-Instruct 7 WebQA JHitE I i H Il A1 22 [ iR 5
A3 17.29 A1 19.33, “F3940K 18.20;5 5IAMRIER)G, AR LI B &R
Fto fltn, InternVL2-1B #5iAI7E WebQA |1 F2 Hiff =2 M 33.86 157131 58.95,
MultimodalQA ¥ EM 184 M 19.57 #2743 55.22, Hlan;, dmHEF BT AE
SR E A N ER R, i, InternVL2-1B ZEE FH EHET 5, WebQA [ EHER
ZALM 58.95 $#2F}5] 59.31, MultimodalQA [ EM 7543 M 55.22 #£7}3] 61.30,

I A NG G, SEEREIE—242 T, fildn, InternVL2-1B 71 WebQA
FRCEEER R 58.95 (ToiM) $EFHE 72.60 (CATHM) . M EHFAEIZRRM
il Jg AL P TR AR R It — @ AR VE I . 1A, InternVL2-1B 755 H EHEF
J5, WebQA [ HERGREET) 2 4>, MultimodalQA ¢ EM 543427} 2.5 4. H
I, PRk T EHT A
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55.1 HAHLSTHT

AT EH IR AR [ R AR 5 1 ASCAAT S IR BE T, AR X
B BEAT AT AL AT o 1 PR ORI g — R R, S B 5 )
H OCHERTE A ey, Z IR b T Al AL, SRR R R T A
WLEERL AR I 1) A S ] O ) B P g XA AL . IR S-5FR . 2R A
=K I3 IR ol oI ZRr R R 0 — B N SR 2 . 220 A
FRAARBBORIN SRR . W] AR L EE 31], 2 A o S BRI R A 2R 0o
Fi v -5 TR AU S AR X T T R 2

(a) Does a Minnetonka Rhododendron flower have petals in a cup shape?

(b) Are any other round buildings visible in the skyline near the Tokyo Sky Tree tower?

Pel 5-5 JER I 9Aes B

Figure 5-5 Visualization of attention maps

552 iHERSHT

AT X AR EE )T IEAE WebQA $ii 4 b a4, DA InternVL2-1B 57
R, SERREERANERS-3FN
BT IR To kG R B R ISR GOR, PEREIE S TR, HEMERRFM 69.90
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W2 37.10, ZEMERZRM 76.79 %% 38.40, FIIUEMIRM 74.85 2 37.75, iX
TR R B AN GRS  W S AP RE 4R T R XY, THRES
RS, HERE NI AR

YRBATC N GROER, MERERA BT . ~FIYHERRN 74.85 [ 2 59.31,
XN AL M BRI B THA AR o BRI TR AL PR, 3
HERRAR N 74.85 [ 22 72.25. 53X 2 WM P A PGP RS 2R R BE AR B2 T R A LA RRAR A
MYER . M4BT EHTR, BIRMFEFEA /MR N R, FEUERR R 74.85
W2 72.70. X1 BH S HE 7 R 7S AL A I A B YA I A S T

% 5-3 i E R
Table 5-3 Results of ablation study

WebQA
A HE ZE Y
InternVL2-1B 68.85 77.84 73.35
TokeZ, Tl 37.10 38.40 37.75
Tl 60.41 5821 59.31
T 68.10 76.39 72.25
TEHEF 67.65 77.55 72.60

553 HWERITM

R TR G R IAT VL, AR TR R LR R A 1A
L FL =485 th T Multimodal QA S HLEIRGZR , I =AM EFR A . 4N
R5-4F7R, ABFIEHE T ETE =T 45 . WebQA Fil MultimodalQA P> Z 45
SRS T BT CLIP-TopK £k, 7F WebQA HidE I, A7 Envks
% AERAFL 5042k 3] 43.27% . 58.85% F149.87% , B H4E 4871 (37.12%.
50.83%. 42.91%) 43 HI3ET}F 6.15. 8.02 1 6.96 NH4r . Hdr, KRR Tt
(43.27% vs. 37.12%) FHIBIELR ] Top-K 455 i fs lu ol @ E P Ak, XX 7
P BRI RN AU N EE . 1 F1EKIRTE (42.91% — 49.87%) W%
W T A% VAT A A e S A A R TH A A0 ——FL AR A4k, e
THE ISR S I M 1 4 [l 3R Z ALK A T SE AR

554 KBS HT

N Y S UL B AR T T R I M R AR e A S, ARG R
R BB B SEBIEEFT oA . AR ERS-SPR, A RURIER) [, 2065
R DM, SUH CLIP HEF 32 M R R TR R 2 i g 5 sk &+
SrARMEL, AT 2L A M IR, M T BRI . G AR I AT
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Table 5-4 Results of retrieval

WebQA MultimodalQA
i WiE AEE FL ORER BE%  FI

CLIP-TopK  37.12 4294 39.82 7391 7391 7391
AR 43.27 5219 4732 87.39 87.39 87.39

HHEPZ G E R B HSL R, H 4 5SS AR AR IR . I,
XA I AT 35T DASE B FE PR AR 2%

% 5-5 {F WebQA Eclli i sl b
Table 5-5 Qualitative examples on WebQA test sets

| WK
i Where is the clock on the front of the Fenchurch Street station
HJ et
with respect to the rest of the building?
. The clock on the front of the Fenchurch Street station is located
A ] 2 ) e
at the top center of the building, just above the entrance.
The clock on the front of the Fenchurch Street station is on the
e _ . .
top and middle of the building.
| KMk
i Where is the clock on the front of the Fenchurch Street station
Rt
with respect to the rest of the building?
. The clock on the front of the Fenchurch Street station
is located on the right side of the building, near the entrance.
The clock on the front of the Fenchurch Street station is on the
Sl _ . .
top and middle of the building.

5.6 ZARE/NG

ASBIFFE AT R A8 R 7] 25 P ASE 2R AG: Z0F 1 18Ty B I A N HE A, AR i
SR R A R RMERE, SR — AR R ke s e A A S . %
TPy PR 5 A ST B - 2R B BOm e Az AR U B A P AR 55 - 25
E PO VAU G e R S ET g RSN UM S (S e 29 i 0.0 i S X S U
L% B L HE ASE T 2R B AR il BERF O L8 5 U B R L ) g A 2 RS
RELRL, 5K FAACEDLR], AR 112 logit 22 5 Bl R HE45 J AL
B (R RNBRA G n2 > ), (Y [ 3222 ) B & 75 R AR SCAS A AH 56
PER I, SCEERM], IR PR TR R A [l A 5 R pERA R, JCHAEROR 5 4=
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SRR EIR A L, B0k 1S SRR AR5 A G PRI A4 Rk o
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6.1 HARIIERS

BWEE TR ST BRI K, AT T BONZRKTE S LA, SCAR A i ARAE
SRR T HZRIN T S SCARBES BRI I T R RAF S, AR BERS AR
P & WO A AT B A 55 B AR BAF SRR e i, BRI, 2 T SO
SfEEZRPRESA S, T SCRME BA R AL AARI e, B
RS ALY, MR AR . THEE ZBESOURR DGR, [’ R -SOR ik
Wik — B B SORMRME R B A TP TE E LS, R cE K H.
SyFaRE NI, AR, R RSO ARG IASCAE B, BN 1 280,
A B TR AR BN LR R X2 BRI SCANE Bl AT #h 7,
Mt S B A A SR, 2 H AT B . ARSCAZ A A, K 5 2]
MEHBIRZR =P SCARZ R SCA R IRAT 55+ (1) ARBTEALERBIE MU I - 304
AR T I T T TR AT TR ST IR A H A, AT SE BE R 1R fE
Ty S e IR E E BMRIRIE S RS . (2) ol ELEREE: 1EBCA AT
IR B R, DO RSO R R 57 P -5 H ben, (AR £ —
SERPIETIERES . (3) PUREANRIE: (ERCA W B - SO R B iy 251
T, EEGIABERERGL, SR E o] B 5 SO I D,
PRI I ST, AT o A U SR TR 2

ARSORYE_EIAFTEEs Lk, HARRIT LA = Sk 5e A%

L. Py B K BT DL &S T o

FIXHMEBTIEA SN, LA B i A g = RS- A TR R A, AR SR
T PR B AR PR LA B IR . AN SCRY A R T A I - SOA R
Be 5A REPEATIER, KOs IES B D8 2R 0E S £, BT
B, ST S 1 H R AR, HAE B AT TR R S A S
Bl b, SIABOMYE R ER, FHRX LR I (5 B AR IR & 5 2 ]
TR SCR L, RSP IR A B S Z B2, IMTSEBLRERE T iER i B AR 7E
T SO SR L, AR SCHR i b SRR EE ) 20 31 AN AL JEE 1] 2 551 06 EE =~
TR TS FE Tk . SRR RRE S B R B S SRR e AT AR B R % 57
11 ) P i B WL, FERE— A AT IR BRI AR BERS 5, AT 7
P 2~ JEi AsTE] o SEERAS R RN, AR SOT IR RENS (R FL 5 — I AR AN B
ROR, HAEDREARFIRAL 55 B2 B Al SRR, E— 2P0 & DA SCGE T
AT SEER N, A SCRENS N S LS SR NES TR S X S R H b, i PR e S Y
SIGESAEE], 2 UET FTR ORI A R
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