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Multimodal Machine Translation

> Multimodal Machine Translation (MMT)

aims at improving translation quality by
utilizing additional visual information

> For example, visual information can
help to remove ambiguity

MMT Model NMT Model

—----------------------------------~ —-- ---------------------------------

Ein Kind, das mittelgrof Ein mittelgrofles Kind
V Ist, springt von einem : springt von einer
staubigen Erdwall. staubigen Bank.

1 4 1 4
------------------------------------------------------------------------




Challenges

- Data Scarcn:y Two CYCliStS cross the
street on a very breezy
: : : California day.
> Need for visual information

- Text information is more important than
visual information

Zwe1l Radfahrer Zwel Radfahrer

iiberqueren auf einer liberqueren auf einer

stark befahrenen StralBle stark befahrenen

am Abend die Strale. Stralle die Strale.
35.3 ¢ Meteor } ---->35.6

7

Zwel Radfahrer Uberqueren die StralRe an
einem sehr windigen Tag i1n Kalifornien.

In some cases, the incongruent image performs better
[Elliott, EMINLP 2018]



https://aclanthology.org/D18-1329.pdf

Challenges
- Language Prior

» VQA: an example

Vs
Question groups
(context)

* Q:*'What sport is’
A:‘tennis’ (41%)

> Q:'How many’
A:2’ (39%)

> Hypothesis

“Whatis on

> Current MMT models rely on
the wall?”

language prior and ignore the
visual information

[Kervadec et al., CVPR 2021]



https://openaccess.thecvf.com/content/CVPR2021/papers/Kervadec_Roses_Are_Red_Violets_Are_Blue..._but_Should_VQA_Expect_CVPR_2021_paper.pdf

Motivation

- Select sentences with ambiguous words

» Force MMT models to utilize visual information

English Sentence Senses Possible Chinese Translations

T AER R EE R — NG,

A green gecko 1s seen on a palm. <

b X T B — R,

< B RHEER RN IEFESCR S

1]}

A group of people on skis are
being taped.

X —HEE SR AN IEFERE % &

$




Dataset construction

BibelNet . —_ Word Sense Dictionary

i | E Senses(smve) Senses(foumm) ........................................................... Senses(thk) ........................................................................... E
N— Word Extraction > . 510 4P L (A kitchen appliance used for i sy MR (A structure from which an 5 B3 (A pair of parallel rails providing a E
\W/‘ 7 : :cooking food) . iartificially produced jet of water arises) :runway for wheels) : :
WSD Dataset : 5,1 KJF (Any heating apparatus) . iS5t 2K (A natural flow of ground water) | is,: HliE (A course over which races are run) | E
atasets T .

Rank 1
AmbigScore(T,w) = 0.9

P(s,|T,w) = 0.55

P(s,|T,w) = 0.45

Rank 2
: : AmbigScore(T,w) = 0.8 i1
: > ' :
5 5 E P(s,| T,w) = 0.6 5
5 5 ¢ R  P(s,|T,w) = 0.4 E
: ! 1 Two cyclists pedal near a track :
Rank 3
AmbigScore(T,w) = 0.6
i 5 E P(s; | T,w) = 0.7 K
5 i 5 P(s, | T, w) = 0.3 K




Dataset statistics
- Diversity

- Ambiguity

| —o— Multi30K
3AM

| s
10

Percentage (%)
(@

Plot of the most common words that occur in the
captions of Multi3oK and 3AM, the words in the 3AM
dataset are more evenly distributed.

D Text Image
ataset
Avg. length Dist-1 Dist-2 Dist-3 Dist-4 LPIPS IS Ent-Obj
Multi30K 13.06 0.25 2.29 5.26 7.31 0.80584 + 0.00010  23.25 £ 2.58 3.15
MSCTD 8.40 0.17 1.38 3.16 407  0.74149 + 0.00011 7.85 £ 0.20 3.21
3AM 13.48 0.77 5.23 8.85 9.67  0.82975 £ 0.00011 29.94 £ 3.75 4.35
Detailed statistics of MultizoK, MSCTD, and 3AM
40 [ B Multi30K I B Multi30K
- 0o MSCTD 50 0o MSCTD
i 3AM _ i 3AM
3 30 < 40
.go go 30 _
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(a) Distributions of unique nouns per caption
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0o MSCTD
i 3AM
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(c) Distributions of caption lengths
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(b) Distributions of unique verbs per caption
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(d) Distributions of ambiguity scores
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Dataset statistics

~ Visualization

- The 3AM dataset encompasses a greater diversity of caption styles and a wider range of

visual concepts

® Multi30K
10.0 = MSCTD
m 3AM
8.0 —
6.0 — A
4.0 — T )
2.0 —
0.0 —
| | | | | | | |
0.0 2.0 4.0 6.0 8.0 10.0 12.0 14.0

UMAP of text embeddings
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ings
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Experiments

~ Datasets

> Multi30K
- MSCTD

» Multimodal sentiment
chat translation dataset

A —

X 1: Sir, we are headed into a storm of more than 8 X3: If we don't shorten sail and bear off it'll catch £ \\\
o g Xs5: Mr. Lawrence, hold our course. X7: We'll lose half a day running like that.
> . ‘ : - - : - W ~’ : L : ot /—“fg/‘—/A['l‘, {‘{ :_:, [y /) ./ _c . e ‘6”’ -‘,/.> ;A/I[W,: :0
Yy: 4. BN IE B NadE T S5 FE RN 48 . (xiansheng. Y3: Z A0k FIFE[a], RG22 2Hdr. (ruo bu Vs: FIEHAL. RIFENTHIAL) Y7: 2RI HE K

v _ o i : : , . (laolinst xiansheng. baochi women de hangxiang.)  (ruo bikai hui tudyan bantian. )
women zhéng mianlin chaoguo 8 haili de feéngbao.) jiansu heé zhuanxiang, chuance hui shoudao chong)i.) ’
(a) curriculum:

Here, #Ff7

what ~ (b) route:
fcourse” | 47 /a]

M\ means?  (c) ?
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Negative Positive
N
Yo: iEERIE, ARLLE R LA A B ANERECGS, A7 Yy 18i%, RATSBFT X Yo: BT X, Sk,
(rang ta lai ba. naxi€ likai ludi jigévue de rén dou hén ruanruo. tamen xivao duanhan.) (zhuizha. women hui panchi xiaqu.) (j1anchi xiaqu. xiansheng.)
% X>o: Let it come, the men are soft from months on land, they need exercise. Xy Chase, we will stand on. Xg: Holding course, Sir. A
(a) The current location “on the sea™ helps disambiguate polysemy (“course™ in Xs).
/X|: Oh! Take the defibrillator, 'l call 911. X3: T watch a lot of “Grey's Anatomy,” /X1: Where you think you're going with those? ~ X3: Hey, this is for charity.
l o s l P RS ‘ R pbege
| Y EER G, BEIRE. Y3: HZ A (LTELWEE) : \ Y REES LT EE W7 Y3: ZNTE 103 o :
: (na zhe chuchanqi, wo qu baojing.) (wo jingchang kan <<shixi yvishéng geléi=>) : : (ni na zhe zhexi€ kuzi xiang qu naer a?) (women shi zai zuo cishan ne.) :
| |

: ;] :
| |
| : | :
: | ' |
| | | |
' | ' |
| | | |
| | | |
: | ' |
: | : iy s o ecsingppgpnimg gy S e |
| | ! Negative :
| |
| : ' :
| |
| : | '
| | | |
| ' ' |
: Xi/Yji: Original spoken utterances |
| Yy A EEFEER, RIBAEASASHIZA . Y; X;: Corresponding translations Yo: Mk, iXeLRAESES. :
: (liang wei bangbang wo, wo génbén buhui vong zhege.) (The pinyin style of corresponding Chinese) (0. zhe x1€ shi fé1 mai pin.) :
| . : £
e X2: Guys, help me out. I don't know what I'm doing. Corresponding Sentiment ] A Ahesomirae @000 4

(b) The red framed object in the image of X, may help the (c) The red framed object (means “jeans™) in the image of X

translation of “defibrillator” in Xj. may help the translation of the pronoun “those™ in X.

[Liang et al., ACL 2022]



https://aclanthology.org/2022.acl-long.186/

Experiments

- Baseline models

- Selective Attention

A

s N
Add & Norm ™
{ Selective Attention ] X ’
T FFN
) Y
4 ~N J
[ Vision Transformer } ~  Add & Norm Add & Norm [+
} : ’
16 1T 2T 3T 19T 195T 191 FFN Cross-attention
‘el @@ T
16 g . - -
T slice f>\ Add & Norm ) k Add & Norm f
e + ~ e + ~
i N Self-attention N Self-attention
% \ { I } Y, X - { I } J
\_ y, _ =)
( Embed & Position \ ( Embed & Position \
src text tgt text

ILi et al., ACL 2022]



https://aclanthology.org/2022.acl-long.438/

Experiments

- Baseline models

- VL-Bart,VL-T5

+ +

Bidirectional Autoregressive

Box
coordinates

= .-
> features

Multimodal Encoder Text Decoder

o+

l +H+H+ ‘:‘g

-+

¢ f £ RS VSR mage ids
2 s + +
\ J | J <vis_1> || <vis_2> Region ids
Pr;fix Visual erllbedding

(a) Our vision-and-language framework

(b) Visual embedding

[Cho et al., ICML 2021]



http://proceedings.mlr.press/v139/cho21a/cho21a.pdf

Experiment
» MMT models trained on 3AM Multi30K (rain)

. Method Multi30K (test) MSCTD (test) 3AM (test)
outperform thelr text-only B+ BSt+ M+ TJ B+ BS+ M+ T|¢ Bt BSt M+t TJ
. Trans 42.86 7432 6544 4786 287 3499 1575 10820 10.86 49.10 2940  88.85
counte 'pa r'ts b)’ a la rge margin SelAttn  42.00 7417 6463 4982 286 3600 1661 107.84 11.67 50.05 30.86 87.20

Bart 5693 8324 7961 3247 740 46.71 2935 10193 2229 59.19 4543 73.87
VL-Bart 56.70 8293 77.89 32.00 812 46.29 27.22 86.40 23.20 60.20 4575 70.95

* While MMT model trained on T5 60.59 85.69 8285 27.61 1024 5253 3878 8530 2503 6299 5072  67.08
her dataset torm close t VL-T5 5961 8525 8212 2795 1110 5296 3871 7771 2534 63.25 50.89  66.35
other datasets perform close to —
or even worse than text-on I)I Method Multi30K (test) MSCTD (test) 3AM (test)

B+ BSt+ M+ TJ B+ BSt M+t T| B+ BSt M+t TJ
mOdEIS Trans 9.89 5043 3075 80.68 2297 6293 4643 6540 451 40.69 2010 8837
SelAttn 691 4675 2504 8531 20.87 62.08 4427 6558 530 41.87 21.05 108.70
. Bart 2277 65.66 5150 59.95 32.68 69.82 56.68 52.60 1493 5634 3872 7458
> T h IS resu |t con ﬁ YMS our VL-Bart 18.10 60.34 4481 6529 30.81 6896 5563 54.03 13.61 5424 3646  77.53
. . TS 29.17 72.04 59.82 51.32 2939 7043 5422 5446 1849 59.68 4413  70.26
h)’P Oth SN th at Mo Cl e I S traine C| VL-T5 2843 7109 5885 52.82 2949 70.63 5448 5452 1787 5927 4344 7055
" .
on our dataset can better 3AM (train)
. . . Method Multi30K (test) MSCTD (test) 3AM (test)
Ieverage VISU&' mformatlon B+ BSt+ M+ TJ B+ BSt M+t TJ B+ BSt+ M+t TJ

Trans 2595 6451 4988 6392 353 3923 1902 10293 11.33 4951 3134  89.68
SelAttn 2781 67.06 5213 59.77 425 4034 1984 100.19 1333 5154 3347 87.05

Bart 4813 80.16 76.07 39.19 1345 54.61 38.30 8494 3147 6587 55.62  63.65
VL-Bart 50.13 80.74 7638 36.87 16.13 56.45 39.15 74.17 3327 66.56 55.84  61.28

) 16 81 RZ O 11X Y 9 ] X 45 ()4 Y ()9 ata

17.12

a 6009
59.12

Performance of MMT models on 3AM and other MMT datasets in terms of BLEU (B), BERT-
Score (BS), METEOR (M), and TER (T)



Analysis
> Visual Awareness

- The overall image awareness of a model .Z on dataset & can be defined as:

| 2
A-Awareness = @ Z a g (xi’ Yis Vis \_/l)
where x is the source sentence, y is the target sentence, v is the congruent image, v is the
incongruent image, and a ,( - ) is the image awareness of model M on a single instance:

a .y (xi» Yis Vis Vi) = € (xiv Yis Vi) — € (xia Yis ‘71')

Dataset C I A-Awareness

Multi30K 74.16 74.11 £ 0.04 0.05 £ 0.04
MSCTD 62.08 62.08 & 0.00 0.00 == 0.00
3AM 51.54 50.17 & 0.09 1.36 = 0.09

BERT-Scores under Congruent (C) and Incongruent (I) settings, and the image awareness results.

13



Analysis
- Case Study

- Tape— Si: %1%, Su: KB

* MMT model (VL-T5) can correctly translate the ambiguous word

Target: —

Source: A group of people on skis are being taped.

{'El’éﬁ'ﬂijiﬁ/] J\IEf %ﬂi%{% (record video)

TS: —REERE I AT N IEFERK 7 o (record audio)

VL-T5: —&7

i AR B N IEFER s il (5 o (record video)

14



Conclusion

- Contributions

> Propose 3AM,a MMT dataset that is more challenging and contains a richer set of
concepts

> Evaluate SOTA MMT models and show that models that can leverage visual information
outperform text-only models

> Limitations

> The challenge of data scarcity remains: the size of 3AM is only 26K

15
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