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Overview

1. Motivation and existing approaches
2. Resultson WMT16-18 shared tasks

3. On-going work on region-specific multimodal MT
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Motivation

Humans interact with the world in multimodal ways.
Language understanding & generation is not an exception



Motivation

e Multimodality in computational models
o Multimodal machine learning

o Richer context modelling

o Language grounding
e Truefor awiderange of NL tasks

e Inthistalk:
o Machine translation
o Additional modality: visual (images)



Motivation in MT: Morphology

° in a black shirt just tagged a
player in a white shirt.

e Unjoueur de baseball en maillot noir vient de
toucher un joueur en maillot blanc.

° en maillot noir vient de
toucher une joueuse en maillot blanc.




Motivation in MT: Semantics

e A womansittingon avery large stone smiling at
the camera with trees in the background.

e Eine Frausitzt vor Baumen im Hintergrund auf
einem sehr grofBen Stein und lachelt in die
Kamera.

o Stein==stone

e Eine Frausitzt vor Baumen im Hintergrund auf

einem sehr grof3en Felsen und lachelt in die

Kamera.
o Felsen==rock




Multimodal (Neural) Machine
Translation (MMT)

Most slides borrowed from Loic Barrault and Ozan Caglayan
Le Mans University



Task
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A bird flies
over the water

Ein Vogel fliegt
uber das Wasser
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Multi3oK dataset

Derived from Flickr30K
Image captions, few Flickr groups

0 30K sentences for training
o 4testsets (4.5K sentences)

Used in WMT MMT task (3 editions)

EN: A ballet class of five girls jumping in sequence.
DE: Eine Ballettklasse mit funf Madchen, die
nacheinander springen.

FR: Une classe de ballet, composee de cinq filles,
sautent en cadence.

CS: Baletni tfida péti divek skakajici v Fadé.
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Research questions

e How to best represent both modalities?
e How/where to integrate them in a model? Which architecture to use?
e Canwe really ground language in the visual modality?

e Canweimprove the MT system performance with images?
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Representing textual input

e Asinstandard NMT
e RNN
o Bidirectional RNN
o Canuseseveral layers: more abstract representation?
o Last state: fixed-size vector representation
o All states: matrix representation
e Convolutional networks, etc.

13



Representing images: CNN image networks

ImageNet classification task (1,000 object classes)
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http://vision03.csail.mit.edu/cnn_art/index.html

Representing images: CNN image networks
Fine grained, spatially informative

convolutional features
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Representing images: CNN image networks
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Representing images: CNN image networks

e Any network - this is a pre-processing step (feature extraction)
Common networks:
o VGG (19 layers)
o ResNet-101
o ResNet-152
o ResNeXt-101 (3D CNN)

e Networks can be pre-trained for different tasks
o  Object classification (1,000 objects)
o Action recognition (400 actions)
o Place recognition (365 places)

e Different layers of the CNN can be used as features
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Integration of visual information



Simple Multimodal
NMT
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Simple Multimodal
NMT

e [Extract a single global
feature vector from some
layer of CNN.

<bos> Ein brauner [Hund cpielt mit dem Sand.
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Simple Multimodal
NMT

e [Extract a single global
feature vector from some
layer of CNN.

e This vector will be used
throughout the network to
contextualize language
representations.

<bos> Ein brauner [Hund cpielt mit dem Sand.

RN
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Simple Multimodal
NMT

1. Initialize the source sentence
encoder.

<bos> Ein brauner [Hund cpielt mit dem Sand.
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Simple Multimodal
NMT

1. Initialize the source sentence

encoder
2. Initialize the decoder

2048

CVN Encoder
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playing with the sand.

<bos> Ein brauner [Hund cpielt mit dem Sand.

RN
\*
[

-log(P(Ein)) = -103(0.8)
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Simple Multimodal
NMT

1. Initialize the source sentence
encoder

2. Initialize the decoder

3. Element-wise multiplicative
interaction with source
annotations.

<bos> Ein brauner [Hund cpielt mit dem Sand.

RN
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Simple Multimodal
NMT

1. Initialize the source sentence
encoder

2. Initialize the decoder

3. Element-wise multiplicative
interaction with source
annotations.

4. Element-wise multiplicative
interaction with target
embeddings.

2048

CVN Encoder

- \\
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RPNVN Encoder

FTT

a brown dog i¢
playing with the sand.

<bos> Ein brauner [Hund cpielt mit dem Sand.

@ softmax

-log(P(Ein)) = -103(0.8)
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Simple Multimodal
NMT

e |[nitialize the source sentence
encoder

e Initialize the decoder

e Element-wise multiplicative
interaction with source
annotations.

e Element-wise multiplicative
interaction with target
embeddings.

<bos> Ein brauner [Hund cpielt mit dem Sand.

RN
mam
[

-log(P(Ein)) = -103(0.8)
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Simple Multimodal

N M T <bos> Ein brauner [Hund cpielt mit dem Sand.
*
— / th, /\

e Caglayan, O. Aransa, W., Bardet, A., Garcia-Martinez, M., Bougares, F.,

e |Initig Barrault, L., Masana, M., Herranz, L., and van de Weijer, J. (2017). LIUM-CVC
encq submissions for WMT17 multimodal translation task. —
e Initie o calixto, I, Elliott, D., and Frank, S. (2016). DCU-UVA multimodal mt system —
e Elen report.
nter o Madhyastha, P. S., Wang, J. and Specia, L. (2017). Sheffield multimt: Using
annd object posterior predictions for multimodal machine translation.
e Elen o Huang, P-Y. Liu, F. Shiang, S.-R. Oh, J., and Dyer, C. (2016). Attention-based - log(0:8)
intet multimodal neural machine translation.
emg

CNVN Encoder \’ RVN Encoder

P
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Summary

e Encode image as a single vector
e Explore different strategies to mix image and text features
> Initialize RNN, concatenate, prepend, multiply (element-wise)
e \What about grounding?
o Hard to visualize..
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Summary

e Ray Mooney (U. Texas)

You can’t cram the meaning of a whole *$#"! sentence into a single "$#"! vector!

e Can we summarise the whole image using a single vector? .. thsteme £

o Probably not for MMT..,
e [rom coarse to fine visual information

e Idea
o Use only relevant parts of the image, when needed
o E.g.objects related to the input words
o (Karpathy and Fei-Fei, 2015) for IC
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Attentive
Multimodal NMT

<bos> Ein brauner [Hund cpielt mit dem Sand.
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Attentive
Multimodal NMT

e Use a CNN to extract
convolutional features from
the image.

o Preserve spatial
correspondence with

the input image.
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Attentive
Multimodal NMT

e Use a CNN to extract
convolutional features from
the image

o Preserve spatial
correspondence with
the input image

e A new attention block for the
visual annotations

e z becomes the fusion of
both contexts (e.g. concat).
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<bos> Ein brauner [Hund cpielt mit dem Sand.

-
.
. -

-log(P(Ein)) = -103(0.8)

Shared vs. distinct
weights for both
modalities
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Attentive
M u lti mOdal N MT <bos> Ein brauner Hund cpielt mit dem Sand.

e Use
con
the |

VISUL
° ztbe
both

VAN

Xu, K., Ba, J., Kiros, R., Cho, K., Courville, A. C, Salakhutdinov, R., Zemel, R. S,
and Bengio, Y. (2015). Show, attend and tell: Neural image caption

\
Y

generation with visual attention _—
Caglayan, O., Barrault, L., and Bougares, F. (2016b). Multimodal attention for
neural machine translation softmax |

Libovicky, J. and Helcl, J. (2017). Attention strategies for multi-source
sequence-to-sequence learning.

= -log(0.8)
Calixto, I, Liu, Q., & Campbell, N. (2017). Doubly-Attentive Decoder for ’
Multi-modal Neural Machine Translation.
Shared vs. distinct
n /Q/V/VEP! d
WY ety o weights for both

N IR modalities
2 brown a/oy Iis
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Integration: multitask learning -- Imagination

e Predictimage vector from source
sentence during training only
> Gradient flow from image vector
impact the source text encoder and

embeddings
o  Elliott and Kadar (2017)

o ™
e ™ ;

Text “+'| Decoder with
Encoder Attention
(biRNN)

N J

Main task: Machine Translation (sequence prediction)

Target
words

7=
)
- | Average
N— pooling
N Y
\ Auxiliary task: Image vector prediction
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Some Results

: Test2016 (¢ H o/Ensemble)

En—De Flickr # Params BLEU METEOR
Caglayan et al. (2016a) 62.0M 292 48.5

Huang et al. (2016) - 36.5 54.1

Calixto et al. (2017a) 213M 36.5 55.0

Calixto et al. (2017b) - 37.3 55.1

Elliott and Kddar (2017) - 36.8 55.8

Baseline NMT 4.6M 38.1£0.8/40.7 | 57.3+£0.5/59.2
(D1) fusion-conv 6.0M 37.0+0.8/39.9 | 57.0+0.3/59.1
(D2) dec-init-ctx-trg-mul 6.3M 38.0+09/40.2 | 57.34+0.3/59.3
(D3) dec-init 5.0M 388+05/41.2 |575+02/594
(D4) encdec-init 5.0M 38.2+0.7/40.6 | 57.6 £ 0.3/59.5
(DS5) ctx-mul 4.6M 38.4+0.3/40.4 | 57.8 +0.5/59.6
(D6) trg-mul 4™ 37.8+09/41.0 | 57.74+0.5/60.4

Average of 3 runs
VS
Ensemble

Caglayan et al., 2017
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Some Results

Attentive MNMT
with shared /
separate visual
attention

En—De Flickr

# Params

Test2016 (i + o/Ensemble)

BLEU METEOR
Caglayan et al. (2016a) 62.0M 292 48.5
Huang et al. (2016) - 36.5 54.1
Calixto et al. (2017a) 213M 36.5 55.0
Calixto et al. (2017b) - 37.3 551
Elliott and Kédér (2017) - 36.8 55.8
Baseline NMT 46M  38.1+0.8/40.7 57.34+0.5/59.2
(D1) fusion-conv 60M 37.0+08/399 57.0+0.3/59.1
(D2) dec-init-ctx-trg-mul ~ 6.3M  38.0+£0.9/40.2 573+0.3/59.3
(D3) dec-init 50M 388+05/41.2 575+02/594
(D4) encdec-init 50M 382+0.7/406 57.6+0.3/59.5
(D5) ctx-mul 46M  384+03/404 57.81+0.5/59.6
(D6) trg-mul 47M  378+09/41.0 57.74+0.5/60.4

Caglayan et al., 2017
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Some Results

Simple MNMT
variants

Test2016 (i + o/Ensemble)

En—De Flickr # Params BLEU METEOR
Caglayan et al. (2016a) 62.0M 292 48.5

Huang et al. (2016) - 36.5 54.1

Calixto et al. (2017a) 213M 365 55.0

Calixto et al. (2017b) - 373 55.1

Elliott and Ké4dar (2017) - 36.8 55.8

Baseline NMT 4.6M 38.1+0.8/40.7 573+£0.5/59.2
(D1) fusion-conv 6.0M 37.0+0.8/39.9 57.0+£0.3/59.1
(D2) dec-init-ctx-trg-mul 6.3M 38.0+09/40.2 573+0.3/59.3
(D3) dec-init 5.0M 388+0.5/41.2 575+02/594
(D4) encdec-init 5.0M 38.2+0.7/40.6 57.6+0.3/59.5
(D5) ctx-mul 4.6M 384+03/404 578+0.5/59.6
(D6) trg-mul 4™ 37.8+09/41.0 57.7+0.5/60.4

Caglayan et al., 2017
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Some Results

Multiplicative
interaction with
target embeddings

Test2016 (i + o/Ensemble)

En—De Flickr # Params BLEU METEOR

Caglayan et al. (2016a) 62.0M 292 48.5

Huang et al. (2016) - 36.5 54.1

Calixto et al. (2017a) 213M 365 55.0

Calixto et al. (2017b) - 373 55.1

Elliott and Ké4dar (2017) - 36.8 55.8

Baseline NMT 4.6M 38.1+0.8/40.7 573+£0.5/59.2

(D1) fusion-conv 6.0M 37.0+0.8/39.9 57.0+0.3/59.1

(D2) dec-init-ctx-trg-mul 6.3M 38.0+09/40.2 573+0.3/59.3

(D3) dec-init 5.0M 388+0.5/41.2 575+02/594

(D4) encdec-init 5.0M 38.2+0.7/40.6 57.6+0.3/59.5

(D5) ctx-mul 4.6M 384+03/404 578+0.5/59.6
> (D6) trg-mul 4™ 37.8+09/41.0 57.7+0.5/60.4

Caglayan et al., 2017
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Some Results

Huge models
overfit and are slow.

Small
dimensionalities are
better for small
datasets (nho need
for a strong
regularization)

En—De Flickr

# Params

Test2016 (i + o/Ensemble)

BLEU METEOR
Caglayan et al. (2016a) 62.0M | 29.2 48.5
Huang et al. (2016) - 36.5 54.1
Calixto et al. (2017a) 213M | 36.5 55.0
Calixto et al. (2017b) - 37.3 551
Elliott and Kédér (2017) - 36.8 55.8
Baseline NMT 46M | 38.1+0.8/40.7 5731+05/592
(D1) fusion-conv 6.0M | 37.0+0.8/399 57.0+0.3/59.1
(D2) dec-init-ctx-trg-mul ~ 6.3M  38.0+£0.9/40.2 573+0.3/59.3
(D3) dec-init 50M 388+05/41.2 575+02/594
(D4) encdec-init 50M 382+0.7/406 57.6+0.3/59.5
(D5) ctx-mul 46M  384+03/404 57.81+0.5/59.6
(D6) trg-mul 47M  378+09/41.0 57.74+0.5/60.4

Caglayan et al., 2017
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Some Results

Models are
early-stopped w.r.t

METEOR

Best METEOR does
not guarantee best

BLEU

Test2016 (i + o/Ensemble)

En—De Flickr # Params BLEU METEOR
Caglayan et al. (2016a) 62.0M 292 48.5

Huang et al. (2016) - 36.5 54.1

Calixto et al. (2017a) 213M 365 55.0

Calixto et al. (2017b) - 373 55.1

Elliott and Ké4dar (2017) - 36.8 55.8

Baseline NMT 4.6M 38.1+0.8/40.7 573+£0.5/59.2
(D1) fusion-conv 6.0M 37.0+0.8/39.9 57.0+£0.3/59.1
(D2) dec-init-ctx-trg-mul 6.3M 38.0+09/40.2 573+0.3/59.3
(D3) dec-init 5.0M 388+0.5/41.2 575+02/594
(D4) encdec-init 5.0M 38.2+0.7/40.6 57.6+0.3/59.5
(D5) ctx-mul 4.6M 384+03/404 578+0.5/59.6
(D6) trg-mul 4™ 37.8+09/41.0 57.7+0.5/60.4

D

Caglayan et al., 2017
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What about grounding?



Attention mechanism

e Attention weights can be thought of as link -
between modalities man I-

with
o Alignment (?) a l.
hat
ndes .
- .
bike
along
the
water

<e0s5>
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Attentive
Multimodal NMT

e Attention over spatial
regions while translating
from English — German

A woman and a dog run on a meadow .

einer

wiese
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Does MMT improve translation
quality?

Blind evaluations



Results from WMT shared task - 2016

LIUM-MosesNMTRnnLMSent2Vec_C
LIUM-MosesNMTRnnLMSent2VecVGGFC7_C
SHEF-en-de-Moses-rerank_C

MOSES

CMU-MNMT+RERANK_U
HUCL-RROLAPMBen2de_C
CMU-MNMT_C
DCU-min-risk-baseline_C
LIUM-TextNMT_C
DCU-min-risk-multimodal_C
CUNI-MMS2S-1_C
DCU-UVA_doubleattn_C
LIUMCVC-MultimodalNMT_C
DCU-UVA-imgattninit_C
IBM-IITM-MT-NYU_NeuralTranslation_U
UPC-SIMPLE-BIRNN-DEMB_C
IBM-IITM-MT-NYU_NeuralTranslation_C
GroundedTranslation

Bl Text-only

10

20

B Multimodal

30
Meteor

40

50

EN-DE

60
Specia et al., 2016 44



Results from WMT shared task - 2017

* LIUMCVC MNMT

* NICT NMTrerank

e LIUMCVC NMT

* UVA-TICC Imagination (U)
UVA-TICC Imagination

CUNI NeuralMonkeyTextualMT (U)
OREGONSTATE 2NeuralTranslation
DCU-ADAPT MultiMT

CUNI NeuralMonkeyMultimodalMT (U)
CUNI NeuralMonkeyTextualMT
OREGONSTATE 1NeuralTranslation
CUNI NeuralMonkeyMultimodalMT
SHEF1 ShefClassInitDec

SHEF2 ShefClassProj

Baseline

AFRL-OHIOSTATE MULTIMODAL (U)

EN-DE

N Multimodal
Hl Text

0 10 20 30 40 50 60 70
Meteor
Elliott et al., 2017 47



Results from WMT shared task - 2017

# Raw =z System
- 1 778 0.665 LIUMCVC.MNMT._C
2 741 0552 UvA-TiCCIMAGINATION_U
3 703 0437 NICT NMTrerank C
68.1 0.325 CUNI.NeuralMonkeyTextualMT_U
68.1 0311 DCU-ADAPT MultiMT_C
mm) 651 019 LIUMCVCNMTC
60.6 0.136 CUNI_NeuralMonkeyMultimodalMT_U
59.7 0.08 UvA-TiCC_IMAGINATION_C
55.9 -0.049 CUNI_NeuralMonkeyMultimodalMT_C
544 -0.091 OREGONSTATE 2NeuralTranslation_C
542 -0.108 CUNI_NeuralMonkeyTextualMT_C
53.3 -0.144 OREGONSTATE_INeuralTranslation_C
494 -0.266 SHEF ShefClassProj C
46.6 -0.37  SHEF_ShefClassInitDec_C
15 39.0 -0.615 Baseline (text-only NMT)
36.6 -0.674 AFRL-OHIOSTATE MULTIMODAL_U

Human evaluation
EN-DE

Multimodal

Text
Elliott et al., 2017  4g



Results from WMT shared task - 2018

Transformer architecture

EN-DE

| *MeMAD_1_FLICKR_DE_MeMAD-OpenNMT-mmod_U
CUNI_T_FLICKR_DE_NeuralMonkeyTextual_U
CUNI_1_FUCKR_DE_NeuralMonkeylmagination_U
UMONS_1_FLICKR_DE_DeepGru_C
LIUMCVC_1_FLICKR DE_NMTEnsemble_C
LIUMCVC_1_FLICKR D NMTEnsemble C
OSU-BD_1_FLICKR_DE_RLNMT_C
OSU-BD_1_FLICKR_DE_RLMIX_C
SHEF_1_DE_LT_C
SHEF_1_DE_MLT_C
SHEF1_1_DE_ENMT_C
SHEF1_1_DE_MFS_C
LIUMCVC_1_FLICKR_DE_MNMTSingle_C
LIUMCVC_1_FLICKR_DE_NMTSingle C
Baseline
AFRL-OHIO-STATE_1_FLICKR_DE_4COMBO_U
AFRL-OHIO-STATE_1_FLICKR_DE_2IMPROVE_U
AFRL-OHIO-STATE_1_FLICKR_DE_CAPONLY_U

Barrault et al., 2018
20 40 60

Meteor



Results from WMT shared task - 2018

English—French
# Ave% Avez System
1 903 0.487 gold_FR_1
2 86.8 0.3499 MeMAD_MeMAD-OpenNMT-mmod_U
3 783 0.047 CUNI_NeuralMonkeyImagination U
773 -0.005 UMONS DeepGru_C
74.9 -0.05 LIUMCVC_NMTEnsemble C
74.9 -0.075 SHEFI1_1_ FR_MFS_C
74.5 -0.088 SHEF_1 FR_MLT_C
713.0 -0.11 LIUMCVC_MNMTEnsemble_C
74.4 -0.12  OSU-BD_RLNMT_C
66.0 -0.376  baseline_FR

Human evaluation
EN-FR

Barrault et al., 2018
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Results from WMT shared task - 2018

English— Czech
# Ave% Avez System
93.2 0.866 gold CS_1
2 702 0.097 CUNI_NeuralMonkeyImagination_U.txt
62.4 -0.162 SHEF_1 CS_ MLT_C
60.6 -0.225 SHEF1_1.CS_MFS_C
59.1 -0.248 OSU-BD_RLNMT_C
3 5738 -0.337 baseline_CS

Human evaluation
EN-CZ

Barrault et al., 2018
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Conclusions

Various ways of integrating textual and visual features
Check WMT 18 papers - out soon
Results in terms of METEOR are only slightly impacted
Manual evaluation shows clear trend

o Multimodal systems are perceived as better by humans

Dataset is not ideal...

A Multi30k is simplistic and repetitive - predictable
Not all sentences need visual information to produce a good translation
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Grounding over regions

Joint work with Josiah Wang, Jasmine Lee, Alissa Ostapenko and Pranava Madhyastha
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Image regions

The player on the right has just hit the ball

O+4egadera direita acaba de acertar a bola
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Image regions

—

The pIayeTr/on the right has just hit the ball

A jogadora a direita acaba de acertar a bola

AN
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Image regions

e Idea: alignment between regions in image and words
Beyond attention: ‘trusted’ alignments
First detect objects, then guide model to translate certain words based on
certain objects

e Two approaches:
o Implicit alignment (different forms of attention - but over regions)

o Explicit alignment (pre-grounding)

56



Implicit alignments



Region-attentive
multimodal NMT

e Segmentimage into its
objects

Object

<bos> Ein brauner [Hund cpielt mit dem Sand.

-
.
. -

DR T ——
N \\Ml 7
8 & \I —
7 @ softmax
ve— I ;
%/ + Z;
= (P(Ei) = -hg(05)
- ~log(P(Ein)) = -l04(0.5
Sl YYVY "N 7 7
_\/\, C/V/V Encoder /Q/V/V Encoder

R

a brown dog ic
playing with the sand. 58



Region-attentive
multimodal NMT

<bos> Ein brauner [Hund cpielt mit dem Sand.

e Segmentimage into its

objects N y “
e Use a CNN to extract T
features from regions ul -
4 softmax
g

I log(P(Ein)) = -log(0.8)
- -lo in)) = -log(0.8

Y Y YN ’ ’

T

-\/\, CVN Encoder RIVN Encoder

R

a brown dog i¢
playing with the sand.




Region-attentive
multimodal NMT

e Segmentimage into its e~ - f
objects AN 4

e Use a CNN to extract 5 TS
features from regions S v

e Attention over these regions T .
Idea: alignment between ol
regions & words in target VYV~

language

T

RPNVN Encoder

R

a brown dog i¢

—:\/ CNVN Encoder

playing with the sand.

<bos> Ein brauner [Hund cpielt mit dem Sand.

-log(P(Ein)) = -103(0.8)

60



Region-attentive
m u lti mOdal N MT <bos> Ein brauner Hund cpielt mit dem Sand.

e Segmentimage into its P N d N,
objects DN 4
e Use a CNN to extract
features from regions
e Attention over these regions T
Idea: alignment between A
regions & words in target 7
language
e z isthe fusion of both §
ctontexts ’“
o Concatenation
o Sum
o Hierarchical

&h07

@ softmax

-log(P(Ein)) = -103(0.8)

T

\,\/ CNVN Encoder RN Encoder

R

a brown dog i¢
playing with the sand. 61




Attend to image regions - concat

S: Aman in a pink shirt is sitting in the grass and a ball is in the air.

A B CD

0.60

045

0.30

0.15
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Attend to image regions - hierarchical:"

S: Aman in a pink shirt is sitting in the grass and a ball is in the air.

in
einem
rosa
hemd
sitzt
im
gras
und
einem
ball

in

der
luft

<eos>
A B CD

0.48

0.40

0.32

0.24
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Attention at encoding

Image Regions

Source Sentence

encode sources

2048

m image regions

rl rz I"m

Att ——

e=2a,1

n weighted vectors

Idea: Ground the images in the source

Context for decoder:

Jj weighted vectors

j text vectors

p, b, p,
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Attention at encoding

Given gold word-region alignments,
add an auxiliary loss to main MT loss

B
. . 1 , Context for decoder:
m image regions I T 5=
(0, .o Lt BZIUQ»(P(JIO)]
m b=1
Jj weighted vectors

2

o
n o
5
= p
& =4 -
o O
)
@ S
g el en en

Att j text vectors
o p; e &I &,
8 —
— OQ———~> n weight

% % _8 ghted vectors
3 o 2 b, p, b,
w L
2 B
3 S
(V]

encode sources
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Attention at encoding

S: Aman in a pink shirt is sitting in the grass and a ball is in the air.

pink
shirt
is
sitting

Concat

ABCD

Hierarchical

ABCD




Representing image regions

Re(sNet152 Re(;l;lggfz
EEEE R EEE (TITLJIITT]
woman
word2vec
aka lSe‘mIan‘til emlbe‘dcllin‘g |

“category embedding”

woman

word2vec

-Illllvlllll
Semantic embedding

67



Explicit alignments



Alighments learnt explicitly

similarity(concept, word)

dancer 0.41 0.7

terrier - 0.6
0.5
guy
-c S
| kitten{ - o4
=
uniform -
ocean -
sky

> B
& S

concept
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PREVIOUS SETS

a

young [0.34]

lady [0.50]

in

white [0.29]

holding [0.21]

a

tennis [0.81]

racket [0.86]
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an

orange [0.32]

hat [1.00]

starring [0.15]

at

something [0.20]
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Idea

Further specify source words with respective image region visual info

— Category:

clothing

The manin yellow pants is raising his arms
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Categories from image regions

e Oracle(8)

o People
Clothing
Scene
Animals
Vehicles
Instruments
Body parts
Other

o O O O O O O

e Predicted (545) - Open Images
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Category embeddings for grounding

Take category of image region to describe nouns

Sentence: The man in yellow pants is raising his
. {
Categories: people clothing

e Take pre-trained word embeddings of category to be visual info
e For any other word, set category to “empty” or to word itself
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Category embeddings for grounding

[%2]
'E—)
o
= -
§ \
= .
3 2
.
- <
. " —
: S @ softmax
- F — ,
p;
\ -log(P(Ein)) = -log(0.8)
EnCOde Decode

(concat, projection...)

Object Categories
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Results (test2016)

METEOR Features en-de en-fr en-cs
Text-only (no image) - 57.35 75.16 29.35
Decoder init. (full image) Pool5 _mmm— 56.97 74.82 29.04
Attention over regions (decoder) Pool5 . - 56.77 74.74 28.86
Attention over regions (decoder) Cat. e 0 O 56.48 73.65 28.42
Encoder attention over regions Pool5 57.30 75.36 30.48
Encoder attention over regions Cat. embeddin = 57.29 75.97 30.78
Supervised attention over regions Pool5 56.34 75.07 30.19
Supervised attention over regions Cat. embeddings 56.64 75.56 30.39
Explicit alignment - projection Cat. embeddings 57.39 75.25 30.64
Explicit alignment - concatenation Cat. embeddings 57.44 75.47 30.77
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Results - human eval

e Proportion of times each system is better (meaning preservation)

Features

en-de

en-fr

en-cs

Text-only (no image)

78%

32%

N

e Text-only system is more fluent but has less correct content words

68%

20%

=

8




Conclusions

e Text-only vs region-specific
o Region-specific always better

e Oracle vs predicted regions and alignment
o Predictions do not degrade performance substantially

e Representations: pool5 vs category embeddings
o Similar but category embeddings more interpretable

e Meteor/BLEU are not indicative of performance variations
o Human evaluation: much more telling

Future of MMT: better use of explicit & implicit alighments, better evaluation, more
challenging data
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New dataset



How?2 dataset

e 2000h of how-to videos (Yu et al., 2014)
o  300h for MT

e Ground truth English captions
e Metadata

o Number of likes / dislikes
o Visualizations
o Uploader, Date

How to Repair a Polaris Pool Cleaner : Installing a Polaris 180 Pool Cleaner

0O Tags Head Float I I
11.798 visualizaciones i 2 COMPAR
e Video descriptions (“summaries”)
o 80K descriptions for 2000h : . _I
. Ve ry d iffe re nt to p i CS 180 Pool Cleaner in this free online video about home pool maintenance. I

MOSTRAR MAS

o Cooking, fixing things, playing instruments, etc.
e 300,000 segments translated into Portuguese
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How2 dataset - example

81


http://www.youtube.com/watch?v=BJebuYFoRis

How?2 dataset - what can one do?

So a¢ you can see I added

come cecame ceed, come black

cesame ceed here in my plate
Subtitle

Encoder

Vieual
Encoder

Keyframe / Video

Translation

Transcription

Summary

Como vocée podem ver, eu
coloquei no meu prato o

gergelim preto

So a¢ you can see I added come
cescame ceed, come black cecame

ceed here in my plate

A cooking recipe for Seared
Secame Cructed Tvna with
Wild Rice

82



Questions?
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Integration: fixed size visual information

e Prepending and/or appending visual vectors to source sequence
o Huangetal., 2016

e Decoder initialization
o Calixtoetal, 2016

e Multiplicative interaction schemes

o  Caglayanetal., 2017, Delbrouck and Dupont, 2017 Source ARctations =dec-init
cte-mul
e ImageNet class probability vector as features * T
o  Madhyasthaetal., 2017 e ey Y I I I ciecinitctxctrg-mut
* - Element-wise Multiplication
A r
Encoder (&, AY4 h,) Decoder
A A A A A A A A A A A A
*
Source Embeddings Target Embeddings
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Integration: fusion, multimodal attentizq
J

e Two attention mechanisms

o Caglayanetal,2016a,2016b
o Calixtoetal,2016

o Libovicky and Helcl, 2017

Text Target
Encoder ! words
o i L
- v Shared vs. distinct
- F:/I?:;e o= =g v\“ Decoder with WelghtS for both
= Multimodal ey
/ \ Attention modalities
Visual Encoder
(CNN) )




Integration: multitask learning -- Imagination

e Predictimage vector from source
sentence during training only
> Gradient flow from image vector
impact the source text encoder and

embeddings
o  Elliott and Kadar (2017)

o ™
e ™ ;

Text “+'| Decoder with
Encoder Attention
(biRNN)

N J

Main task: Machine Translation (sequence prediction)

Target
words

7=
)
- | Average
N— pooling
N Y
\ Auxiliary task: Image vector prediction
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Results from WMT shared task - 2018

EN-FR

*MeMAD_1_FLICKR_FR_MeMAD-OpenNMT-mmod_U I e

CUNI_1_FLICKR_FR_NeuralMonkeyTextual_U I
CUNI_1_FLICKR_FR_NeuralMonkeylmagination_U e

UMONS_1_FLICKR_FR_DeepGru_C I,

LIUMCVC_1_FLICKR_FR_LMNMTEnsemble_C I
LIUMCVC_1_FLICKR_FR_NMTEnsemble_C e

SHEF_1_FR_LT_C e
SHEF_1_FR_MLT_C e
SHEF1_1_FR_ENMT_C e
SHEF1_1_FR_MFS_C e
0SU-BD_1_FLICKR_FR_RLNMT_C I
OSU-BD_1_FLICKR_FR_RLMIX_C s

LIUMCVC_1_FLICKR_FR_MNMTSingle_C .
LIUMCVC_1_FLICKR_FR_NMTSingle_C

Baseline NG

56 58 60 62
Meteor

64
Barrault et al., 2018

66
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Results from WMT shared task - 2018

EN-CZ

*CUNI_1_FLICKR_CS_NeuralMonkeylmagination_U

OSU-BD_1_FLICKR_CS_RLMIX_C

OSU-BD_1_FLICKR_CS_RLNMT_C

SHEF1_1_CS_ENMT_C

SHEF1_1_CS_MFS_C

SHEF_1_CS_LT_C

SHEF_1_CS_MLT_C

Baseline

CUNI_1_FLICKR_CS_NeuralMonkeyTextual_U Il

2

~

28 29 30 31

Meteor
Barrault et al., 2018
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NMT with
conditional GRU

e Encode source sentence
with an RNN to obtain the
annotations.

T

RNN Encoder

R

a brown dog ic

playing with the sand.

<bos> Ein brauner [Hund cpielt mit dem Sand.

GRU
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NMT with
conditional GRU

e Encode source sentence
with an RNN to obtain
annotations.

e First decoder RNN
consumes a target
embedding to produce a
hidden state.

<bos> Ein brauner [Hund cpielt mit dem Sand.

Tt

RPNVN Encoder

R

a brown dog i¢

playing with the sand.

93



NMT with
conditional GRU

e Encode source sentence
with an RNN to obtain
annotations.

e First decoder RNN
consumes a target
embedding to produce a
hidden state.

e Attention block takes this
hidden state and the
annotations to compute the
so-called “context vector” z,
which is the weighted sum
of annotations.

<bos> Ein brauner [Hund cpielt mit dem Sand.

T

RPNVN Encoder

R

a brown dog i¢

playing with the sand.
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NMT with
conditional GRU

e z becomes the input for the
second RNN. (The hidden
state is carried over as well.)

<bos> Ein brauner [Hund cpielt mit dem Sand.

T

RPNVN Encoder

R

a brown dog i¢

playing with the sand.
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NMT with
conditional GRU

e z becomes the input for the
second RNN. (The hidden
state is carried over as well.)

e The final hidden state is then
projected to the size of the
vocabulary and target token
probability is obtained with
softmax()

<bos> Ein brauner [Hund cpielt mit dem Sand.

Tt

RPNVN Encoder

playing with the sand.

R

a brown dog i¢
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NMT with
conditional GRU

z, becomes the input for the
second RNN. (The hidden
state is carried over as well.)
The final hidden state is then
projected to the size of the
vocabulary and target token
probability is obtained with
softmax()

Same hidden state is fed
back to first RNN for the next
timestep.

<bos> Ein brauner [Hund cpielt mit dem Sand.

Tt

RPNVN Encoder

R

a brown dog i¢

playing with the sand.
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NMT with
conditional GRU

e The loss for a decoding
timestep is the negative
log-Llikelihood of the
ground-truth token.

<bos> Ein brauner [Hund cpielt mit dem Sand.

RN
\*
[

| 4 I @ softmax
,'E?/v
2?7, Z,
/7 /‘ /
N

-log(P(Ein)) = -103(0.8)

T

RPNVN Encoder

R

a brown dog i¢

playing with the sand. 98



