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Progress report

This project aimed to advance the state of the art in multimodal machine translation (MMT). MMT is an area
where a text in the source language is supplemented by visual information (images or video) to be used as
additional context to better understand and translate the text into a target language. The core of the advances
proposed are on referential grounding, i.e., on guiding the alignment between image regions and source (and/or
target) words such that the visual context can be more useful for translation.  

Work done during the project in covered the following directions:

1. Improving supervised attention mechanisms to map source or target words to image regions, addressing
both attention at encoding time (i.e. learning alignments between source words and objects in the image)
and at decoding time (i.e. learning alignments between target words and objects in the image), as well as
improving the underlying multimodal neural machine translation architectures and fusion strategies to
use such information and exploring more recent and better types of visual features.

2. Leveraging information from multiple vision-and-language tasks and datasets to improve multilingual
grounding.

3. Creating resources to facilitate work on referential grounding.

This report focuses in the last 4 months of the project, and covers further work towards direction 1, namely we
proposed the first approach to Simultaneous Video Translation, i.e. real-time translation or interpreting where a
translation needs to be generated for incomplete source sentences and where a video is available as additional
context.  An example of application is the translation of the audio stream in live broadcasting such as news.
Different from our previous work, where a single image was available as static visual information for each text
segment  to  translate,  in  our  more  recent  work  a  video  containing  multiple  pieces  of  visual  information  is
available  for  each text  segment.  This  brings  many challenges  to  MMT, including decisions  around how to
process the video (frame sampling approach, video encoding approach) as well as how to combine multiple
pieces of visual (frames or even image regions in frames) and textual (source and/or target words) information.
The latter can be seen as a form of referential grounding between frames and text sub-segments. 

Using videos as visual information for MMT is appealing as if offers richer visual context, especially for longer
text  segments.  It  also  opens  new avenues  for  research  on  referential  grounding:  for  a  correctly  grounded
translation, the model needs to identify correspondences between specific video frames or parts of frames that
are relevant for the words seen so far in the incomplete textual input that is incrementally made available. A draft
summary of the work done is attached to this report (paper to be submitted). In this paper, we use a dataset of
videos where people describe their apartments for rental to train and evaluate  our simultaneous video translation
models.
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Translate in the Scenes: Multi-modal Simultaneous Machine Translation

Anonymous ACL submission

Abstract

We propose the task of simultaneous video001
translation, which aims to explore multimodal002
information to help produce machine transla-003
tions for videos in real-time. We posit that vi-004
sual information can help the language chan-005
nel achieve a good trade-off between transla-006
tion quality and latency in this very challeng-007
ing task. To enable research in this area, we008
created the ApartmenTour Simultaneous Video009
Translation Dataset, which contains 33495010
parallel subtitles for 82 hours of videos de-011
scribing apartments for rental. We then build012
on previous approaches that address simul-013
taneous translation with multimodal informa-014
tion from static images using RNN and Trans-015
former architectures and show that these lead016
to considerable improvements compared to017
text-only translation models. Finally, we pro-018
pose a frame selection approach to efficiently019
deal with the problem of processing multiple020
frames for one sentence.021

1 Introduction022

Given the recent breakthroughs in machine transla-023

tion (MT) with neural approaches (Bahdanau et al.,024

2014; Vaswani et al., 2017) and the impressive025

improvements in translation quality observed in026

the last 6-7 years, the community has turned to027

a number of practical applications, including si-028

multaneous MT. This task simulates the job of a029

human interpreter, who translates simultaneously030

as source words are produced, in real-time. This031

has a number of applications such as international032

summits, conferences and lectures. Compared to033

the traditional consecutive MT, where the entire034

sentence is available as the input, simultaneous MT035

(SiMT) is much more challenging, given that the in-036

complete source language content usually reduces037

the quality of the translation significantly. In ad-038

dition, the model is required to consider not only039

the quality of the translation but also the latency of040

the reader, i.e. the time the reader has to wait to re- 041

ceive the translation before it is produced. A good 042

trade-off must be obtained between the quality and 043

the latency. 044

Cho and Esipova (2016) first explored the pos- 045

sibility of SiMT with a heuristic decoding algo- 046

rithm. After that, several methods were proposed 047

that focus on finding the best timing to perform 048

the translation action through supervised or unsu- 049

pervised neural networks (Gu et al., 2016; Zheng 050

et al., 2019), or fixing the latency to optimise for 051

translation quality (Ma et al., 2018). 052

Hoping to utilise additional modalities to com- 053

pensate for the incomplete semantics during the si- 054

multaneous translation, previous work has also pro- 055

posed simultaneous image translation (Caglayan 056

et al., 2020; Imankulova et al., 2020). Previous 057

work has shown that the visual information from 058

an image can help the model anticipate the miss- 059

ing source context as well as disambiguate source 060

terms, overall helping predict the next source word 061

in the pipeline of simultaneous translation. How- 062

ever, existing work has been limited to static vi- 063

sual input (one image per source sentence) and to 064

datasets where the text is a description of the image 065

(i.e. the Multi30K dataset (Elliott et al., 2016)), 066

where the visual information is clearly well aligned 067

to the source sentence, and can be seen as an alter- 068

native representation of the information given by 069

the complete source sentence. When made avail- 070

able to the model at the first timestep of encod- 071

ing/decoding, the complete visual representation 072

information is therefore bound to provide helpful 073

information to complement the incomplete source 074

context. No previous work has been done in the 075

more realistic, more practical but also more chal- 076

lenging setting addressed in this paper: that of 077

SiMT from videos. 078

In the simultaneous video translation task, we 079

aim to simultaneously generate the translation us- 080

ing as input the incomplete source text and the 081

1
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corresponding partial visual information, i.e. only082

the frames visible thus far. The long sequences of083

the videos bring several complexities to the task.084

First, there are multiple frames for each sentence085

and the frames will appear gradually as a stream,086

i.e. both video and text modalities are simultane-087

ous, requiring different architectures. Second, the088

text in the subtitles of the videos are not always089

aligned to the visual content, so there is a weak cor-090

respondence between the text and the video which091

can introduce noise in the process and reduce the092

translation quality.093

To address these challenges, we start by col-094

lecting a new dataset – ApartmenTour Simulta-095

neous Video Translation Dataset, which includes096

534 apartment tour videos, accompanied by En-097

glish subtitles with timestamps and parallel Chi-098

nese translations. We then build the Multi-modal099

Simultaneous Machine Translation model which100

can process multiple frames. We exploit different101

visual features to represent the videos, as well as102

different fusion methods to fuse two modalities.103

To tackle the weak semantic equivalence between104

the content in the text and the video, we propose105

two masking strategies to mask frames which we106

expect to contain information that is not related107

to the text. The experimental results show that108

our approaches to SiMT from videos perform bet-109

ter than their monomodal counterparts without the110

video. The masking strategies have proved to filter111

out some irrelevant frames and improve translation112

quality.113

In Section 2, we provide the background of the114

monomodal and multimodal simultaneous machine115

translation. Section 3 outlines the processing of116

our ApartmenTour Simultaneous Video Translation117

Dataset. Our proposed Multi-modal Simultaneous118

Machine Translation model is described in Section119

4. Section 5 provides the results of our models120

and the qualitative analysis. Section 6 is for the121

conclusion.122

2 Related Work123

2.1 Simultaneous machine translation124

Simultaneous machine translation is challenging125

as machines have to translate the sentences simul-126

taneously as the words appear. Partial sentences127

will inevitably impair the quality of the translation128

compared to typical machine translation task which129

translates the entire sentences. In addition, both the130

quality and the latency of the translation have to be131

considered. 132

In the earlier years, segmentation-based meth- 133

ods have been proposed. These methods (Fügen 134

et al., 2007; Bangalore et al., 2012; Sridhar et al., 135

2013; Oda et al., 2014) aim to segment a whole 136

source sentence, translate each part independently, 137

and concatenate all parts to form a whole target 138

sentence to simulate the simultaneous translation 139

scenario. 140

Cho and Esipova (2016) start to introduce the 141

neural network into simultaneous machine transla- 142

tion to exploit the dependency between different 143

parts of the translation. They use an rnn-based ma- 144

chine translation model trained on full sentences 145

and connected it with a greedy decoding part to 146

do the simultaneous machine translation. They de- 147

fined two criteria, wait-if-worse and wait-if-diff 148

to heuristically decide the timing to write a target 149

word. However, this method is based on predefined 150

rules, which cannot greatly exploit the information 151

of hidden states of the recurrent neural networks. 152

Gu et al. (2016) propose a reinforcement 153

learning-based method to train an agent to gen- 154

erate the READ/WRITE action sequences. The 155

agent is trained using the reward function which 156

considers both the quality and the latency. 157

As reinforcement learning-based methods are 158

not stable and difficult to train, Ma et al. (2018) 159

propose the wait-k policy, which forces the trans- 160

lation (the first WRITE action) to start after 161

reading k source words, and then performs the 162

READ/WRITE actions alternatively. The policy 163

enables the model to have the ability to anticipate 164

the future words. 165

However, as the latency for the wait-k method 166

is predefined, it cannot learn the best timing for 167

READ/WRITE actions for different data. In addi- 168

tion, the anticipation of the future words can often 169

be incorrect. Zheng et al. (2019) propose a method 170

that combines the adaptivity of the reinforcement 171

learning-based method and the easy training proper- 172

ties of the predefined latency methods. They design 173

a supervised action sequence generation network, 174

which takes in the ground truth action sequences 175

generated using a heuristic algorithm. 176

2.2 Multimodal Simultaneous Translation 177

Multimodal simultaneous translation is a newly pro- 178

posed task that seeks to introduce another modality 179

to compensate for the miss semantic content. 180

2
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Imankulova et al. (2020) propose the RNN-based181

Multimodal Simultaneous Neural Machine Trans-182

lation model (MSNMT) by combining the wait-k183

simultaneous translation model (Ma et al., 2018)184

and a multimodal model (Libovickỳ and Helcl,185

2017). A hierarchical attention mechanism (Li-186

bovickỳ and Helcl, 2017) is adopted to fuse the text187

modality and image modality in the decoder side.188

Based on the two-GRU-layer architecture described189

in (Caglayan et al., 2016), Caglayan et al. (2020)190

introduce object classification features extracted191

from ResNet50 (He et al., 2016) and object detec-192

tion features extracted from the “buttom-up-top-193

down(BUTD)" (Anderson et al., 2018) extractor.194

Also, they exploit encoder attention and decoder195

attention mechanisms which can only attend to the196

available hidden states to simulate the simultane-197

ous translation setting. Ive et al. (2021) propose198

the first RL-based multimodal simultaneous trans-199

lation model to introduce the visual cues to the200

agent and environment. Both the global image clas-201

sification features (He et al., 2016) and the local202

visual concept features are explored. The research203

on multimodal simultaneous translation is mostly204

based on static images but not videos.205

3 ApartmenTour Dataset206

We pick up 534 apartment tour videos from the207

ApartmenTour dataset (Zhong et al., 2020) and208

extracted WAV files using FFmpeg1. Next, the209

English transcription (splitted by paragraphs) with210

punctuation and the corresponding timestamps for211

each video are extracted using Microsoft Azure212

Speech Translation service2 by uploading the WAV213

files (as shown in Figure 1). The timestamp for214

each paragraph includes the offset and the duration215

in the unit of 100 nanoseconds (1 nanosecond =216

1× 10−9 second). We translated the English tran-217

scription to Chinese using the Youdao Translation218

API34. As most paragraphs of transcription gener-219

ated by the Microsoft Azure Speech Translation220

service are very long and contain many sentences,221

we split each paragraph by the period mark to get222

several sentences. In addition, since the subtitles223

1http://ffmpeg.org/
2https://azure.microsoft.com/

en-us/services/cognitive-services/
speech-translation/

3https://ai.youdao.com/
product-fanyi-text.s

4We also created German translation using Azure, which
we did not use in our experiments but will release with the
data.

Train Val Test
Sentence / Video clip 20974 6521 6000

English words 426521 129649 120872
English vocabulary 16691 in total

Chinese words 387089 117270 109500
Chinese vocabulary 19928 in total

Table 1: Statistics about the ApartmenTour Simultane-
ous Video Translation Dataset

are converted from audio, they contain many hesita- 224

tions and other symbols that are not very meaning- 225

ful and sometimes correspond to a whole sentence, 226

such as “So." and “Yeah.". To focus on more mean- 227

ingful and hard to translate sentences, we remove 228

those sentences whose word lengths are less than 229

eight words. As a result, our final dataset includes 230

20,974 sentences for training, 6,521 sentences for 231

validation, and 6,000 sentences for testing. The 232

average length of the sentences is around 20 words. 233

Some statistics of the dataset are shown in Table 1. 234

Since using all frames from the video would 235

make the process very inefficient, we resort to 236

frame sampling, a common practice in video pro- 237

cessing (Lei et al., 2021). For convenience, we sam- 238

ple one frame every five words (as shown in Figure 239

2). The frame at timestep 0 is always sampled 240

as the first frame for the corresponding sentence. 241

As we only get sentence-level timestamps using 242

Microsoft Azure Speech Translation service, we 243

roughly compute timestamp for each frame using 244

offset + ( i×5
word length) × duration for the i-th frame 245

(starting from 0). 246

4 Models 247

As shown in Figure 3, our model consists of three 248

parts: language channel, video channel and the 249

translation networks. 250

4.1 Language channel 251

The architecture is the same as that in Vaswani 252

et al. (2017), but using a pre-norm variant. In the 253

simultaneous translation task, we can only use the 254

unidirectional information, so we will generate a 255

lookahead mask to make each word in the sen- 256

tence not attend to the words behind itself in the 257

self-attention layers. For simultaneous translation, 258

we adopt the wait-k policy proposed by Ma et al. 259

(2018). Though the authors report better results 260

using training time wait-k, that is, training and test- 261

ing on partial sentences, we find that testing time 262

wait-k works better on our dataset (this was also re- 263

3
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Timestamp English
[2526800000, 226800000]

offset duration
Only a washer, so I hang up my
clothes right here to dry on this
little clothespin thing. And then I
also kind of lay things out on here
as well. And then I also use it for
some storage like I keep my water
and my paper towels and toilet
paper. I've got like a carry on bag.
I've got my dirty clothes hamper.
I've got a bunch of stuff guys.

��"��1������$�
��1����.�*.!0�
��	��������0�	
���'#�/%-
+%0�
�� ��0��)��,0�
��&��1(�
0

Chinese

Figure 1: An illustration of the generation of the source and translation text. The WAV file of the video was
extracted and uploaded to the Microsoft Azure speech translation service to generate the English subtitles, Chinese
translation and timestamps. The timestamp for each paragraph includes the offset and the duration in the unit of
100 nanoseconds (1 nanosecond = 1× 10−9 second)

We have our books that you also need to organize .
sample sample sample

8.26

Figure 2: An illustration of the frame sampling. One
frame is sampled for every five words. The frame at
timestep 0 is also sampled.

ported to be the case in (Caglayan et al., 2020)). For264

the language channel, we train using the full sen-265

tences and test using partial sentences. To be more266

specific, only the source text feature of t+k source267

words at test time can be seen when generating the268

t-th target word. We also apply the GRU-based269

simultaneous translation method (Caglayan et al.,270

2020) in the experiment section.271

4.2 Video channel272

In what follows we describe what variants of visual273

features we extract from the sampled frames, as274

well as the strategy we propose to mask out irrele-275

vant frames.276

Visual features We adopt the Vision-and-277

Language Transformer (ViLT) (Kim et al., 2021)278

to create a masked language model for each frame279

sampled from the video and get the text feature280

for 8 words (nouns and adjectives describing the281

image) from one frame, and the shape is [8, 768]282

for each frame. The features for the same sen-283

tence but different frames are stacked together and284

then padded to get a feature matrix of shape [176, 285

768] for each sentence (as the maximum number 286

of frames for one sentence is 22, the maximum 287

number of text features is 22 * 8 = 176). 288

Masking strategies As with any video dataset, 289

our data will contain many frames that are irrele- 290

vant to what the Youtubers are talking about, and 291

thus would represent noise rather than helpful in- 292

formation to improve SiMT. Here we propose two 293

strategies to mask the irrelevant frames and reduce 294

the impact of noise: 295

In the apartment tour videos, there are quite a lot 296

of clips where the Youtubers face the camera and 297

talk about some background knowledge of filming 298

the videos. The frames sampled from these clips 299

are always irrelevant to the corresponding caption 300

and contain very little information. By checking 301

the dataset, we find that there are a large number of 302

frames in which the Youtuber’s face takes up most 303

of the place, making up more than 5% of the frame. 304

We here roughly define these frames as “irrelevant 305

frames". As shown in Figure 4, the left frame is our 306

irrelevant frame and the middle frame is considered 307

as a relevant frame as there is no face appearing 308

in the frame. The Youtuber’s face also appears in 309

the right frame, but as it does not take up more 310

than 5% of the frame, we still consider it a relevant 311

frame. Haar Cascades in OpenCV5 is used to do 312

face detection in every frame and mask the frame 313

5https://docs.opencv.org/3.4/d2/d99/
tutorial_js_face_detection.html
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Video feature

sampling

feature extraction

Video

Frames

So we've got the coffee table there and a huge huge desk.

embed

Text feature

Text

Encoder Decoder

Encoder Fusion
Module

Decoder Fusion
Module

Video Channel

Language Channel Translation Networks

Translation

Figure 3: Multi-modal Simultaneous Machine Translation model which consists of language channel, video chan-
nel and the translation networks. Language channel is for text processing and video channel is for visual feature
extraction. In the translation networks, two modalities are fused in the decoder side or the encoder side.

Figure 4: An example of “irrelevant” and “relevant”
frames.

if the face region takes up more than 5%, so the314

model will not utilise the feature of this frame.315

We also use the Universal Sentence Encoder (Cer316

et al., 2018) to embed the subtitle (the source text)317

and the caption of the corresponding frame, then318

get the semantic textual similarity by calculating319

the inner product of the encodings. If the similar-320

ity between the subtitle and the frame’s caption is321

lower than a threshold, this frame will be masked322

as it is not so related to the source text.323

4.3 Fusion in the translation networks324

In what follows, we describe our fusion strategies325

to build a multimodal model from the language and326

video channel representations.327

4.3.1 Decoder Fusion328

Two modalities will be fused in the cross attention329

layers in the decoder. We try two methods for the330

cross-attention layer: serial attention and concate-331

nation attention (shown in Figure 5).332

The serial attention layer includes two scaled333

dot attention layers. The first scaled dot attention334

6FDOHG�'RW�
$WWHQWLRQ

. 9 4

6RXUFH
7H[W
6WDWH

7DUJHW
7H[W
6WDWH

6FDOHG�'RW�
$WWHQWLRQ

4 . 9

9LGHR�
6WDWH

6FDOHG�'RW�
$WWHQWLRQ

N � x

6RXUFH��
7H[W�
6WDWH

9LGHR�6WDWH

7DUJHW
7H[W
6WDWH

9LGHR�
6WDWH

9LGHR
6WDWH

7DUJHW
7H[W
6WDWH

Figure 5: An illustration of the serial attention layer
(left) and the concatenation attention layer (right)

layer will attend the query (the target state) to the 335

source text state (the key and value are both the 336

text state). Then the second scaled dot attention 337

layer will attend the output from the first scaled 338

dot attention layer to the visual state (the query is 339

the output from the last attention layer, the key and 340

value are both the visual state). The output from the 341

second attention layer will be returned. As for the 342

concatenation attention layer, the source text state 343

and the visual state are concatenated together (set 344

as key and value). The attention layer attends the 345

target state (set as the query) to the concatenated 346

state to get the context vector and return it. 347

Also, we do some modifications to do the simul- 348

taneous machine translation for the Transformer 349

model. The number of the frames that are available 350

at timestep t is computed by N = math.ceil((t + 351

δ)/5 + 0.0001), and the index for the latest frame 352

is computed by i = N − 1 (δ ≤ k to guarantee 353

that the model will not access to the future image 354

information). The frames[i− 1] and frames[i] are 355

the visible frames when translating the t-th word 356

(when i is 0, only the frames[i] is visible). During 357

the training, all the source words together with the 358
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BLEU METEOR AL

w1 Baseline 20.982 25.534 1.544
MSMT 21.541 25.997 1.552

w2 Baseline 22.849 26.924 2.224
MSMT 23.123 27.047 2.180

w3 Baseline 24.708 27.853 2.904
MSMT 25.069 28.142 2.896

Table 2: The results of the baseline Monomodal Trans-
former model and our proposed Multi-modal Simulta-
neous Machine Translation model (MSMT) from wait-
1 to wait-3.

frames[i− 1] and frames[i] will be visible. Only359

the t+k words together with the frames[i− 1] and360

frames[i] will be visible when generating the t-th361

word at test time.362

4.3.2 Encoder Fusion363

As it is an encoder side fusion method, the visual364

feature will be introduced earlier. Merged atten-365

tion (Chen et al., 2020; Hendricks et al., 2021) is366

adopted to concatenate the source text feature and367

the visual feature together and pass the merged fea-368

ture through the stacked self-attention layers and369

feed-forward layers. The scaled dot attention layer370

is used for the decoder to attend the target state to371

the hidden state got from the encoder (set the target372

state as query, the hidden state as key and value).373

5 Experiments374

5.1 Multimodal Simultaneous Machine375

Translation376

In table 2, we compare our Multi-modal Simulta-377

neous Machine Translation model (decoder side378

fusion + serial attention layer + ViLT feature + en-379

coder mask) to the baseline. When doing simultane-380

ous translation from wait-1 to wait-3, introducing381

the ViLT feature with encoder mask can improve382

the translation quality without sacrificing the simul-383

taneity of the translation (the Average Lagging of384

the multimodal model is even a little bit smaller385

than the one of the monomodal model for wait-2386

and wait-3 tasks).387

5.2 Ablation study388

5.2.1 Architecture389

As visual information can play a more important390

role when k is smaller (Caglayan et al., 2020), here391

we do an early feature and architecture search on392

wait-1 to decide the best practice. The feature is393

fixed as the ResNet50 feature to search for the best394

architecture. The results are shown in Table 3.395

BLEU

Baseline
RNN 16.073

Transformer 20.982

MSMT

No mask OpenCV mask
RNN Concat

(decoder fusion)
18.294 -

Transformer Merged
(encoder fusion)

20.378 21.086

Transformer Concat
(decoder fusion)

20.939 20.678

Transformer Serial
(decoder fusion)

21.276 21.239

Table 3: Architecture search. We fix the feature and
experiment across different architectures on wait-1 to
find the best architecture.

The Transformer baseline model is a lot bet- 396

ter than the RNN baseline, improving the BLEU 397

score by around 5 points. The transformer can 398

greatly learn the contextual information using self- 399

attention layers. 400

From Table 3, when using decoder side fusion 401

with serial attention layer, the Transformer-based 402

model can get the best BLEU scores (the bold num- 403

bers in Table 3). It shows that an extra scaled dot 404

layer attending the text hidden state to the visual 405

hidden state is more effective than directly con- 406

catenating these two states together. Though better 407

improvement in the image-guided translation has 408

been shown using the encoder side fusion, it is not 409

the case for our task here. There is only one image 410

for one sentence for the image-guided translation 411

task, and the image is manually picked to guarantee 412

that it is very relevant to the text. But in our task, 413

there are multiple images for one sentence, and the 414

images are extracted without the manually further 415

process. So encoder side fusion will introduce a lot 416

of noise when generating the hidden state. When 417

the masking strategy is applied to mask the irrele- 418

vant frames, there is an improvement in the encoder 419

side fusion model compared to the model using the 420

raw features, which can somehow confirm that irrel- 421

evant frames will deteriorate the translation quality. 422

5.2.2 Feature & Masking strategy 423

Table 4 shows that, for wait-1 and wait-2 simulta- 424

neous translation tasks, introducing different kinds 425

of no mask image features can all bring improve- 426

ment to the translation quality. However, using 427

OpenCV mask will lead to worse results for the 428

ResNet feature and the image captioning feature 429

than those using raw image features. Also, the en- 430

coder mask does not improve the translation qual- 431
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BLEU

w1

Baseline 20.964
No mask OpenCV mask Encoder mask

MSMT w/ ResNet 21.276 21.239 21.302
MSMT w/ Image cap. 21.404 21.035 21.097
MSMT w/ ViLT 21.408 21.306 21.541

w2

Baseline 22.849
No mask OpenCV mask Encoder mask

MSMT w/ ResNet 23.122 22.992 23.134
MSMT w/ Image cap. 23.285 22.760 23.010
MSMT w/ ViLT 23.085 23.197 23.123

w3

Baseline 24.708
No mask OpenCV mask Encoder mask

MSMT w/ ResNet 24.439 24.479 24.520
MSMT w/ Image cap. 24.376 24.465 24.866
MSMT w/ ViLT 24.698 24.960 25.069

Table 4: The results of the baseline Transformer model
and the multimodal Transformer model with the serial
attention layer and different features from wait-1 to
wait-3.

ity too much for wait-1 and wait-2. But when it432

comes to wait-3, the masking strategy is important.433

From Table 4, using features without masking on434

the wait-3 task makes the translation quality even435

worse than the baseline model’s translation quality.436

For example, we get 24.376 using the image cap-437

tioning feature, which is worse than the baseline438

24.708. With masking strategy (especially the en-439

coder masking strategy), we can get the translations440

of higher quality. That is because, as k increases,441

the language channel can get more source words442

which can directly improve the translation quality443

while most kinds of image features are compara-444

tively noisy. When the monomodal baseline can get445

quite a great result when k is large (the language446

channel is more powerful), the introduction of the447

noisy video modality will affect more and impair448

the translation quality. However, when k is smaller,449

the importance of exposing to more video informa-450

tion to help anticipate overweighs the importance451

of reducing noise.452

The feature and the masking strategy selected453

will both affect the translation quality. Encoder454

masking strategy is better than the OpenCV mask455

strategy as it can rule out more frames irrelevant456

to the text. Taking all three tasks (wait-1 to wait-457

3) into consideration, using ViLT feature with the458

encoder mask is the best practice.459

5.3 Qualitative Analysis460

5.3.1 Disambiguation461

As we all know, polysemy is a difficulty in machine462

translation tasks. It will be challenging for the463

translation model to determine the correct meaning464

in different sentences. Using the image or the video465

can help disambiguate the polysemous words by 466

providing additional cues. 467

Source: I just have glasses that I literally never use .
Target: � (I)�� (just)� (have)� (I)
� (literally never)�	 (use)的�� (drinking glasses)�
Baseline: � (I)� (just)� (have)���� (eyeglasses)
� (I)
�� (literally never)	 (use)�
MSMT: � (I)� (just)� (have) �� (drinking glasses)
� (I)
�� (literally never)	 (use)�

Multimodal model: 我只有杯子，我从来不用，因为我只喝了我
可重复使用的杯子，这很有趣。

重排

Vilt for
pdf

Figure 6: Multimodality can help disambiguate the pol-
ysemous word. In this example, the multimodal model
can utilise the visual information to correctly translate
“glasses" to “drinking glasses" in Chinese while the
monomodal one translates it to “eyeglasses".

The word “glasses" has two common defini- 468

tions(GLA): (1) a device for correcting vision, 469

which is also known as “eyeglasses". (2) the plu- 470

ral form of the container for drinks made of glass. 471

From Figure 6, when using the monomodal trans- 472

lation model, the word “glasses" in the sentence 473

“I just have glasses that I literally never use." was 474

incorrectly translated as “眼镜" (the first meaning 475

we specified), but when using the MSMT, the cor- 476

responding frame provides the information about 477

the “glasses" which is a container, and the model 478

successfully disambiguate the word and generate 479

correct translation “杯子" (the second meaning we 480

specified). 481

5.3.2 Extra visual information to anticipate 482

This aspect is more related to the simultaneous 483

translation task. As we adopt the wait-k policy to 484

control the latency, some WRITE actions will be 485

executed before getting enough context from the 486

text, leading to the inaccurate translation. However, 487

an extra modality can provide the context required 488

to translate some specific words. 489

Compound word As this task is a simultane- 490

ous task, every step is simultaneous, including the 491

speech recognition. The words in the source lan- 492

guage are generated one after another, so there is 493

always the case that the translation model will only 494

get one part of a compound word and translate this 495

part directly. As shown in Figure 7, when using the 496

wait-1 policy, the monomodal model fails to trans- 497

late the compound word as a whole but only gener- 498

ate the translation for “gas" (“气体"), while MSMT 499

successfully “anticipate" the following word using 500

the extra information from the frame to generate 501
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Source: I used     to      have    like     a        gas    stove ����� �

MSMT (w1�� � �
 �
 � � �� ��� (gas stove)	

Baseline (w1): � �
 �
 �	 � �� �� (gas)	

Target: (consecutive):                               � �
 � � ��� (gas stove)	

重新修改版本 vilt

Target：我以前以前用过一个煤气灶。

pdf

Figure 7: Multimodality can help predict the following word during the simultaneous translation. In this example,
MSMT can correctly predict that the word “gas" would be followed by the word “stove" according to the visual
information, and generate the correct translation for the compound word “gas stove", while the monomodal model
directly translates the “gas".

Source: By the way , check out this crazy lamp .

MSMT (w2): 	� � �� � �� � � �
 � � 

Baseline (w2): 	� � �� � �� �� �
 � � 


Target: (consecutive): 	� � �� ��� � � �
 � �


Baseline (w3): 	� � �� � �� �� �
 � � 

MSMT (w3): 	� � �� � �� � � �
� � 


Vilt pdf

Figure 8: Multimodality can help generate the accurate measure word. In this example, using the extra information
from the video frame, MSMT successfully generates the correct measure word/classifier for the word “lamp".

�
I

��
used to

��
used to

�
have

� ��
a

	�

gas stove

�

I
used

to
have
like

a
gas

stove
.

Target side

Source 
side

WRITE

READ

Figure 9: The process of the wait-1 multimodal simul-
taneous translation.

the correct translation “煤气灶 (gas stove)". From502

Figure 9, MSMT successfully anticipate and gen-503

erate the correct translation “煤气灶 (gas stove)"504

before reading the word “stove".505

Measure word This point is a more language-506

specific one. In Chinese, a measure word, also507

known as a classifier, must be used together508

with the numerals or the demonstrative before the509

nouns (Li and Thompson, 1989). Measure words510

should be chosen according to the noun. For ex-511

ample, for the noun “pencil", the commonly used512

measure word is “支" and for the noun “table” it513

should be “张". In a consecutive translation task, it514

will be quite easy to figure out the correct measure515

word using the context. However, in the simul-516

taneous translation task, it will be more difficult517

due to the incomplete semantics. For example, as518

shown in 8, when using wait-2, when translating519

something like “this crazy lamp", the model can520

only see the English word “this" without knowing521

the noun after it. Model without visual information522

might directly translate the English word “this"523

to “这个", where “个" is not the appropriate mea-524

sure word for “lamp". However, with the visual 525

information, MSMT can get the accurate measure 526

word “盏". For wait-3 model, we can also see that 527

the visual information help accurately generate the 528

measure word. 529

6 Conclusion 530

In this paper, we have explored the newly proposed 531

Simultaneous Video Translation task. We have 532

first created the ApartmenTour Simultaneous Video 533

Translation Dataset specifically for this task, which 534

consists of descriptive apartment tour videos and 535

the corresponding multi-language captions with 536

timestamps. Secondly, we have designed the Multi- 537

modal Simultaneous Machine Translation model 538

to process the videos. We have experimented on 539

different fusion timings (encoder side fusion and 540

decode side fusion), cross attention layers (concate- 541

nated, serial and merged), features (ResNet50 fea- 542

ture, image captioning feature and ViLT feature). 543

Furthermore, we have proposed the preliminary 544

idea of the masking strategy which can help ex- 545

clude some noises for the visual space features. Ex- 546

periment results have shown that our Multi-modal 547

Simultaneous Machine Translation model can gain 548

improvement over the monomodal one and at the 549

same time keep the same latency level. Finally, 550

we have found that when using the Transformer, 551

decoder side fusion with serial cross attention layer 552

and the ViLT feature with encoder mask, we can 553

obtain the greatest translation quality improvement. 554
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A Visual Feature extraction 701

ResNet50 object classification features We re- 702

size each image to 224x224 and input the image to 703

the ResNet50 (He et al., 2016) network pretrained 704

on the ImageNet database (Deng et al., 2009) to 705

get the [1, 1000] top layer feature, where each ele- 706

ment is the score for one of 1000 object categories. 707

As there are several images for one sentence, we 708

concatenate the features of multiple images for the 709

same sentence by the first axis and pad to a feature 710

matrix of shape [22, 1000] as the maximum length 711

in the corpus will not exceed 105 (the correspond- 712

ing to 22 frames being sampled). 713

Image captioning features We use the image 714

captioning network proposed by Xu et al. (2015) 715

pretrained on Microsoft COCO dataset (Lin et al., 716

2014) to extract features. The flattened feature 717

from the last layer of the encoder of the image 718

captioning network for each sampled frame is col- 719

lected. We expect that the image captioning model 720

can anticipate the corresponding sentence for one 721

image and generate feature which is more suitable 722

in the simultaneous video translation task. 723

B Experimental Setting 724

We use the pysimt framework6 for our experiments. 725

As for the evaluation metrics, BLEU score (Pap- 726

ineni et al., 2002) is used for the quality evaluation 727

and Average Lagging (Ma et al., 2018) for latency 728

measuring. For the RNN model, we run each exper- 729

iment with the max epoch set to 100 and an early 730

stop criterion: when there is no improvement for 731

10 epochs, the experiment will stop. The initial 732

learning rate is 0.0004, and if the BLEU score on 733

the validation set does not improve for two epochs, 734

the learning rate will decay by multiplying 0.5, and 735

the minimum learning rate is 1e-6. Adam (Kingma 736

and Ba, 2014) optimiser is adopted, and the batch 737

size is set to 64. We use the ResNet50 feature as 738

the visual feature for the RNN model. As we pay 739

more attention to the Transformer architecture, we 740

do not try too many different kinds of features for 741

the RNN model, just to see whether the introduc- 742

tion of the video can improve the quality of the 743

simultaneous translation. 744

For the Transformer model, we run each exper- 745

iment with 350 epochs. As specified in (Vaswani 746

et al., 2017), we use the Noam learning rate sched- 747

uler, setting the initial learning rate to 0.2, warmup 748

6https://github.com/ImperialNLP/pysimt
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Figure 10: BLEU scores versus Average Lagging for the baseline monomodal model and the multimodal model
on two different test sets.

step to 4000 and model dimension to 512. Each749

experiment is trained on one GeForce GTX 1080750

Ti GPU and takes around 7 hours to finish. The751

number of learnable parameters is around 70M.752

We train the models on the training set and753

record the checkpoints which can get the highest754

BLEU scores on the validation set, then evaluate755

these models on the test set. We run experiments756

for different settings three times and calculate the757

average.758

C Special test set759

We create a special test set in which the sentences760

are all highly related to the frames’ content, and761

all have the pattern ‘a/this + noun’ (measure words762

are needed in the Chinese translation) to show that763

the visual information can better improve the trans-764

lation quality of these sentences. The results are765

shown in Figure 10.766

As we can see from Figure 10, from wait-1 to767

wait-3, the improvements of the Multi-modal Si-768

multaneous Machine Translation model (MSMT)769

on the special test set are more significant than the770

improvements on the original test set. It shows that771

when the frames are highly related to the text, the772

visual cues can better help anticipate to improve the773

translation quality of the sentences with the pattern774

‘a/this + noun’ (measure words are needed in the775

Chinese translation). For wait-3, though the lan-776

guage channel will get more source words and be777

more powerful, the visual information still helps in-778

crease the BLEU score by around 1.6 on the special779

test set.780

D Ethical Consideration781

One consideration is the collecting and using of782

the data. The videos in the ApartmenTour Simul-783

taneous Video Translation Dataset are all public 784

on Youtube. When uploading a public video to 785

Youtube, the Youtuber grants each other user to use 786

the content. All the videos collected are under fair 787

use. Microsoft Azure Service used for generating 788

transcripts follows the GDPR. Only the transcripts, 789

translations, corresponding timestamp, the packed 790

image features and the public Youtube video id 791

of the videos in the dataset will be released. The 792

pysimt framework used in this paper is under MIT 793

License. 794
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