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the test speaker is included in the training data (not the same samples). Active Appearance
Models (AAMs) have been described fully in previous literature [20] so we do not repeat
this here but we track all 12 speakers and extract AAM features.

The RMAV dataset is a corpus of 12 speakers, seven male and five female, each reciting
200 sentences selected from the Resource Management Corpus [3]. The database has a
vocabulary size of approximately 1000 words, and was recorded in full-frontal view in HD.
Head motion is restrained and lighting constant.

3 Experiment Design
Each test in this experiment is designated as:

Mn(p,q) (2)

This means P2V map Mn from speaker n, is trained using visual speech data from speaker
p and tested using speaker q. E.g. M1(2,3) designates testing a P2V map constructed from
Speaker 1, using training data from Speaker 2, and testing on Speaker 3.

3.1 Multi-speaker (MS) and Speaker-Independent (SI) tests
Accuracte speaker-dependent lip-reading exists [8, 22]. However with independent speakers
between training and test sets, accuracy significantly falls [11]. Our first tests use a P2V
map based on the phoneme confusions of all speakers. Therefore, the MS map is tested as:
M[all](1,1), M[all](2,2), M[all](3,3), M[all](4,4), M[all](5,5), M[all](6,6), M[all](7,7), M[all](8,8),
M[all](9,9), M[all](10,10), M[all](11,11), and M[all](12,12). Our SI tests use 12 maps derived
using all speakers confusions bar the test speaker. This time we substitute the symbol ‘!n’ in
place of a list of speaker ID numbers, meaning ‘not including speaker n’. The tests for these
maps are as follows M!1(1,1), M!2(2,2) and so on.

3.2 Different Speaker-Dependent maps & Data (DSD&D) tests
This set of tests use the P2V maps and training data of the non-test speaker. So for Speaker
1 we test M2(2,1), M3(3,1), up to M12(12,1), and for Speaker 2 we test M1(1,2), M3(3,2)
and so on for all speakers. Table 1 shows Speaker 1 tests.

Table 1: Different speaker-dependent maps and Data (DS&D) experiments for Speaker one.
Mapping (Mn) Training data (p) Test speaker (q) Mn(p,q)
Sp2 Sp2 Sp1 M2(2,1)
Sp... Sp... Sp1 M...(...,1)
Sp12 Sp12 Sp1 M12(12,1)

3.3 Different Speaker-Dependent maps (DSD) tests
These are the same speaker-dependent P2V maps as tested in Table 1 but in these tests we
trained and test on the same speaker (maintaining independent samples between train and
test folds). In Table 2 we show the DSD tests for Speaker 1 as an example.
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Table 2: Different Speaker-Dependent maps (DSD) for Speaker one.
Mapping (Mn) Training data (p) Test speaker (q) Mn(p,q)
Sp2 Sp1 Sp1 M2(1,1)
Sp... Sp1 Sp1 M...(1,1)
Sp12 Sp1 Sp1 M12(1,1)

3.4 Speaker dependent lip-reading benchmark (SSD)
Our baseline performance are speaker-dependent P2V results where n = p = q. They are
SSD because each map, training and test data are all from the same speaker. This mimics
previous work in conventional systems due to small AV datasets. These maps are: M1(1,1),
(M2(2,2), (M3(3,3), up to M12,(12,12).

4 Analysis of Results
All results are measured in Cw% with error bars showing one standard error (s.e) over 10
folds.

4.1 Multi-speaker and speaker-independent maps
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Figure 1: Word classification correctness, C±1s.e, of the MS and SI tests. Baseline is SSD
maps (red)

In Figures 1 we have plotted the MS & SI experiments with representative example
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We rank each speaker viseme set by weighting the effect of the DSD tests in Table 3.
If a map increases on SSD Cw within 1s.e, this scores +1 or outside 1s.e scores +2. If a
map decreases Cw, these weights are negative. The key observation in Table 3 is Speaker

Table 3: Comparison scores measuring the effect of using speaker-dependent maps for other
speakers lip-reading.

M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 M12
Sp01 0 �1 �2 �2 +1 �1 �1 �1 +1 +1 �1 +1
Sp02 +2 0 +1 +1 +2 +2 +1 +1 +2 +2 +1 +2
Sp03 �2 �2 0 �2 +1 �1 �1 �2 �2 �2 �2 +1
Sp04 �2 �1 �1 0 +1 +1 �2 �2 +1 �1 �2 +1
Sp05 �2 �1 +2 �2 0 +1 �1 +2 +1 +2 �1 +2
Sp06 �1 �1 �1 +1 +2 0 +2 �1 �1 +1 +1 +2
Sp07 +1 �1 �1 +1 +1 +1 0 +1 �1 �1 +1 +1
Sp08 �1 �1 +1 �1 �1 �2 �2 0 +1 +2 +1 +1
Sp09 �2 �2 �1 �2 �1 �1 �1 �2 0 �1 �2 +1
Sp10 �2 �2 �1 �1 �1 �2 �2 �2 �2 0 �2 �2
Sp11 �1 +1 �1 +1 +1 �1 +1 �1 �1 +2 0 +2
Sp12 �1 �2 �2 �1 �1 �2 �2 �2 �2 �1 �2 0
Total �9 �11 �6 �7 +3 �5 �8 �9 �3 �4 �8 +12

12. M12 is one of two (M12 and M5) which make an overall improvement in classifying
other speakers with positive values in the total row and crucially, M12 only has one speaker
(Speaker 10) for whom the visemes in M12 does not make an improvement in classification.
The one other speaker P2V map which improves over other speakers is M5. All others show
a negative effect, this reinforces the assertion visual speech is unique to speakers but we now
have evidence of exceptions. In future a way of measuring the similarity between the viseme
maps of each individual speaker, this would help adaptation from one speaker to another
with less training data.

4.3 Different Speaker-Dependent map & Data results
Figures 4 and 5 show the Cw achieved with the labelled DS&D tests. It is reassuring to
see some speakers significantly deteriorate the classification rates when the speaker used
to train the classifier is not the same as the test speaker as this is consistent with our MS
and SI tests. For example, on the leftmost side of Figure 4, the test speaker is Speaker 1.
The speaker-dependent maps for all 12 speakers have been used to build sets of classifiers.
But when tested on Speaker 1, only maps and models for speakers 3, 7 and 12 show a
significant reduction in word correctness. All eight other speakers are within one standard
error. Figure 5 we see a similar trend with Speaker 4 showing the most variation of these
three speakers. To lip-read Speaker 4 we actually see a significant improvement by using
the map and model of Speaker 6 and less significant improvements by speakers 3, 5 and
11. However, whilst these are all signs towards speaker-independent lip-reading, the most
common trend is, there is a lot of overlap between our continuous speech speakers and this
natural variation is attributed to the speaker identity and or linguistics restrictions.

If we compare these figures to the isolated words results in [6], either the extra data in this
larger data set or the longer sentences in continuous speech have made a difference. Whilst

References: 	 	1.		Speaker	iden9fica9on	by	lipreading.	J.	Lue@n,	N.	A.	Thacker,	and	S.	W.	Beet.	ICSLP	1996	
	 	 	 	 	2.	Phoneme-to-viseme	mappings;	the	good,	the	bad,	and	the	ugly.	H	L	Bear,	RW	Harvey,	Speech	Communica9on,	2017	
	 	 	 	 	3.	Speaker-independent	machine	lip-reading	with	speaker-dependent	viseme	classifiers.	HL	Bear,	SJ	Cox,	RW	Harvey	AVSP	2015	
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1 Multi-speaker and speaker-independent maps
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Figure 1: Word classification correctness, C±1s.e, of the MS and SI tests for speakers 1-6.

Baseline is SSD maps (red)
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Figure 2: Word classification correctness, C±1s.e, of the MS and SI tests for speakers 7-12.

Baseline is SSD maps (red)

2 Different Speaker-Dependent map results
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Figure 3: Word classification correctness, C±1s.e, of the DSD tests for speakers 1-3. Base-

line is SSD maps (red)
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Figure 4: Word classification correctness, C±1s.e, of the DSD tests for speakers 4-6. Base-

line is SSD maps (red)
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Figure 3: Word classification correctness, C±1s.e, of the DSD tests for speakers 1-3. Base-

line is SSD maps (red)
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Figure 4: Word classification correctness, C±1s.e, of the DSD tests for speakers 4-6. Base-

line is SSD maps (red)
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Figure 5: Word classification correctness, C±1s.e, of the DSD tests for speakers 7-9. Base-

line is SSD maps (red)
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Figure 6: Word classification correctness, C ± 1s.e, of the DSD tests for speakers 10-12.

Baseline is SSD maps (red)
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Figure 5: Word classification correctness, C±1s.e, of the DSD tests for speakers 7-9. Base-

line is SSD maps (red)
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Figure 6: Word classification correctness, C ± 1s.e, of the DSD tests for speakers 10-12.

Baseline is SSD maps (red)

DS&D	Mn(p,q)=Mx(x,y)	where	p≠q	&	n=1:12			
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3 Different Speaker-Dependent map & Data results
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Figure 7: Word classification correctness, C ± 1s.e, of the DSD&D tests for speakers 1-3.

Baseline is SSD maps (red)
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Figure 8: Word classification correctness, C ± 1s.e, of the DSD&D tests for speakers 4-6.

Baseline is SSD maps (red)
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Figure 9: Word classification correctness, C ± 1s.e, of the DSD&D tests for speakers 7-9.

Baseline is SSD maps (red)
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Figure 8: Word classification correctness, C ± 1s.e, of the DSD&D tests for speakers 4-6.

Baseline is SSD maps (red)
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Figure 9: Word classification correctness, C ± 1s.e, of the DSD&D tests for speakers 7-9.

Baseline is SSD maps (red)
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Figure 10: Word classification correctness, C±1s.e, of the DSD&D tests for speakers 10-12.

Baseline is SSD maps (red)

1.	In	visual	speech	processing	we	can	iden9fy	individuals	from	their	unique	visual	speech	signals	[1]	but	in	lipreading	systems	we	want	to	lipread	any	
speaker.	Recent	work	with	deep	learning	implement	end-to-end	system	bu9n	this	approach	do	not	develop	our	knowledge	of	the	visual	speech	signal	
which	is	considered	a	sequence	of	gestures	(visemes)	to	represent	acous9c	uberances.	In	this	work	we	ask,	how	different	are	speaker-dependent	

visemes?	2.	We	use	the	Bear	speaker	dependent	viseme	
algorithm		[2]	to	build	25	sets	of	visemes.	
•  a	mul9-speaker	P2V	map	using	all	speakers'	

phoneme	confusions	(MS);		
•  a	speaker-independent	P2V	map	for	each	

speaker	using	confusions	of	all	other	
speakers	in	the	data	(SI);	

•  a	speaker-dependent	P2V	map	for	each	
speaker	(SSD).	

3.	Using	12	speakers	of	RMAV	AV	dataset	we	
test	as	follows;	Mn(p,q).	M	is	the	visemes	of	
speaker	n,	p	is	the	training	speaker(s),	and	q	
denotes	the	test	speaker(s).	[3]	
MS	&	SI	Mn(p,q)=M(all)(1,1)	where	p=q	for	talkers	1	to	12	

All	speakers	bar	Speaker	2	are	significantly	
nega9vely	affected	by	using	generalised	

mul9-speaker	visemes.		
This	quan9fies	lip-reading	dependency	on	

speaker	iden9ty	as	dependent	on	which	two	
speakers	are	being	compared.		

It	is	not	only	a	speakers	iden9ty	but	how	
their	gestures	are	sequenced	for	lipreading.	
Similari9es	between	some	speakers	could	
adapt	to	lipread	visually-similar	speakers.	

We	score	effect	of	sharing	
visemes,	as	table	3,	M12	
visemes	are	op9mal	for	
all	speaker	coverage.		

DSD	Mn(p,q)=Mx(y,y)	where	p=q	&	n=1:12			

5.	There	is	risk	of	over-generalising	MS/SI	visemes.		
The	lipreading	dependency	on	training	speakers	by	
generalising	to	speakers	who	are	visually	similar	in	
viseme	usage/tragetory	through	gestures.	Whilst	
consistent	with	deep	learning,	now	we	should	not	
need	such	big	data	volumes	to	achieve	this.	

Some	speakers	significantly	deteriorate	the	
classifica9on	rates	when	training	speakers	are	not	

same	as	the	test	speakers	but	others	are	not	
significantly	affected.	This	varia9on	is	abributed	to	

the	speaker	iden9ty	and	language	structure.	


