
Overcoming	
  Resource	
  Limita2ons	
  in	
  
the	
  Processing	
  of	
  Unlimited	
  Speech:	
  

Applica2ons	
  to	
  Speaker	
  and	
  Language	
  Recogni2on	
  

Stephen	
  H.	
  Shum	
  
	
  

4	
  May	
  2016	
  



Mo2va2on	
  

•  Unlimited	
  access	
  to	
  data	
  

•  Limited	
  access	
  to	
  proper	
  tagging	
  and	
  annota2on	
  



Mo2va2on	
  

•  Need	
  for	
  adapta2on	
  

•  Hard	
  to	
  scale!	
  



Perspec2ve	
  

•  C-­‐3PO	
  
>	
  6	
  million	
  forms	
  of	
  communica2on	
  

•  World	
  
>	
  7,000	
  living	
  languages	
  
~400	
  languages	
  with	
  >	
  1	
  million	
  speakers	
  

•  Speech	
  technology	
  
<	
  100	
  languages	
  

•  Thesis	
  
<	
  30	
  languages	
  



Extrac2ng	
  Informa2on	
  from	
  Speech	
  

Speech 
Recognition Words 

“How are you?” 

Language 
Recognition Language Name 

English 

Speaker 
Recognition Speaker Name 

James Wilson 

Speech Signal 

Emotion 
Recognition Emotion category 

Happy, angry … 



Tasks	
  

•  Speaker	
  verifica2on	
  
– Determine	
  whether	
  or	
  not	
  a	
  test	
  uYerance	
  was	
  
spoken	
  by	
  a	
  par2cular	
  speaker	
  

•  Language	
  iden2fica2on	
  
– Determine,	
  from	
  a	
  known	
  set	
  of	
  target	
  languages,	
  
the	
  spoken	
  language	
  of	
  a	
  test	
  uYerance	
  

Identification!

•  Determine whether unknown speaker (language) matches 
one of a set of known speakers (languages)!

•  One-to-many mapping!

•  Often assumed that unknown voice must come from a set of 
known speakers – referred to as closed-set identification!

? 

? 

? 

Whose voice is this? ? 

? 

? 

Which language is 
this? 

08/27/11!Spoken Language Systems, MIT CSAIL !

Verification/Authentication/Detection!

•  Determine whether unknown speaker (language) matches a 
specific speaker (language)!

•  One-to-one mapping!

•  Unknown speech could come from a large set of unknown 
speakers (languages) – referred to as open-set verification!

•  Adding “none of the above” option to closed-set 
identification gives open-set identification!

? 

Is this Bob’s voice? 

? 

Is this German? 

08/27/11!Spoken Language Systems, MIT CSAIL !



Themes	
  

•  Domain	
  adapta2on	
  

Supervised	
  domain	
  adapta2on!	
  



Themes	
  

•  Unsupervised	
  domain	
  adapta2on	
  
– Access	
  to	
  many	
  test	
  prepara2on	
  resources,	
  
– but	
  no	
  access	
  to	
  their	
  answer	
  keys!	
  

– Tests	
  and	
  test	
  condi2ons	
  change	
  con2nuously;	
  
– we’d	
  like	
  to	
  be	
  able	
  to	
  adapt	
  to	
  these	
  changes	
  
without	
  needing	
  a	
  new	
  study	
  guide	
  (and	
  
corresponding	
  answer	
  key!)	
  every	
  2me.	
  



Overview	
  

Domain	
  Adapta,on	
  

Speaker	
  
Verifica,on	
  

	
  
Adapt	
  system	
  to	
  changes	
  in	
  

recording	
  technology	
  by	
  applying	
  
exis2ng	
  models	
  to	
  new,	
  unlabeled	
  

data	
  sets	
  
	
  

Language	
  
Iden,fica,on	
  

	
  
Augment	
  exis2ng	
  volumes	
  of	
  
transcribed	
  speech	
  with	
  large-­‐
scale,	
  unsupervised	
  discovery	
  of	
  
acous2c	
  units	
  on	
  untranscribed,	
  

mul2lingual	
  data	
  
	
  



Themes	
  

Active learning systems attempt to overcome the labeling bottleneck by asking
queries in the form of unlabeled instances to be labeled by an oracle (e.g., a human
annotator). In this way, the active learner aims to achieve high accuracy using
as few labeled instances as possible, thereby minimizing the cost of obtaining
labeled data. Active learning is well-motivated in many modern machine learning
problems where data may be abundant but labels are scarce or expensive to obtain.
Note that this kind of active learning is related in spirit, though not to be confused,
with the family of instructional techniques by the same name in the education
literature (Bonwell and Eison, 1991).

1.2 Active Learning Examples

machine learning
model

L
U

labeled
training set

unlabeled pool

oracle (e.g., human annotator)

learn a model

select queries

Figure 1: The pool-based active learning cycle.

There are several scenarios in which active learners may pose queries, and
there are also several different query strategies that have been used to decide which
instances are most informative. In this section, I present two illustrative examples
in the pool-based active learning setting (in which queries are selected from a
large pool of unlabeled instances U) using an uncertainty sampling query strategy
(which selects the instance in the pool about which the model is least certain how
to label). Sections 2 and 3 describe all the active learning scenarios and query
strategy frameworks in more detail.

5

Burr	
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  Learning	
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•  Learning	
  from	
  weak	
  supervision	
  
– Ac2ve	
  learning	
  



•  Learning	
  from	
  weak	
  supervision	
  
– Ac2ve	
  learning	
  

•  Choosing	
  what	
  gets	
  labeled	
  yields	
  a	
  drama2c	
  reduc2on	
  in	
  the	
  
number	
  of	
  labels	
  needed	
  to	
  achieve	
  desired	
  performance	
  

Themes	
  

S.	
  Shum,	
  N.	
  Dehak,	
  J.	
  Glass,	
  “Limited	
  Labels	
  for	
  Unlimited	
  Data:	
  Towards	
  Ac2ve	
  Learning	
  for	
  Speaker	
  Recogni2on,”	
  Proceedings	
  of	
  Interspeech,	
  2014.	
  

Just	
  5000	
  queries	
  gets	
  us	
  to	
  within	
  
25%	
  of	
  the	
  performance	
  obtained	
  
using	
  all	
  36,000	
  speaker	
  labels.	
  



Overview	
  

Domain	
  Adapta,on	
   Weak	
  Supervision	
  

Speaker	
  
Verifica,on	
  

	
  
Adapt	
  system	
  to	
  changes	
  in	
  

recording	
  technology	
  by	
  applying	
  
exis2ng	
  models	
  to	
  new,	
  unlabeled	
  

data	
  sets	
  
	
  

Ac2vely	
  explore	
  a	
  database	
  of	
  
unknown	
  speakers	
  and	
  build	
  
speaker	
  models	
  using	
  pairwise	
  

equivalence	
  constraints	
  

Language	
  
Iden,fica,on	
  

	
  
Augment	
  exis2ng	
  volumes	
  of	
  
transcribed	
  speech	
  with	
  large-­‐
scale,	
  unsupervised	
  discovery	
  of	
  
acous2c	
  units	
  on	
  untranscribed,	
  

mul2lingual	
  data	
  
	
  



Themes	
  

•  Learning	
  from	
  weak	
  supervision	
  
– Ac2ve	
  learning	
  
– Top-­‐down	
  equivalence	
  constraints	
  

differences are due to within-category variation. Our naı̈ve

classifier is not aware of this category setting or the number
of existing categories that will have to be learned from the

given constraints.1

In this setting there are 12 possible PECs that can be
given to the classifier: {A = B, A = C, A = D, B = C,

B = D, C = D} from category 1, and {E = F, E = G,

E = H, F = G, F = H, G = H} from category 2. All PECs
are informative to some extent. For example, from being

informed that A = C or F = H, the classifier can learn that

texture is not a relevant dimension. Such PECs provide one
bit of information (decisively indicating that one dimension

is not relevant). From A = D or E = H, one can learn that

both texture and shape are not relevant. Such PECs provide
two bits of information. When provided with one of the

latter PECs only the color dimension is left with a potential

discriminating value enabling discrimination between the
assumed categories. The probability that the classifier can

extract this information from only two different random-

lyselected PECs is high. For example, in Fig. 2, where each
category includes four different objects, the probability that

two randomly selected positive constraints identify the two

irrelevant dimensions is P = 1 - 2 9 4/12 9 3/11 & 0.82.
The number of NECs (16) is greater than the number of

PECs (12), but only four are useful in definitively identi-

fying a relevant dimension. For instance, if told that
A = G, the classifier cannot learn whether the two objects

belong to two different categories because they differ in

color, in texture or in both. He or she also cannot conclude

whether shape is relevant for discriminating between

categories, since shape could be one of two determinants.
The only way to determine that color is the critical dis-

criminating dimension between categories is to be provided

with one of the NECs which present two objects that differ
solely in color: A = E, C = G, B = F or D = H. Each

one of these NECs provides one bit of information. With

only one relevant dimension, the probability that at least
one of two randomly selected NECs will point to the

relevant dimension is P = 1 - 12/16 9 11/15 = 0.45
Note, in addition, that participants can only derive that a

dimension is irrelevant from the absence of NECs

demonstrating that it is relevant.
In the aforementioned example, only one of the existing

three dimensions was relevant. When the number of rele-

vant dimensions is increased, the number of categories is
also increased; (e.g. for binary dimensions and a conjunc-

tive classification rule, each added relevant dimension

doubles the number of categories). With this increase, the
chance of learning which dimensions are relevant from

randomly selected NECs is dramatically reduced. At the

same time PECs remain highly informative.
For example, if both color and shape are relevant for

categorization, our object space is now divided into four

categories: {A, C}, {E, G}, {B, D}, and {F, H}. The number
of PECs is now reduced to four (one in each category), but

all of them indicate that texture is irrelevant for categori-

zation (due to the within-category variation in texture). We
can therefore identify the irrelevant dimension from each

one of the four PECs, and (assuming that all dimensions that

have not been shown to be irrelevant are indeed relevant)
the probability of learning the remaining relevant dimen-

sions from two PECs is 1. In contrast, while the number of

NECs has increased to 24, only 8 of them are informative by
negatively constraining pairs that differ in only one of the

two relevant dimensions. The probability of learning the

two relevant dimensions from two essentially different
NECs is now quite low: P = 2 9 4/24 9 4/23 & 0.058

(roughly 6%). It seems that despite NECs being much more

common than PECs, retrieving valuable information from
them may be as wearisome as separating the wheat from the

chaff.

The role of transitivity

Another important property differentiating PECs and NECs
is transitivity. Whereas PECs are transitive, NECs are not.

This property of PECs is expected to be quite helpful in the

context of category learning. Using transitivity, PECs can
help in ‘‘packing together’’ objects into categories. For

example, by being informed that A and B are from the

same category, and that C and D are from the same cate-
gory, it is enough to be also informed that A and C are from

Fig. 2 Example of a three-dimensional object space with two
categories. In this simplified example each dimension is binary (i.e.,
has only two values/features). The dimensions are color (red vs. blue)
shape (circle vs. square) and texture (filled vs. dashed)

1 For clarity of presentation and simplicity of experimentation, this
example—as our experimental paradigm—uses binary feature values
and categories defined by rules. Nevertheless, the conclusions of the
analysis—as the results of the study—extend to other categorization
scenarios.
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Speaker	
  
Em

o2
on

	
  

Can	
  we	
  u2lize	
  these	
  constraints	
  in	
  a	
  
way	
  that	
  alleviates	
  the	
  need	
  for	
  

expensive,	
  expert-­‐level	
  knowledge?	
  



Overview	
  

Domain	
  Adapta,on	
   Weak	
  Supervision	
  

Speaker	
  
Verifica,on	
  

	
  
Adapt	
  system	
  to	
  changes	
  in	
  

recording	
  technology	
  by	
  applying	
  
exis2ng	
  models	
  to	
  new,	
  unlabeled	
  

data	
  sets	
  
	
  

Ac2vely	
  explore	
  a	
  database	
  of	
  
unknown	
  speakers	
  and	
  build	
  
speaker	
  models	
  using	
  pairwise	
  

equivalence	
  constraints	
  

Language	
  
Iden,fica,on	
  

	
  
Augment	
  exis2ng	
  volumes	
  of	
  
transcribed	
  speech	
  with	
  large-­‐
scale,	
  unsupervised	
  discovery	
  of	
  
acous2c	
  units	
  on	
  untranscribed,	
  

mul2lingual	
  data	
  
	
  

Use	
  equivalence	
  constraints	
  
between	
  acous2c	
  sequences	
  to	
  
improve	
  speaker-­‐independence	
  
of	
  discovered	
  acous2c	
  units	
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Domain	
  Adapta2on	
  for	
  Speaker	
  Recogni2on	
  

•  Caused	
  by	
  changes	
  in	
  recording	
  technology?	
  
– SWB	
  collected	
  from	
  1992	
  –	
  2000	
  (mostly	
  landline)	
  
– SRE	
  collected	
  from	
  2004	
  –	
  2008	
  (mostly	
  cellular)	
  
– EVAL	
  collected	
  in	
  2010	
  

Labeled	
  Data	
   Unlabeled	
  Data	
   EVAL	
  Result	
  

SWB	
   none	
   5.54%	
  
SWB	
   SRE	
   2.53%	
  
SRE	
   none	
   2.30%	
  

SWB	
  +	
  SRE	
   none	
   2.23%	
  
Results	
  shown	
  are	
  the	
  Equal	
  Error	
  Rate	
  (EER)	
  and	
  can	
  be	
  interpreted	
  as	
  a	
  measure	
  of	
  error.	
  



Domain	
  Adapta2on	
  for	
  Speaker	
  Recogni2on	
  

•  Challenge	
  Task	
  
– SWB	
  with	
  speaker	
  labels	
  
– SRE	
  without	
  speaker	
  labels	
  
– Evaluate	
  on	
  EVAL	
  

•  Proposed	
  “bootstrap”	
  framework	
  
– Use	
  labeled	
  data	
  to	
  model	
  unlabeled	
  data	
  
– Cluster	
  unlabeled	
  data	
  using	
  a	
  combina2on	
  of	
  	
  

•  random	
  walk-­‐based	
  graph	
  clustering	
  (Infomap)	
  
•  agglomera2ve	
  hierarchical	
  clustering	
  

–  Interpolate	
  between	
  resul2ng	
  hyper-­‐parameters	
  



Proposed	
  (Bootstrap)	
  Framework	
  	
  
•  Use	
  speaker	
  labels	
  and	
  SWB	
  to	
  obtain	
  {Σ, Φ}SWB	
  

•  Use	
  {Σ, Φ}SWB	
  to	
  represent	
  SRE	
  in	
  the	
  form	
  of	
  a	
  pairwise	
  
affinity	
  matrix,	
  A 

•  Cluster	
  A	
  to	
  obtain	
  (hypothesized)	
  speaker	
  labels	
  for	
  SRE	
  

•  Use	
  speaker	
  labels	
  and	
  SRE	
  obtain	
  {Σ,	
  Φ}SRE	
  

•  Linearly	
  interpolate	
  (via	
  {αWC, αAC})	
  between	
  {Σ, Φ}SWB	
  
and	
  {Σ,	
  Φ}SRE	
  to	
  obtain	
  

Fig. 1. High-level diagram of i-vector system showing all hyper-
parameters and which require labeled and unlabeled data.

SRE SWB
# spkrs (m, f) 3790 (1115, 2675) 3114 (1461, 1653)
# calls 36470 33039
Avg. # calls/spkr 9.6 10.6
Avg. # phns/spkr 2.8 3.8

Table 1. Summary statistics for the SRE and SWB training lists.

data used to train the hyper-parameters that the system will work
well, (2) collect a large amount of unlabeled data from the new do-
main and adapt the hyper-parameters using unsupervised techniques,
or (3) collect and label sufficient amounts of new domain data to al-
low re-training or supervised adaptation of the hyper-parameters. In
this paper we will explore approaches to option (2).

Using Linguistic Data Consortium (LDC) telephone corpora, we
have designed an experiment that demonstrates the effect of data
mismatch on hyper-parameters and defines the challenge task on
which we are working. In this experiment, SRE10 telephone data
is used as enroll and test sets. Specifically, we are using the com-
bined one conversation (1c) telephone data enroll and test lists from
condition 5 (normal vocal effort) [7, 8].

We have designated two datasets to be used for hyper-parameter
training: the in-domain SRE set consists of all telephone calls from
all speakers taken from the SRE 04, 05, 06, and 08 collections; this
will serve as the “matched” hyper-parameter training list. The out-
of-domain SWB set consists of all telephone calls from all speakers
taken from the switchboard-I and switchboard-II (all phases) cor-
pora; this will serve as the “mismatched” training list. Some key
statistics of the two data sets are given in Table 1.

These two datasets appear very similar and the expectation is
hyper-parameters trained from these should produce similar results.
However, the resulting equal error rates (EER’s) in Table 2 clearly
show a gap in performance on the SRE10 enroll/test set when hyper-
parameters are trained with the different sets. Similar performance
gaps were observed by other sites using independent i-vector im-
plementations, indicating that the performance gap is not a function
of particular implementation details (features, speech activity detec-
tion, hyper-parameter training algorithms, etc.).

In this paper we are primarily focused on how to effectively train
or adapt the hyper-parameters that depend on labeled data (WC, AC)
when only unlabeled data is available in the target domain. Of the
hyper-parameters which do not depend on labeled data – UBM, T ,
and W – it was found on this challenge set that the difference in
using SWB or SRE for UBM and T training was insignificant, but
using SRE (in-domain) data for training the whitening, W , gave a
significant improvement (compare rows 1 and 2 in Table 2) [9]. We
will use the system specified in row 2 of Table 2 as our starting out-
of-domain baseline and row 3 in Table 2 as our desired in-domain
optimal performance. To avoid making this a data engineering ex-
ercise, we will restrict our system to only use the labeled SWB data

# UBM & T W WC & AC 1c (EER %)
1 SWB SWB SWB 6.92%
2 SWB SRE SWB 5.54%
3 SWB SRE SRE 2.30%
4 SRE SRE SRE 2.43%

Table 2. EER’s obtained on SRE10 from hyper-parameters trained
using SWB or SRE datasets, as specified.

and unlabeled SRE data. The ultimate goal is to come up with a
recipe that can be applied in future situations where only unlabeled
data from a new domain is available.

3. GENERAL FRAMEWORK AND INITIAL SETUP

We begin our work assuming the existence of an initial set of hyper-
parameters and PLDA scoring function; implementational details
can be found in Section A.1 of the Supplementary Materials as well
as in [4, 9]. For notational convenience, we will subsequently use ⌃

to refer to the WC matrix and � to refer to the AC matrix. As such,
our initial setup begins with ⌃SWB and �SWB, which we train using
the labeled SWB data that are provided.

We propose the following approach to the domain adaptation
problem and adhere to it throughout the rest of this work:

(a) Use ⌃SWB and �SWB to compute a pairwise affinity matrix,
A, on the unlabeled SRE data. Specifically, element Aij is
the log likelihood ratio between the hypothesis that speakers
i and j are the same and the hypothesis that they are different.

(b) Use A to obtain a hypothesized speaker clustering of the SRE
data. A discussion of different clustering algorithms will be
covered in Section 4. These estimated speaker clusters can
then be used to obtain ⌃SRE and �SRE.

(c) Instead of simply using ⌃SRE and �SRE for recognition, the
work in [9] found success in linearly interpolating between
the prior (SWB) and new (SRE) covariance matrices to obtain
the final hyper-parameters, ⌃F and �F, as follows:

⌃F = ↵WC · ⌃SRE + (1� ↵WC) · ⌃SWB (1)

�F = ↵AC · �SRE + (1� ↵AC) · �SWB (2)

We denote the set of parameters as ↵ = {↵AC,↵WC}. Note that
setting ↵ = 1 corresponds to ⌃F = ⌃SRE and �F = �SRE, or the
hyper-parameters obtained using only the hypothesized speaker la-
bels obtained from clustering the unlabeled SRE data. Conversely,
setting ↵ = 0 is equivalent to not using any of the in-domain data;
this yields the 5.54% EER shown on row 2 of Table 2.

One additional possibility is to iterate this procedure, where the
⌃F and �F obtained in step (c) respectively replace the ⌃SWB and
�SWB of step (a) and the process is repeated until some form of con-
vergence criterion is met, after which we proceed to the final recog-
nition task. Coverage of these experiments is beyond the scope of
this paper, but we do see this as a fruitful avenue for future work.

4. CLUSTERING ALGORITHMS

In our experiments, we focus on a subset of the algorithms from
previous work on large-scale speaker clustering [10]. The following
algorithms are designed to work given only a (potentially sparse)
pairwise affinity matrix; that is, we need not go back to the raw data
(i-vectors); simply the relationships between them will suffice.
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  for	
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  Recogni2on	
  

•  Our	
  proposed	
  adapta2on	
  system	
  achieves	
  
EVAL	
  performance	
  that	
  is	
  within	
  15%	
  of	
  a	
  
system	
  that	
  has	
  access	
  to	
  all	
  speaker	
  labels.	
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   5.54%	
  
SWB	
   SRE	
   2.53%	
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  acous2c	
  sequences	
  to	
  
improve	
  speaker-­‐independence	
  
of	
  discovered	
  acous2c	
  units	
  



Overview	
  

Domain	
  Adapta,on	
   Weak	
  Supervision	
  

Speaker	
  
Verifica,on	
  

	
  
Adapt	
  system	
  to	
  changes	
  in	
  

recording	
  technology	
  by	
  applying	
  
exis2ng	
  models	
  to	
  new,	
  unlabeled	
  

data	
  sets	
  
	
  

Ac2vely	
  explore	
  a	
  database	
  of	
  
unknown	
  speakers	
  and	
  build	
  
speaker	
  models	
  using	
  pairwise	
  

equivalence	
  constraints	
  

Language	
  
Iden,fica,on	
  

	
  
Augment	
  exis2ng	
  volumes	
  of	
  
transcribed	
  speech	
  with	
  large-­‐
scale,	
  unsupervised	
  discovery	
  of	
  
acous2c	
  units	
  on	
  untranscribed,	
  

mul2lingual	
  data	
  
	
  

Use	
  equivalence	
  constraints	
  
between	
  acous2c	
  sequences	
  to	
  
improve	
  speaker-­‐independence	
  
of	
  discovered	
  acous2c	
  units	
  



Acous2c	
  Unit	
  Discovery	
  
for	
  Language	
  Iden2fica2on	
  

•  Language	
  recogni2on	
  using	
  i-­‐vectors	
  
–  Spectral	
  feature	
  baseline	
  
– DNN	
  boYleneck	
  feature	
  benchmark	
  

•  Parallelizing	
  a	
  Bayesian	
  nonparametric	
  model	
  for	
  
large-­‐scale	
  acous2c	
  unit	
  discovery	
  

•  Experiments	
  
–  The	
  usefulness	
  of	
  context-­‐dependent	
  modeling	
  	
  
–  The	
  magic	
  of	
  fusion	
  
–  The	
  impact	
  of	
  improved	
  acous2c	
  features	
  
–  The	
  generalizability	
  of	
  language-­‐specific	
  perspec2ves	
  



NIST	
  Language	
  Recogni2on	
  Evalua2on	
  
2011	
  

•  24	
  languages	
  
– Arabic	
  (Iraqi,	
  Levan2ne,	
  Maghrebi,	
  MSA),	
  Bengali,	
  
Czech,	
  Dari,	
  English	
  (American,	
  Indian),	
  Farsi,	
  
Hindi,	
  Lao2an,	
  Mandarin,	
  Pashto,	
  Polish,	
  Punjabi,	
  
Russian,	
  Slovak,	
  Spanish,	
  Tamil,	
  Thai,	
  Turkish,	
  
Ukrainian,	
  Urdu	
  

•  Iden2fy	
  language	
  from	
  30s	
  /	
  10s	
  /	
  3s	
  segments	
  



Building	
  a	
  Language	
  ID	
  System	
  

Feature 
extraction 

Training 
algorithm 

Model for each 
speaker (language) 

Sally (Spanish) 

Bob (English) 

Decision Feature 
extraction 

Recognition 
algorithm 

Speaker/language set 

Algorithm 
parameters 

Unknown test 

Known train 

? 

Framework for Speaker/Language 
Recognition Systems!

08/27/11!Spoken Language Systems, MIT CSAIL !

Models	
  for	
  
each	
  language	
  

English	
  

Spanish	
  



Overview	
  of	
  Spectral	
  Features	
  
Fr
eq

ue
nc
y	
  
(H
z)
	
  

Time	
  (sec)	
  

Fourier 
Transform Magnitude 

•  We	
  capture	
  speech	
  informa2on	
  via	
  a	
  2me	
  sequence	
  of	
  
spectral	
  features	
  (100	
  /	
  second)	
  

•  And	
  produce	
  a	
  2me-­‐frequency	
  evolu2on	
  of	
  the	
  spectrum	
  



The	
  i-­‐vector	
  approach	
  

	
  Extract	
  sequence	
  of	
  
vectors	
  from	
  uCerance	
  

Adapt	
  to	
  obtain	
  target	
  model	
  
Target 
Model 

GMM 

	
  Start	
  from	
  exis,ng	
  
background	
  model	
  

	
  Summarize	
  changes	
  in	
  
low-­‐dimensional	
  i-­‐vector	
  

i	
  
-­‐	
  
v	
  
e	
  
c	
  
t	
  
o	
  
r	
  

Target	
  –	
  Background	
  ≈	
  	
  



Notes	
  about	
  i-­‐vectors	
  

•  UYerance	
  length-­‐independent,	
  low-­‐
dimensional	
  summary	
  representa2on	
  of	
  audio	
  

•  Not	
  par2cularly	
  informa2ve	
  by	
  themselves	
  

•  Convenient	
  for	
  incorpora2ng	
  informa2on	
  
from	
  labeled	
  data	
  



Acous2c	
  i-­‐vector	
  system	
  for	
  
language	
  recogni2on	
  (baseline)	
  

N.	
  Dehak,	
  P.	
  Torres-­‐Carrasquillo,	
  D.	
  Reynolds,	
  and	
  R.	
  Dehak,	
  “Language	
  Recogni2on	
  via	
  i-­‐vectors	
  and	
  dimensionality	
  reduc2on”,	
  Proc.	
  Interspeech,	
  2011.	
  

GMM 
(2048) 

i-vector 
(600) Scoring Scores	
  

Spectral	
  
Feature	
  
Extrac2on	
  

Test	
  audio	
  



Incorpora2ng	
  transcribed	
  English	
  

Feature	
  
Stacking	
  

F.	
  Richardson,	
  D.	
  Reynolds,	
  and	
  N.	
  Dehak,	
  “Deep	
  Neural	
  Network	
  Approaches	
  to	
  Speaker	
  and	
  Language	
  Recogni2on”,	
  IEEE	
  Signal	
  Processing	
  Le<ers,	
  2015.	
  

Spectral	
  
Feature	
  
Extrac2on	
  

	
  
100	
  hours	
  of	
  
transcribed	
  
English	
  

transcrip2on	
  
labels	
  

corresponding	
  
to	
  input	
  audio	
  



Transcribed	
  English-­‐based	
  boYleneck	
  
i-­‐vector	
  system	
  (benchmark)	
  

GMM 
(2048) 

i-vector 
(600) 

Scores	
  

Feature	
  
Stacking	
  

Bottleneck Features 

… … 

F.	
  Richardson,	
  D.	
  Reynolds,	
  and	
  N.	
  Dehak,	
  “Deep	
  Neural	
  Network	
  Approaches	
  to	
  Speaker	
  and	
  Language	
  Recogni2on”,	
  IEEE	
  Signal	
  Processing	
  Le<ers,	
  2015.	
  

Spectral	
  
Feature	
  
Extrac2on	
  

Test	
  audio	
  

Scoring 

Error	
  (30s	
  Segments)	
  

Spectral	
  Feature	
  Baseline	
   5.3	
  

Transcribed	
  English	
  Benchmark	
   2.6	
  



Why	
  this	
  works	
  

•  Increasing	
  phone2c	
  awareness	
  
– Language	
  comes	
  naturally	
  to	
  humans	
  
– Analogy	
  

•  A	
  computer	
  iden2fying	
  spoken	
  language	
  without	
  
phone2c	
  awareness	
  (i.e.,	
  from	
  spectral	
  features)	
  

•  A	
  human	
  iden2fying	
  birds	
  by	
  their	
  respec2ve	
  song	
  



Comments	
  

•  Incorpora2ng	
  transcribed	
  English	
  effec2vely	
  
cuts	
  the	
  error	
  rate	
  in	
  half.	
  
– But	
  there	
  are	
  23	
  other	
  languages!	
  

•  Incorpora2ng	
  transcribed	
  data	
  from	
  other	
  
languages	
  helps	
  even	
  more.	
  
– Can	
  we	
  make	
  good	
  use	
  of	
  untranscribed	
  data?	
  

R.	
  Fer,	
  P.	
  Matejka,	
  F.	
  Grezl,	
  O.	
  Plchot,	
  and	
  J.	
  Cernocky,	
  “Mul2lingual	
  BoYleneck	
  Features	
  for	
  Language	
  Recogni2on,”	
  Proceedings	
  of	
  Interspeech,	
  2015.	
  



Transcribed	
  English-­‐based	
  boYleneck	
  
i-­‐vector	
  system	
  (benchmark)	
  

GMM 
(2048) 

i-vector 
(600) 

Scores	
  

Feature	
  
Stacking	
  

Bottleneck Features 

… … 

F.	
  Richardson,	
  D.	
  Reynolds,	
  and	
  N.	
  Dehak,	
  “Deep	
  Neural	
  Network	
  Approaches	
  to	
  Speaker	
  and	
  Language	
  Recogni2on”,	
  IEEE	
  Signal	
  Processing	
  Le<ers,	
  2015.	
  

labels	
  from	
  
100	
  hours	
  of	
  
transcribed	
  
English	
  

Spectral	
  
Feature	
  
Extrac2on	
  

Scoring 



Acous2c	
  unit	
  discovery-­‐based	
  
boYleneck	
  i-­‐vector	
  system	
  (proposed)	
  

GMM 
(2048) 

i-vector 
(600) 

Scores	
  

Spectral	
  
Feature	
  
Extrac2on	
  

Feature	
  
Stacking	
  

Bottleneck Features 

… … 

labels	
  from	
  
discovered	
  

acous,c	
  units	
  

Scoring 

S.	
  Shum,	
  D.	
  Harwath,	
  N.	
  Dehak,	
  and	
  J.	
  Glass,	
  “On	
  the	
  Use	
  of	
  Acous2c	
  Unit	
  Discovery	
  for	
  Language	
  Recogni2on,”	
  	
  
IEEE	
  Transac2ons	
  on	
  Audio,	
  Speech,	
  and	
  Language	
  Processing,	
  2016.	
  [To	
  Appear]	
  



Mo2va2on	
  

•  Standard	
  speech	
  recogni2on	
  systems	
  rely	
  on	
  
– Transcribed	
  speech	
  
– Language	
  models	
  
– Pronuncia2on	
  dic2onaries	
  

•  Usually	
  only	
  available	
  for	
  a	
  subset	
  of	
  languages	
  
•  Can	
  we	
  discover	
  what	
  we	
  need	
  automa2cally?	
  
•  Unsupervised	
  methods	
  allow	
  us	
  to	
  work	
  directly	
  
on	
  the	
  (untranscribed)	
  data	
  pertaining	
  to	
  the	
  
evalua2on	
  at	
  hand	
  	
  



Assessing	
  the	
  usefulness	
  of	
  acous2c	
  
unit	
  discovery	
  for	
  language	
  ID	
  

Acous2c	
  Unit	
  Discovery	
   Acous,c	
  Units	
  

Mul,lingual	
  
training	
  audio	
  

labels	
  from	
  
discovered	
  

acous,c	
  units	
  

Feature	
  
Stacking	
  

Spectral	
  
Feature	
  
Extrac2on	
  



Bayesian	
  acous2c	
  unit	
  discovery	
  
(BAUD)	
  

Chia-­‐ying	
  Lee	
  and	
  James	
  R.	
  Glass,	
  “A	
  Nonparametric	
  Bayesian	
  Approach	
  to	
  Acous2c	
  Model	
  Discovery,”	
  Proceedings	
  of	
  ACL,	
  2012.	
  

unknown	
  

observed	
  

segmenta,on	
  

clustering	
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Figure 2.1. An example of the observed data and hidden variables of the problem for the word banana. See
Section 2.3 for a detailed explanation.

1. Segmentation: To find the phonetic boundaries within each utterance (i.e., to find seg-
ments).

2. Nonparametric clustering: To find a proper set of clusters and group acoustically similar
segments into the same cluster (i.e., to find sub-word units).

3. Sub-word modeling: To learn an HMM to model each sub-word acoustic unit.

We model the three sub-tasks as latent variables in our approach. In this section, we describe
the observed data, latent variables, and auxiliary variables of the problem and show an example
in Fig. 2.1. In the next section, we show the generative process our model uses to generate the
observed data.

⌅ 2.3.1 Observed and Latent Variables

• Speech Feature (xi
t

): The only observed data for our problem are a set of spoken utter-
ances, which are converted to a series of 25 ms 13-dimensional Mel-Frequency Cepstral
Coefficients (MFCCs) [23], and their first- and second-order time derivatives at a 10 ms
analysis rate. We use xi

t

2 R39 to denote the tth feature frame of the ith utterance.



Approximate	
  Distributed	
  BAUD	
  

•  Based	
  off	
  of	
  work	
  in	
  (Lee	
  &	
  Glass,	
  2012)	
  

•  Not	
  quite	
  fully	
  Bayesian	
  
– Specify	
  number	
  of	
  acous2c	
  units	
  to	
  learn	
  (100)	
  
– Paralleliza2on	
  only	
  approximates	
  Gibbs	
  sampling	
  

•  Serial	
  Gibbs	
  sampling	
  takes	
  much	
  longer	
  to	
  converge	
  
•  But	
  scalable	
  to	
  larger	
  datasets	
  (200+	
  hours)	
  than	
  TIMIT	
  

– Maximum	
  likelihood	
  model	
  updates	
  

A.	
  Ihler	
  and	
  D.	
  Newman,	
  “Understanding	
  Errors	
  in	
  Approximate	
  Distributed	
  Latent	
  Dirichlet	
  Alloca2on,”	
  
IEEE	
  Transac2ons	
  on	
  Knowledge	
  and	
  Data	
  Engineering,	
  May	
  2012.	
  



Assessing	
  the	
  usefulness	
  of	
  acous2c	
  
unit	
  discovery	
  for	
  language	
  ID	
  

Spectral	
  
Feature	
  
Extrac2on	
  

Acous2c	
  Unit	
  Discovery	
   Acous,c	
  Units	
  

Mul,lingual	
  
training	
  audio	
  

labels	
  from	
  
discovered	
  

acous,c	
  units	
  



Roadmap	
  

•  Language	
  recogni2on	
  using	
  i-­‐vectors	
  
–  Spectral	
  feature	
  baseline	
  
– DNN	
  boYleneck	
  feature	
  benchmark	
  

•  Parallelizing	
  a	
  Bayesian	
  nonparametric	
  model	
  for	
  
large-­‐scale	
  acous2c	
  unit	
  discovery	
  

•  Experiments	
  
–  The	
  usefulness	
  of	
  context-­‐dependent	
  modeling	
  	
  
–  The	
  magic	
  of	
  fusion	
  
–  The	
  impact	
  of	
  improved	
  acous2c	
  features	
  
–  The	
  generalizability	
  of	
  language-­‐specific	
  perspec2ves	
  



Acous2c	
  unit	
  discovery-­‐based	
  
boYleneck	
  i-­‐vector	
  system	
  (proposed)	
  

GMM 
(2048) 

i-vector 
(600) 

Scores	
  

Spectral	
  
Feature	
  
Extrac2on	
  

Feature	
  
Stacking	
  

Bottleneck Features 

… … 

labels	
  from	
  
discovered	
  

acous,c	
  units	
  

Scoring 

S.	
  Shum,	
  D.	
  Harwath,	
  N.	
  Dehak,	
  and	
  J.	
  Glass,	
  “On	
  the	
  Use	
  of	
  Acous2c	
  Unit	
  Discovery	
  for	
  Language	
  Recogni2on,”	
  	
  
IEEE	
  Transac2ons	
  on	
  Audio,	
  Speech,	
  and	
  Language	
  Processing,	
  2016.	
  [To	
  Appear]	
  



Per-­‐frame	
  label	
  sequences	
  

Chia-­‐ying	
  Lee	
  and	
  James	
  R.	
  Glass,	
  “A	
  Nonparametric	
  Bayesian	
  Approach	
  to	
  Acous2c	
  Model	
  Discovery,”	
  Proceedings	
  of	
  ACL,	
  2012.	
  

unknown	
  

unit	
  sequence	
  

state	
  sequence	
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Figure 2.1. An example of the observed data and hidden variables of the problem for the word banana. See
Section 2.3 for a detailed explanation.

1. Segmentation: To find the phonetic boundaries within each utterance (i.e., to find seg-
ments).

2. Nonparametric clustering: To find a proper set of clusters and group acoustically similar
segments into the same cluster (i.e., to find sub-word units).

3. Sub-word modeling: To learn an HMM to model each sub-word acoustic unit.

We model the three sub-tasks as latent variables in our approach. In this section, we describe
the observed data, latent variables, and auxiliary variables of the problem and show an example
in Fig. 2.1. In the next section, we show the generative process our model uses to generate the
observed data.

⌅ 2.3.1 Observed and Latent Variables

• Speech Feature (xi
t

): The only observed data for our problem are a set of spoken utter-
ances, which are converted to a series of 25 ms 13-dimensional Mel-Frequency Cepstral
Coefficients (MFCCs) [23], and their first- and second-order time derivatives at a 10 ms
analysis rate. We use xi

t

2 R39 to denote the tth feature frame of the ith utterance.



Exploi2ng	
  context-­‐dependence	
  	
  

•  Treat	
  unit	
  sequences	
  as	
  transcrip2ons	
  and	
  
train	
  a	
  unit	
  recognizer	
  
– Relaxes	
  boundary	
  variable-­‐based	
  segmenta2on	
  
– Allows	
  for	
  context-­‐dependent	
  modeling	
  of	
  units	
  

•  Use	
  resul2ng	
  context-­‐dependent	
  HMM	
  state	
  
sequences	
  (i.e.,	
  “senones”)	
  as	
  per-­‐frame	
  
labels	
  for	
  DNN	
  training	
  



Ini2al	
  experiments	
  and	
  results	
  

•  Run	
  BAUD	
  on	
  240hrs	
  of	
  mul2lingual	
  audio	
  
– 10	
  hours	
  from	
  each	
  of	
  24	
  languages	
  represented	
  

100	
  units	
  (CI)	
   300	
  states	
  (CI)	
   4000	
  senones	
  (CD)	
  

Mul2lingual	
  BAUD	
  
(240	
  hrs)	
   9.0	
   6.7	
   5.2	
  

Spectral	
  Feature	
  Baseline	
   5.3	
  

Transcribed	
  English	
  Benchmark	
   2.6	
  

Results	
  shown	
  are	
  the	
  Average	
  Detec2on	
  Cost	
  *	
  100	
  and	
  can	
  be	
  interpreted	
  as	
  a	
  measure	
  of	
  error.	
  



Finding	
  complementarity	
  

•  BAUD	
  system	
  was	
  barely	
  beYer	
  than	
  baseline	
  
– But	
  what	
  if	
  we	
  fused	
  the	
  two	
  systems	
  together?	
  

Detec,on	
  Cost	
  (30s	
  Segments)	
  

[*]	
  Spectral	
  Feature	
  Baseline	
   5.3	
  

[*]	
  BAUD(LRE),	
  senones	
   5.2	
  

Score-­‐level	
  fusion	
  of	
  [*]	
  above	
   3.8	
  

Transcribed	
  SWB	
  Benchmark	
   2.6	
  



Can	
  we	
  do	
  beYer	
  with	
  improved	
  features?	
  

•  Unsupervised	
  methods	
  make	
  assump2ons	
  
about	
  the	
  distribu2on	
  of	
  the	
  data	
  
–  Is	
  there	
  a	
  representa2on	
  that	
  beYer	
  fits	
  these	
  
assump2ons?	
  

•  Experiment	
  
– Run	
  BAUD	
  using	
  boYleneck	
  features	
  trained	
  on	
  100	
  
hours	
  of	
  transcribed	
  English	
  

– No	
  longer	
  fully	
  unsupervised,	
  but	
  neither	
  
unreasonable	
  nor	
  unrealis2c	
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Transcribed	
  English-­‐based	
  boYleneck	
  
features	
  for	
  BAUD	
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Train	
  a	
  new	
  DNN	
  from	
  scratch	
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English-­‐inspired	
  acous2c	
  unit	
  discovery-­‐
based	
  boYleneck	
  i-­‐vector	
  system	
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Transcribed	
  English-­‐inspired	
  improvements	
  

Detec,on	
  Cost	
  (30s	
  Segments)	
  

[*]	
  Spectral	
  Feature	
  Baseline	
   5.3	
  

[*]	
  BAUD(LRE,	
  MFCC),	
  senones	
   5.2	
  

Score-­‐level	
  fusion	
  of	
  [*]	
  above	
   3.8	
  

[**]	
  BAUD(LRE,	
  SWB-­‐BN),	
  senones	
   2.9	
  

[**]	
  Transcribed	
  SWB	
  Benchmark	
   2.6	
  

Score-­‐level	
  fusion	
  of	
  [**]	
  above	
   2.1	
  



Roadmap	
  

•  Language	
  recogni2on	
  using	
  i-­‐vectors	
  
–  Spectral	
  feature	
  baseline	
  
– DNN	
  boYleneck	
  feature	
  benchmark	
  

•  Parallelizing	
  a	
  Bayesian	
  nonparametric	
  model	
  for	
  
large-­‐scale	
  acous2c	
  unit	
  discovery	
  

•  Experiments	
  
–  The	
  usefulness	
  of	
  context-­‐dependent	
  modeling	
  	
  
–  The	
  magic	
  of	
  fusion	
  
–  The	
  impact	
  of	
  improved	
  acous2c	
  features	
  
–  The	
  generalizability	
  of	
  language-­‐specific	
  perspec2ves	
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NIST	
  Language	
  Recogni2on	
  Evalua2on	
  
2015	
  

•  20	
  languages,	
  6	
  clusters	
  
–  Arabic	
  

•  Egyp2an,	
  Iraqi,	
  Levan2ne,	
  Maghrebi,	
  Modern	
  Standard	
  
–  Chinese	
  

•  Cantonese,	
  Mandarin,	
  Min,	
  Wu	
  
–  English	
  

•  Bri2sh,	
  American,	
  Indian	
  
–  French	
  

•  West	
  African,	
  Hai2an	
  Creole	
  
–  Iberian	
  

•  Caribbean	
  Spanish,	
  European	
  Spanish,	
  La2n	
  American	
  Spanish,	
  
Brazilian	
  Portuguese	
  

–  Slavic	
  
•  Polish,	
  Russian	
  



NIST	
  Language	
  Recogni2on	
  Evalua2on	
  
2015	
  

•  Different	
  evalua2on	
  protocol	
  
–  Iden2fy	
  individual	
  languages	
  within	
  their	
  
respec2ve	
  language	
  clusters	
  

•  Same	
  performance	
  trends	
  

•  Language-­‐specific	
  perspec2ves	
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NIST	
  LRE	
  2015	
  
(Vanilla	
  BAUD)	
  

Cluster	
   #	
  hrs	
   Arabic	
   Chinese	
   English	
   Iberian	
   Slavic	
   Average	
  

Arabic	
   23	
   25.8	
   21.4	
   18.6	
   22.9	
   8.84	
   19.5	
  

Chinese	
   23	
   26.7	
   21.0	
   17.5	
   22.9	
   10.2	
   19.6	
  

English	
   23	
   26.5	
   21.8	
   15.7	
   23.0	
   9.37	
   19.3	
  

Iberian	
   23	
   27.3	
   21.5	
   19.8	
   22.5	
   9.71	
   20.2	
  

Slavic	
   23	
   26.1	
   21.2	
   19.1	
   22.5	
   8.69	
   19.5	
  

Fused	
   (115)	
   24.9	
   18.4	
   14.2	
   20.7	
   7.00	
   17.0	
  

All	
   115	
   25.3	
   18.2	
   16.4	
   22.0	
   7.89	
   18.0	
  



NIST	
  LRE	
  2015	
  
(English-­‐inspired	
  BAUD)	
  

•  asdf	
  Cluster	
   #	
  hrs	
   Arabic	
   Chinese	
   English	
   Iberian	
   Slavic	
   Average	
  

Arabic	
   23	
   20.9	
   16.0	
   15.2	
   20.3	
   6.39	
   15.8	
  

Chinese	
   23	
   22.1	
   16.1	
   15.2	
   20.3	
   5.72	
   15.9	
  

English	
   23	
   21.6	
   15.4	
   12.8	
   19.2	
   5.84	
   15.0	
  

Iberian	
   23	
   21.4	
   15.3	
   15.5	
   19.1	
   5.40	
   15.3	
  

Slavic	
   23	
   21.3	
   16.0	
   15.6	
   20.8	
   4.66	
   15.7	
  

Fused	
   (115)	
   19.5	
   12.9	
   11.2	
   17.6	
   3.53	
   12.9	
  

Benchmark	
   315	
   19.6	
   13.1	
   11.2	
   18.4	
   3.27	
   13.1	
  



Summary	
  

•  Language	
  recogni2on	
  using	
  i-­‐vectors	
  
–  Spectral	
  feature	
  baseline	
  
– DNN	
  boYleneck	
  feature	
  benchmark	
  

•  Parallelizing	
  a	
  Bayesian	
  nonparametric	
  model	
  for	
  
large-­‐scale	
  acous2c	
  unit	
  discovery	
  

•  Experiments	
  
–  The	
  usefulness	
  of	
  context-­‐dependent	
  modeling	
  	
  
–  The	
  magic	
  of	
  fusion	
  
–  The	
  impact	
  of	
  improved	
  acous2c	
  features	
  
–  The	
  generalizability	
  of	
  language-­‐specific	
  perspec2ves	
  



Overview	
  

Domain	
  Adapta,on	
   Weak	
  Supervision	
  

Speaker	
  
Verifica,on	
  

	
  
Adapt	
  system	
  to	
  changes	
  in	
  

recording	
  technology	
  by	
  applying	
  
exis2ng	
  models	
  to	
  new,	
  unlabeled	
  

data	
  sets	
  
	
  

Ac2vely	
  explore	
  a	
  database	
  of	
  
unknown	
  speakers	
  and	
  build	
  
speaker	
  models	
  using	
  pairwise	
  

equivalence	
  constraints	
  

Language	
  
Iden,fica,on	
  

	
  
Augment	
  exis2ng	
  volumes	
  of	
  
transcribed	
  speech	
  with	
  large-­‐
scale,	
  unsupervised	
  discovery	
  of	
  
acous2c	
  units	
  on	
  untranscribed,	
  

mul2lingual	
  data	
  
	
  

Use	
  equivalence	
  constraints	
  
between	
  acous2c	
  sequences	
  to	
  
improve	
  speaker-­‐independence	
  
of	
  discovered	
  acous2c	
  units	
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Can	
  we	
  improve	
  acous2c	
  unit	
  discovery	
  
using	
  equivalence	
  constraints?	
  

•  Find	
  repeated	
  acous2c	
  segments	
  

       he            too                 was       diagnosed           with    paranoid          schizophrenia	



   were   willing   to    put      nash’s         schizophrenia          on the     record	





•  Find	
  repeated	
  acous2c	
  segments	
  

•  Verify	
  that	
  these	
  segments	
  match	
  

•  Constrain	
  unit	
  discovery	
  process	
  to	
  learn	
  
similar	
  unit	
  sequences	
  for	
  matched	
  segments	
  

Can	
  we	
  improve	
  acous2c	
  unit	
  discovery	
  
using	
  equivalence	
  constraints?	
  



Proposed	
  Methods	
  

•  Assump2on	
  
– Given	
  sets	
  of	
  pronuncia2on-­‐equivalent	
  uYerances	
  
(e.g.,	
  words,	
  phrases,	
  or	
  sentences)	
  

•  DTW-­‐based	
  segmenta2on	
  consolida2on	
  
•  Equivalence-­‐constrained	
  clustering	
  



Transcrip2on:	
  
“really”	
  

(not	
  known)	
  



DTW-­‐based	
  segmenta2on	
  consolida2on	
  

•  For	
  each	
  set	
  of	
  pronuncia2on-­‐equivalent	
  
uYerances:	
  

•  Pick	
  an	
  uYerance	
  to	
  use	
  as	
  an	
  exemplar	
  
•  Obtain	
  landmark	
  segmenta2on	
  from	
  exemplar	
  

•  Use	
  dynamic	
  2me	
  warp	
  (DTW)	
  alignment	
  
between	
  exemplar	
  and	
  all	
  other	
  uYerances	
  to	
  
map	
  exemplar	
  segmenta2on	
  to	
  all	
  the	
  other	
  
uYerances	
  



Equivalence-­‐constrained	
  clustering	
  

•  For	
  each	
  set	
  of	
  pronuncia2on-­‐equivalent	
  
uYerances:	
  

•  Pick	
  an	
  uYerance	
  uniformly	
  at	
  random;	
  
•  Sample	
  acous2c	
  unit	
  sequence	
  (as	
  in	
  BAUD);	
  

•  Pretend	
  as	
  though	
  every	
  other	
  u<erance	
  in	
  
the	
  set	
  also	
  sampled	
  the	
  exact	
  same	
  acous2c	
  
unit	
  sequence	
  and	
  update	
  models	
  accordingly.	
  



Key	
  Takeaways	
  

•  Experiments	
  on	
  TIMIT	
  
– Run	
  constrained	
  BAUD	
  on	
  training	
  subset	
  
– Evaluate	
  models	
  on	
  test	
  subset	
  

•  Evalua2on	
  metrics	
  and	
  results	
  
– Normalized	
  mutual	
  informa2on	
  (NMI)	
  

•  ~5%	
  rela2ve	
  increase	
  (vs.	
  unconstrained	
  BAUD)	
  
– Defined	
  a	
  word	
  error	
  rate-­‐based	
  metric	
  to	
  measure	
  
inconsistency	
  between	
  equivalent	
  sequences	
  

•  ~10%	
  rela2ve	
  decrease	
  (vs.	
  unconstrained	
  BAUD)	
  



Thesis	
  Contribu2ons	
  

Domain	
  Adapta,on	
   Weak	
  Supervision	
  

Speaker	
  
Verifica,on	
  

	
  
Adapt	
  system	
  to	
  changes	
  in	
  

recording	
  technology	
  by	
  applying	
  
exis2ng	
  models	
  to	
  new,	
  unlabeled	
  

data	
  sets	
  
	
  

Ac2vely	
  explore	
  a	
  database	
  of	
  
unknown	
  speakers	
  and	
  build	
  
speaker	
  models	
  using	
  pairwise	
  

equivalence	
  constraints	
  

Language	
  
Iden,fica,on	
  

	
  
Augment	
  exis2ng	
  volumes	
  of	
  
transcribed	
  speech	
  with	
  large-­‐
scale,	
  unsupervised	
  discovery	
  of	
  
acous2c	
  units	
  on	
  untranscribed,	
  

mul2lingual	
  data	
  
	
  

Use	
  equivalence	
  constraints	
  
between	
  acous2c	
  sequences	
  to	
  
improve	
  speaker-­‐independence	
  
of	
  discovered	
  acous2c	
  units	
  



Future	
  Work	
  

•  Domain	
  adapta2on	
  
– Telephone	
  à	
  Microphone	
  
– Out-­‐of-­‐domain	
  detec2on	
  

•  Weak	
  supervision	
  
– Noisy	
  labels	
  
–  Improved	
  feature	
  representa2ons	
  
– Towards	
  crowd-­‐supervised	
  development	
  of	
  
speech	
  technologies	
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