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OBTAIN UTTERANCE VECTOR 
202 

+ 
DETERMINE HASH VALUES 

204 

+ 
DETERMINE SPEAKER VECTORS BASED ON THE HASH 

VALUES 206 

+ 
COMPARE THE SPEAKER VECTORS WITH THE 

UTTERANCE VECTOR 208 

+ 
SELECT A SPEAKER VECTOR BASED ON COMPARING 

WITH THE UTTERANCE VECTOR 210 

FIG. 2 
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SPEAKER IDENTIFICATION USING 
HASH-BASED INDEXING 

CROSS-REFERENCE TO RELATED 
APPLICATION 

2 
neural network; and determining the set of speaker vectors 
from the plurality of hash tables using the hash values 
includes determining a set of speaker vectors in which each 
speaker vector includes parameters determined based on 
deep neural network activations that occur in response to 
information about one or more utterances of a respective 
speaker being provided to the deep neural network. 

Implementations may include one or more of the follow­
ing features. For example, accessing data indicating asso-

This application claims the benefit of U.S. Provisional 
Patent Application Ser. No. 61/899,434, filed Nov. 4, 2013. 
The entire contents of U.S. Provisional Patent Application 
Ser. No. 61/899,434 are hereby incorporated by reference. 

TECHNICAL FIELD 

10 ciations between the speaker vectors and respective speak­
ers; determining, based on the data indicating the 
associations between the speaker vectors and the respective 
speakers, a speaker identity corresponding to the selected 

This specification generally relates to speech recognition 
systems, and some implementations relate to determining or 15 

verifying an identity of a speaker. 

BACKGROUND 

speaker vector; and outputting data indicating the speaker 
identity. The method may include: identifying one or more 
media items that include utterances of a speaker correspond-
ing to the selected speaker vector; and outputting data 
indicating the identified one or more media items. The 
method may include: determining that the selected speaker 

Speaker identification generally involves determining a 
likely identity of a speaker based on speech samples from 
the speaker. Often, the more potential speaker identities a 
system has to select from among, the more computation and 
time is required to identify the correct speaker from among 
the potential speaker identities. 

20 vector corresponds to a particular user; and based at least in 
part on the determining that the selected speaker vector 
corresponds to a particular user identity, authenticating the 
particular user. 

Implementations may include one or more of the follow-

SUMMARY 

25 ing features. For example, determining the hash values 
includes determining the hash values using one or more 
locality sensitive hash functions. Determining the hash 
values includes determining the hash values based on a 
position of the utterance vector with respect to different Speaker identification is an important area of speech 

processing. In addition to identification accuracy, large-scale 
applications of speaker identification give rise to another 
challenge: fast search in the database of speakers. As dis­
cussed below, a system for speaker identification can use 
speaker vectors such as identity vectors ("i-vectors") and 
locality sensitive hashing, an algorithm for fast nearest- 35 

neighbor search in high dimensions. The connection 
between the two techniques is the cosine distance: the cosine 
distance may be used to compare vectors, and locality 
sensitive hashing allows approximation of the cosine dis­
tance in the retrieval procedure. In some implementations, 40 

an approach that combines the use of speaker vector tech­
niques and locality sensitive hashing can be faster than a 
linear search while maintaining high identification accuracy. 

30 hyperplanes. Determining the hash values includes: deter­
mining first hash values for the utterance vector based on a 
first set of hash functions; and determining second hash 
values as different combinations of two or more of the first 

In one general aspect, a method includes: obtaining an 
utterance vector that is derived from an utterance; determin- 45 

ing hash values for the utterance vector according to mul­
tiple different hash functions; determining a set of speaker 
vectors from a plurality of hash tables using the hash values, 
each speaker vector being derived from one or more utter­
ances of a respective speaker; comparing the speaker vectors 50 

in the set with the utterance vector; and selecting a speaker 
vector based on comparing the speaker vectors in the set 
with the utterance vector. 

Implementations may include one or more of the follow-
ing features. For example, the utterance vector includes 55 

obtaining an utterance i-vector for the utterance, the utter­
ance i-vector comprising parameters determined using mul­
tivariate factor analysis of the utterance; and determining the 
set of speaker vectors from the plurality of hash tables using 
the hash values includes determining a set of speaker 60 

i-vectors from the plurality of hash tables, each speaker 
i-vector comprising parameters determined using multivari-
ate factor analysis of one or more utterances of a respective 
speaker. Obtaining the utterance vector includes obtaining 
an utterance vector comprising parameters determined based 65 

on deep neural network activations that occur in response to 
information about the utterance being provided to the deep 

hash values; where determining the set of speaker vectors 
from the plurality of hash tables using the hash values 
includes determining the set of speaker vectors from the 
plurality of hash tables using the second hash values. Com­
paring the speaker vectors in the set with the utterance vector 
includes determining similarity scores that each indicate a 
degree of similarity of the utterance vector and one of the 
speaker vectors in the set; and selecting a speaker vector 
includes selecting the speaker vector that the similarity 
scores indicate is most similar to the utterance vector. 

Implementations may include one or more of the follow­
ing features. For example, determining similarity scores that 
each indicate a degree of similarity of the utterance vector 
and one of the speaker vectors in the set includes determin­
ing a cosine distance between the utterance vector and each 
of the speaker vectors in the set. Selecting the speaker vector 
that the similarity scores indicate is most similar to the 
utterance vector includes: identifying the smallest cosine 
distance from among the determined cosine distances; deter­
mining that the smallest cosine distance is less than a 
maximum distance threshold value; and based on determin­
ing that the smallest cosine distance is less than the maxi­
mum distance threshold value, selecting the speaker vector 
corresponding to the smallest cosine distance. Each of the 
speaker vectors corresponds to a different speaker; and the 
method further includes providing data indicating that the 
speaker corresponding to the selected speaker vector is the 
speaker of the utterance. The method may include obtaining 
multiple speaker vectors that each indicate characteristics of 
speech of a respective speaker; and, for each particular 
speaker vector of the multiple speaker vectors: determining 
hash values for the particular speaker vector according to 
each of the multiple different hash functions; and inserting 
the particular speaker vector into each of the plurality of 
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hash tables based on the hash values. Obtaining multiple 
speaker vectors that each indicate characteristics of speech 
of a respective speaker includes: accessing a set of multiple 
video resources; and generating a speaker vector for each of 
the multiple video resources. 

4 
identification include authentication in security-critical sys­
tems, personalized speech recognition, and searching for 
speakers in large corpora. Due to the increasing amount of 
data-especially in web-scale applications-fast processing 
of speech data is becoming increasingly important. While 
the audio corpus can usually be pre-processed oflline and in 
parallel, the retrieval procedure directly impacts user latency 
and needs to be executed as quickly as possible. The 

In another general aspect, a method includes: obtaining an 
utterance i-vector for an utterance; determining hash values 
for the utterance i-vector according to multiple different 
hash functions; determining a set of speaker i-vectors from 
a plurality of hash tables using the hash values; comparing 
the speaker i-vectors in the set with the utterance i-vector; 10 

and selecting a speaker i-vector based on comparing the 
speaker i-vectors in the set with the utterance i-vector. 

techniques discussed below can be used to perform fast, 
text-independent speaker identification in large corpora. 
Good identification performance (e.g., accuracy) can be 
maintained while significantly increasing the speed of 
retrieval. These techniques can include an i-vector-based 
speaker identification system combined with locality sensi­
tive hashing (LSH), a powerful tool for approximate nearest 
neighbor search in high dimensions. 

In another general aspect, a method includes: obtaining 
multiple speaker i-vectors that each correspond to a different 
speaker; and for each of the multiple speaker i-vectors: (i) 15 

determining hash values for the speaker i-vector according 
One application of the speaker identification system dis­

cussed below is searching web videos for a given speaker. 
Web-based videos are an example of the challenges of fast 

to multiple different hash functions; and (ii) inserting the 
speaker i-vector into a plurality of hash tables based on the 
hash values. 

Implementations may include one or more of the follow­
ing features. For example, determining the hash values 
includes determining the hash values using locality sensitive 
hash functions. Determining the hash values includes deter­
mining the hash values based on a position of the speaker 
i-vector with respect to different hyperplanes. Determining 
hash values for the speaker i-vector according to multiple 
different hash functions includes: determining first hash 
values for the speaker i-vector based on a first set of hash 
functions; and determining second hash values as different 
combinations of two or more of the first hash values. 
Inserting the speaker i-vector into a plurality of hash tables 
based on the hash values includes inserting the speaker 
i-vector into each of the plurality of hash tables based on the 
second hash values. 

Other implementations of these and other aspects include 
corresponding systems, apparatus, and computer programs, 
configured to perform the actions of the methods, encoded 

20 retrieval from a large data set. Each day, several years' worth 
of video are being uploaded to the web. Even if only a small 
fraction of this video is human speech, the amount of data 
to be processed for a single query is still very large. 

The LSH-based retrieval approach discussed below can 
25 be faster than a linear search. In some instances, LSH-based 

search is several times faster, or even one or more orders of 
magnitude faster. At the same time, the identification accu­
racy may be close to or roughly equivalent to the more 
expensive algorithm. When LSH is used to approximate the 

30 cosine-distance of i-vectors, the techniques can be imple­
mented with provable performance guarantees. Implemen­
tations of LSH-based similarity search may be used with 
large data sets, such as data sets of hundreds of thousands of 
items, millions of items, tens of millions of items, hundreds 

35 of millions of items, or a billion items or more. Thus, some 
implementations can have excellent scalability for large­
scale data. 

In some implementations, i-vector-based speaker identi­
fication techniques are used to identify a speaker. Robustly 
recognizing a speaker in spite of large inter-session vari­
ability such as background noise or different communication 
channels is one of the main limitations for speaker identi­
fication systems. Most techniques can be framed into the 
Factor Analysis (FA) paradigm, which aims to express the 

on computer storage devices. A system of one or more 
computers can be so configured by virtue of software, 
firmware, hardware, or a combination of them installed on 40 

the system that in operation cause the system to perform the 
actions. One or more computer programs can be so config­
ured by virtue of having instructions that, when executed by 
data processing apparatus, cause the apparatus to perform 

45 main "factors" contributing to the observed variability in a 
compact way. Another technique is the Joint Factor Analysis 
(JFA) formulation, where the acoustic space is divided into 
different subspaces. These subspaces independently model 

the actions. 
The details of one or more implementations of the subject 

matter described in this specification are set forth in the 
accompanying drawings and the description below. Other 
potential features, aspects, and advantages of the subject 
matter will become apparent from the description, the draw- 50 

ings, and the claims. 

factors associated with the session variability and factors 
contributing to the interspeaker variability, e.g., a speaker 
corresponds to a vector in a low-dimensional subspace. 

Another technique is the Total Variability Model (TVM), 
where all sources of variability (both speaker and session) 
are modeled together in a single low-dimensional space. In 

BRIEF DESCRIPTION OF THE DRAWINGS 

FIGS. lA and 1B are diagrams illustrating a system for 
speaker identification. 

FIG. 2 is a flow diagram illustrating a process for speaker 
identification. 

FIG. 3 is a schematic diagram that shows an example of 
a computing device and a mobile computing device. 

Like reference numbers and designations in the various 
drawings indicate like elements. 

DETAILED DESCRIPTION 

Speaker identification is one of the core areas of speech 
processing and acoustic modeling. Applications of speaker 

55 the TVM approach, the low-dimensional vector of latent 
factors for a given utterance is called an i-vector, and 
i-vectors are considered sufficient to represent the differ­
ences between various utterances. Now, speaker information 
and undesirable session effects are separated entirely in the 

60 i-vector domain. This separation step is typically carried out 
via classical Linear Discriminant Analysis (LDA) and/or 
Within Class Covariance Normalization (WCCN). The 
cosine distance is typically used for the final comparison of 
a speaker reference i-vector with an utterance i-vector. 

65 Hereafter, the Total Variability system followed by the 
classical LDA and WCCN is referred to simply as Total 
Variability or TVM. 
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Probabilistic Linear Discriminant Analysis (PLDA) may 
be used to independently model the speaker and session 
factors in the i-vector space with a probabilistic framework. 
This method uses a hypothesis test for i-vector matching. 

In some implementations, locality sensitive hashing may 
be used to facilitate data retrieval. The nearest neighbor 
problem is a core element in many search tasks: given a set 
of a points {x1, ... , xJ-'=--X, a query point qEX and a 
distance function d:XxX _,. IR{ +, find the point x, minimizing 
d(x,, q). While efficient data structures for the exact problem 10 

in low-dimensional spaces are known, they have an expo­
nential dependence on the dimension ofX ("curse of dimen­
sionality"). In order to circumvent this issue, LSH solves the 
c-approximate nearest-neighbor problem: instead of finding 15 
the nearest neighbor, it suffices to return a point x, with d(x,, 
q)sc minxJEX d(x1, q). An approximate guarantee is still 
useful because the distance function d is often only an 
approximation of the ground truth. A particular strength of 
LSH is its provably sub linear running time, which also holds 20 

in practice. 

6 
for mixture m and observation o. Hereafter, FE!R{ en is 
referred to as the vector containing the stacked statistics 
F=(F1r, ... 'Fcrf. 

The i-vector associated with the sequence 8 is denoted as 
XE IR{ d_ According to the TV model, the vector F is related to 
x via the rectangular low-rank matrix TElRI cnxd known as 
the TV subspace, as shown in Equation 2: 

lv1F=Tx, 

In Equation 2, TE!R{ cnxcn is a diagonal matrix with C 
blocks of size DxD along the diagonal. Block m= 1, ... , C 
is the matrix NmI(DxD)· 

The constraints imposed on the distributions of P(x) and 
P(Flx) lead to a closed-form solution for P(xlF). The i-vector 
is the mean of this distribution and is given as shown below 
in Equation 3: 

x=(l+TT:E.- 1NT)- 1TT:E.- 1F, 

In Equation 3, ~E!R{ cnxcD is the covariance matrix of F. 
Therefore, in some implementations, i-vector extraction 
depends on the utterance data and the TV model parameters 
A, T, and~-

If the true speaker labels for each training i-vector are 
known, the final speaker i-vector is normally obtained by 

In order to use LSH with a given distance function d, the 
algorithm relies on a family of locality sensitive hash 
functions. Intuitively, a hash function is locality sensitive if 
two elements that are close under d are more likely to 
collide. Locality sensitive hash functions can include any of 
various distance metrics, including, for example, the Euclid-
ean distance, the Jaccard index, and the cosine similarity. 

25 averaging all i-vectors belonging to the same speaker. In an 
unsupervised setting, such as using web videos where 
speaker labels are not available for most of the utterances, 
the i-vector averaging step can be omitted, and instead the 
i-vectors of all utterances are kept. Given a family of locality sensitive hash functions, the 

LSH algorithm builds a set of hash tables and hashes all 30 

points x, into each hash table. For each hash table, several 
locality sensitive hash functions may be concatenated to 
avoid unnecessary collisions, which can increase precision. 
Several hash tables can be maintained to increase the 
probability of finding a close neighbor, which may improve 
recall. Given a query point q, the system can look through 

In some implementations, locality-sensitive hashing may 
be used with i-vectors to identify speakers. One application 
of the system is enabling fast retrieval of speaker infomia­
tion. In the context of i-vector-based speaker identification, 
this may include, for example, for a given query i-vector, it 

all hash tables to find the x, colliding with q and then return 
the best match. 

35 may be desirable to find a similar vector in a previously 
computed set of i-vectors. In some instances, it may be 
desirable to find the best match, or a set of the closest 
matches. Since this task is an instance of the nearest neigh­
bor problem introduced above, LSH may be used to enable 

In some implementations, LSH techniques may be used 
for speaker identification. For example, LSH may be used 
for storage and retrieval of i-vectors and data associated with 
speakers. In some implementations, LSH indexing tech­
niques may be used to select one or more speaker 

40 fast retrieval. 

In some implementations, the speaker identification sys- 45 

tern can generate i-vectors and can retrieve similar i-vectors. 
In some implementations, given an utterance for which an 
i-vector should be generated, the utterance is first repre­
sented in terms of a large Gaussian mixture model (GMM), 
the so-called Universal Background Model (UBM), which 50 

can be parameterized with A. Formally, let E>=(oi, ... , o0) 
with o,E IR{ D be a sequence of spectral observations extracted 
from the utterance. Then the following accumulated and 
centered first order Baum-Welch statistics are computed as 
shown below in Equation 1 : 55 

0 

Nm= ~P(m Io,, J.) 
t=l 

0 

Fm = ~ P(m Io,, A)(o, - µm), 
t=l 

60 

In Equation 1, mis the mean vector of mixture component 65 

m, m=l, ... , C ranges over the mixture components of the 
UBM and P(mlo, A) is the Gaussian occupation probability 

One aspect of using LSH is the choice of distance function 
d. For i-vectors, the cosine distance may be expressed as 
shown below in Equation 4: 

x· y 

d(x, y) = llxllllYII 

Cosine distance measurements, as shown in Equation 4, 
gives competitive performance for speaker identification. 
Since the cosine distance can also be approximated well 
with locality sensitive hash functions, the cosine distance 
may be used in the LSH algorithm. In particular, hash 
functions of the form shown below in Equation 5: 

{ 
1 if x-n: 0 

h,(x) = 0 if x · r < 0 ' 

In Equation 5, r can be chosen as a random Gaussian 
vector. Geometrically, this hash function can be seen as 
hashing with a random hyperplane: r is perpendicular to the 
hyperplane and the result of the hash function indicates on 
which side of the hyperplane x lies. Since r has an isotropic 
distribution, the result is P[hr(x)=hr(y)]=l-E>(x, y)/rc, where 
(x, y) is the angle between vectors x and y. 
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The data structure has two main parameters: 1, the number 
of hash tables, and k, the number of hyperplanes per hash 
table. Let H1 , ... , H1 be the hash tables in the data structure. 
To reduce the number of hash function evaluations, the 
system can maintain m,.,YJ hash functions of length k/2 and 
use the 

combinations as hash functions for the 1 hash tables. For­
mally, let u,(x)=(h/(x), h2 '(x), ... , hkl2'(x)) for iE{l, ... , 

8 
FIGS. lA and 1B are diagrams illustrating examples of a 

system 100 for speaker identification. The system 100 
includes a computing system 110, a network 112, data 
storage 114, and a client device 116. In FIG. lA, the 
computing system 110 processes audio information and uses 
LSH to store information about various different speakers. In 
FIG. 1B, the computing system 110 uses the stored infor­
mation to identify a speaker of an utterance. 

In the system 100, the functions performed by the com-
lO puting system 110 can be performed by individual computer 

systems or can be distributed across multiple computer 
systems. The network 112 can be wired or wireless or a 
combination of both and can include the Internet. The client 

m} and hj(x) sampled as described above. Then the hash 15 

functions for the hash tables are h,(x)=(uaCx), u6 (x)) with 

device 114 can be, for example, a desktop computer, laptop 
computer, a tablet computer, a wearable computer, a cellular 
phone, a smart phone, a music player, an e-book reader, a 
navigation system, or any other appropriate device. 

1 sa<bsm, i.e., each h, hashes an i-vector x to a string of k 
bits. Note that it is not necessary to store a full array with 
2,000 entries for each hash table. Instead, the system can use 
standard hashing for large values of k. 

For a given database of i-vectors { x1, ... , xJ c JR n, the 
LSH data structure may be initialized as follows: each 
i-vector x, is hashed with each hash function h1 and then 
inserted at position h)x,) in hash table HJ" The overall time 
complexity of the initialization step is O(ndkYI+nl). 

Process 1, shown below, describes an example of a 
retrieval procedure. 

1: 
2: 
3: 
4: 
5: 
6: 

7: 

Process 1 I-vector retrieval with LSH 

function RETRIEVEIVECTOR(q) 
for i - 1, . .. , m do 

Evaluate u,( q) 
c-{} 
for i - 1, ... , l do 

C - C U H,[h,(q)] 

. x·q 
return arg nunxc c ~ 

t• Set of candidates 

> Add candidates 

l> Return best candidate 

In Process 1, the evaluation of the m hash functions u, in 
lines 2 and 3 can be efficiently implemented with a vector­
matrix multiplication as follows. The normal vectors of the 
hyperplanes are stacked as rows into a matrix UE!Rl mkl

2
xd_ 

The bits used in the hash functions are then given by 

sgn(Ux) + 1 
2 

The running time of the retrieval procedure is O(dkYI+l+M), 
where M is the total number of matches found. 

In some instances, speaker vectors are well clustered 
under well-matched recording conditions and so a small 
number of candidates in the hash tables may be sufficient to 
find a correct match. In other instances, the search for 
matches across data sets having widely varying recording 
conditions is more challenging and may require iterating 
over a larger set of candidates. 

The techniques discussed herein can be used to allow fast 
retrieval method for speaker identification in large data sets. 
The system combines aspects of two approaches that interact 
via the cosine distance: locality sensitive hashing, which 
enables fast nearest-neighbor search, and i-vectors, which 
provide good identification accuracy. Moreover, LSH could 
also be very useful for other large-scale applications of 
i-vectors, such as clustering. 

Referring to FIG. lA, during stage (A), the speaker 
20 identification system 110 accesses audio data 120 that 

includes utterances of multiple speakers. For example, the 
audio data 120 may include various audio recordings or 
videos. In some implementations, the audio data 120 may 
include data from public data sources, such as videos 

25 available on the Internet. Other collections of audio data 120 
may additionally or alternatively be used. In the illustrated 
example, the audio data 120 includes three different audio 
segments 120a-120c, which each include an utterance of a 
different speaker. In some implementations, the speaker 

30 identification system can use audio data 120 including 
utterances of hundreds, thousands, or millions of different 
speakers. 

During stage (B), the speaker identification system 110 
obtains speaker vectors 130 for the various speakers whose 

35 utterances are included in the audio data 112. A speaker 
vector 130 may be data that indicates characteristics of a 
speaker's voice. In some implementations, the speaker vec­
tors are i-vectors. In other implementations, the speaker 
vectors are deep vectors ("d-vectors") determined using a 

40 deep neural network. Other data that indicates characteris­
tics of a speaker's voice may be additionally or alternatively 
be used as a speaker vector. 

As discussed above, an i-vector can be a set of parameters 
extracted or determined using factor analysis of one or more 

45 utterances. The i-vector may be data indicative of latent 
variables of multivariate factor analysis. For example, the 
i-vector may represent a projection into a low-dimensional, 
total variability subspace that was trained using factor 
analysis. The i-vector may indicate audio characteristics that 

50 are independent of the words spoken by the speaker. As a 
result, the i-vector may represent any of various factors 
indicative of the identity of the speaker, including, for 
example, characteristics of the speaker's speaking style, the 
speaker's gender, the speaker's age, the speaker's language, 

55 and/or the speaker's accent. The i-vector may be derived 
from only a portion of an utterance, an entire utterance, or 
multiple utterances of a speaker. 

A d-vector can be as set of speaker-specific features 
extracted from a layer of a neural network. Various types of 

60 neural networks may be sued, including deep neural net­
works and recurrent neural networks. For example, the 
d-vector can be a set of activations at an output layer of a 
neural network, or a set of activations at a hidden layer of a 
neural network. In some implementations, individual d-vec-

65 tors for an utterance or for different portions of an utterance 
may be used as speaker vectors. In some implementations, 
multiple vectors, e.g., for different portions of an utterance, 



12

US 9,514,753 B2 
9 

or for multiple utterances of the same speaker, may be 
averaged together to form a d-vector. 

To generate a d-vector, features extracted from an utter­
ance can be provided as input to a trained neural network. In 
some implementations, the neural network has been trained 

10 
random hyperplanes. For example, a set of k-dimensional 
hyperplanes may be defined. A hash value may be deter­
mined by projecting the speaker vector onto the k-dimen­
sional space and making a binary determination, for each 
hyperplane, which side of the hyperplane the projection 
falls. The comparison of the projection with each hyperplane 
may produce one bit of the hash value. 

Hash values may also be determined by combining or 
concatenating hash values or other values derived from 

to classify inputs of a defined set of speakers, but the speaker 
that spoke the utterance for which the d-vector is being 
generated is not required to be in the defined set of speakers. 
Speech features may be determined for individual speech 
frames, for example, segments of 10 ms to 50 ms of the 
utterance. The set of speech features for each frame are input 

10 speaker vectors. Calculating shorter hash values may require 
less computation, but longer hash values may be desirable to 
allow for greater precision. In addition, longer hash values 
often lead to fewer hash collisions in a hash table. If three 

to the neural network, sequentially, with each set of speech 
features producing a corresponding set of activations at 
predetermined layer of the neural network. For each input 
speech frame, a vector may be determined based on the 15 

activations at the predetermined output layer. These vectors 
may each be used as different d-vectors corresponding to the 
same speaker. In addition or as an alternative, the vectors for 
multiple speech frames may be averaged together. The 
averaged vector, like the d-vectors for individual frames, 20 

may be saved as a d-vector that indicates qualities charac­
teristic of the speaker's voice. 

A speaker vector 130a-130c may be generated from each 
audio segment 120a-120c. For example, when the audio data 
120 includes various audio files or video files, a different 25 

speaker vector may be generated for each file, to indicate the 
characteristics of the utterances in that file. As a result, the 
speaker vector 130a indicates characteristics of the voice of 
the speaker of the utterances in the audio segment 120a, the 
speaker vector 130b indicates characteristics of the voice of 30 

the speaker of the utterances in the audio segment 120b, and 
so on. If a particular audio segment includes speech of 
multiple speakers, a separate speaker vector may be gener­
ated for each speaker. For example, a recording with speech 
of multiple speakers may be split into separate segments 35 

each including utterances of a single speaker. As a result, 
processing a particular recording may result in multiple 
speaker vectors that each correspond to a different speaker. 

In some implementations, a speaker vector may be deter­
mined using multiple utterances or multiple recordings for a 40 

single speaker. For example, multiple recordings of a par­
ticular speaker may be identified, for example, based on 
labels assigned to the recordings. A different i-vector may be 
generated from each recording, and the i-vectors may be 
averaged or otherwise combined to form an average or 45 

composite speaker vector that represents characteristics of 
the particular speaker's voice. 

In some implementations, a speaker whose utterances are 
recorded in an audio segment 120a-120c may be unknown. 
When a name or other identifying information of the speaker 50 

is not known, the speaker vector may be associated with 
information indicating the source of the audio segment, such 

hash values A, B, and C are determined for a particular 
speaker vector, a set of longer hash values may be deter­
mined by concatenating different combinations of the hash 
values, for example, generating hash values AB, AC, and 
BC. In this example, the length of the hash values doubles 
and the only computation required is the concatenation 
operation. 

During stage (D), the speaker identification system 100 
stores associations between the keys or index values and 
corresponding speaker vectors 130a-130c. Data identifying 
the speaker corresponding to a speaker vector, or a source of 
the audio data was used to determine the speaker vector, may 
be associated with the keys or index values. The associations 
may be stored in the data storage 114, for example, in an 
associative array such as a hash table, for later use in 
identifying speakers. 

In the illustrated example, speaker vectors 130a-130c are 
stored in a plurality of hash tables 150. A set of n hash tables 
150a-150n are used, with one hash table 150a-150n corre­
sponding to each hash function 140a-140n. An entry for 
each speaker vector 130a-130c is included in each hash table 
lS0a-150. For example, in hash table 150a, the speaker 
vector 130a is associated with the hash value determined by 
applying the hash function 140a to the speaker vector 130a. 
In hash table 150b, the same speaker vector 130a is asso­
ciated with the hash value determined by applying the hash 
function 140b to the speaker vector 130a. The pattern 
continues for all of the n hash tables, so that in hash table 
150n, the speaker vector 130a is associated with the hash 
value determined by applying the hash function 140n to the 
speaker vector 130a. The other speaker vectors 130b, 130c 
and their associated speaker information are indexed in the 
hash tables 150a-150n in the same manner. 

Associating the speaker vectors 130a-130c with different 
hash values in different hash tables can increase the likeli­
hood of identifying appropriate speaker vectors during 
speaker identification. Some hash functions may indicate 
that certain items match or are similar, while other hash 
functions may not. As a result, it may be easier to identify 
speaker vectors as similar to a particular vector using 
multiple hash functions and multiple hash tables than when 

as a URL or other identifier for the audio recording or video 
that included the utterances from which the speaker vector 
was derived. 55 using a single hash function and a single hash table. 

During stage (C), the speaker identification system 110 
determines keys or index values for each speaker vector 
130a-130c. The keys or indexes can be hash values, for 
example, hash values determined using one or more LSH 
algorithms. For each speaker vector 130a-130c, a hash value 60 

may be determined for each of multiple hash functions 140. 
In the illustrated example, a set of n hash functions 140a-
140n are used. As a result, for each speaker vector 130a-
130c, n different hash values may be determined. 

In some implementations, hash values for a speaker may 65 

be determined based on a position of a speaker vector with 
respect to different hyperplanes, such as random or pseudo-

Referring to FIG. lB, the speaker identification system 
110 uses the hash tables to identify a speaker of an utterance. 
During stage (E), the speaker identification system 110 
receives data that identifies an utterance 160 of a speaker to 
be identified. The utterance 160 may be identified in or 
included in a request to identify the speaker of the utterance 
160, or a request for other content containing utterances of 
the same speaker. For example, the client device 116 may 
provide an audio recording that includes an utterance or a 
video that includes an utterance. As another example, the 
speaker identification system 110 may receive an identifier, 
such as a Uniform Resource Locator (URL) for a resource 
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that includes a recording of an utterance. Having found a 
particular video of interest in a large video collection, a user 
may desire to find other videos in the collection that involve 
the same speaker or speakers as the particular video. 

During stage (F), the speaker identification system 110 
obtains an utterance vector 162 for the utterance 160. The 
utterance vector 162 can indicate characteristics of the voice 

12 
locality-sensitive hashing is used to select the speaker vec­
tors in the set 170, the set 170 may include the vectors that 
are most similar to the utterance vector 162. For example, 
using LSH hash functions that approximate cosine distance 
measures, the speaker vectors may be those that have the 
lowest cosine distance relative to the utterance vector 162. 
As a result, a very large set of speaker vectors can be quickly 
narrowed down to a subset that is most likely to be similar 
to the utterance vector 162. Rather than comparing the 

of the speaker of the utterance 160. In particular, the 
utterance vector 162 may indicate characteristics of the 
utterance 160 independent of the specific words or sounds 
spoken. The utterance vector 162 can be determined in the 
same manner as the speaker vectors 130a-130c discussed 
above. In some implementations, when the speaker vectors 
130a-130c are i-vectors, the utterance vector 162 may also 
be an i-vector. In other implementations, when the speaker 
vectors 130a-130c are d-vectors, the utterance vector may 
also bead-vector. Other data that indicates characteristics of 

10 utterance vector 162 to every speaker vector one by one, the 
utterance vector 162 may be compared with the speaker 
vectors included in the set 170 of candidate speaker vectors. 

During stage (I), the speaker identification system 110 
compares the utterance vector 162 with the speaker vectors 

a speaker's voice may be additionally or alternatively be 
used as an utterance vector 162. 

15 in the set 170 of candidate speaker vectors. In some imple­
mentations, the speaker identification system 110 determines 
similarity scores 180 that indicate how similar each speaker 
vector in the set 170 is to the utterance vector 162. For 

During stage (G), the speaker identification system 110 20 

determines keys or index values using the utterance vector 
162. For example, multiple hash values may be determined. 
Each of the hash functions 140a-140n may be applied to the 
utterance vector 162 to generate n hash values. As discussed 
above, the hash functions 140a-140n may use locality- 25 

sensitive algorithms so that similar inputs to the hash 
functions 140a-140n produce similar outputs. For example, 
the outputs may be clustered according to similarity of the 
inputs, or the differences between outputs may generally 
correspond to a cosine distance or other distance between 30 

the inputs. 
During stage (H), the speaker identification system 110 

uses the keys or index values to identify a set of speaker 
vectors 170. The hash values that are generated based on the 
utterance vector 162 can be used to identify similar speaker 35 

vectors in the hash tables 150a-150n. For example, the hash 
value produced by applying the hash function 140a to the 
utterance vector 162 is used to identify speaker vectors from 
the hash table 150a. The hash value produced by applying 
the hash function 140b to the utterance vector 162 is used to 40 

identify speaker vectors from the hash table 150b, and so on. 
Speaker vectors may be retrieved from any or all of the hash 
tables 150a-150n, and different speaker vectors may be 
obtained from different hash tables 150a-150n. 

example, the speaker identification system 110 may deter­
mine a cosine distance between each speaker vector in the 
set 170 and the utterance vector. 

During stage (J) the speaker identification system 110 
selects a speaker vector from the set 170 based on the 
similarity scores 180. For example, the speaker vector 
having the highest degree of similarity to the utterance 
vector 162 may be selected. In the example of FIG. lA, the 
speaker vector having the smallest cosine distance from the 
utterance vector 162 is selected. The speaker whose utter­
ance was used to generate the selected speaker vector may 
be considered to be the most likely speaker of the utterance 
160. As a result, the name or other information about the 
speaker associated with the selected speaker vector may be 
accessed and provided, for example, to the client device 116 
or another device. In some implementations, audio or video 
that was used to generate the selected speaker vector may be 
provided. As a result, data identifying media items including 
utterances of the same speaker that spoke the utterance 160 
may be provided to the client device 116. 

In some implementations, a similarity threshold is set, and 
a speaker vector is selected only if the most similar speaker 
vector satisfies the similarity threshold. For example, a 
maximum cosine distance threshold may be set. Cosine 
distance scores that exceed the threshold may be considered 
too different to represent the same speaker as the utterance 

In some implementations, the set of candidate speaker 
vectors 170 may be selected using all of the hash tables 
150a-150n. For example, a lookup may be performed for 
each of the hash tables 150a-150n, and in some instances, 
one or more speaker vectors may be selected from each of 
the hash tables 150a-150n. In some implementations, each 
speaker vector that is identified from any of the hash tables 
150a-150n is included in the set of candidate speaker vectors 
170. In some implementations, a speaker vector is included 

45 162, and may not be selected as likely being the same 
speaker. In some instances, the most similar speaker vector 
in the set 170 may not satisfy the similarity threshold, and 
so the speaker identification system 110 may determine that 
no speaker can be identified with a high degree of confi-

in the set of candidate speaker vectors 170 only if the same 
speaker vector is selected from multiple hash tables 150a-
150n. A minimum threshold number can be set. A speaker 
vector may be included in the set of candidate speaker 
vectors 170 only when the same speaker vector is selected 
from a number of the hash tables 150a-150n that is equal to 

50 dence. In some instances, multiple speaker vectors from the 
set 170 may satisfy the similarity threshold, indicating that 
multiple good candidate speakers have been identified. 
When each speaker vector represents a different media item, 
each speaker vector having a similarity score that satisfies 

55 the threshold may be likely to include speech of the same 
speaker. In some implementations, the speaker identification 
system 110 indicates multiple of or each of the speakers or 
media items corresponding to speaker vectors satisfying the 
similarity threshold. 

FIG. 2 is a flow diagram illustrating an example of a 
process 200 for speaker identification. The process may be 
performed by one or more computing systems, such as the 
computing system 110 of FIGS. lA and 1B. 

or greater than the minimum threshold. For example, if the 60 

threshold is set to 2, speaker vectors retrieved from only a 
single hash table 150a-150n would not be included, but 
speaker vectors that are retrieved from each of two or more 
different hash tables 150a-150n would be included in the set An utterance vector for an utterance is obtained (202). In 

65 some implementations, the utterance vector is an utterance 
i-vector comprising parameters determined using multivari­
ate factor analysis of the utterance. In some implementa-

of candidate speaker vectors 170. 
The set 170 is a group of candidate speaker vectors that 

have a degree of similarity to the utterance vector 162. Since 
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tions, the utterance vector includes parameters determined 
based on deep neural network activations that occur in 
response to information about the utterance being provided 
to a trained deep neural network. 

Hash values are determined for the utterance vector 
according to multiple different hash functions (204). In some 
implementations, the hash values are determined using one 

14 
speakers. Based on the data, a speaker identity correspond­
ing to the selected speaker vector can be identified. Data 
indicating the speaker identity can then be output. 

or more locality sensitive hash functions. For example, the 
hash values may be determined based on a position of the 
utterance i-vector with respect to different hyperplanes, such 10 

as random or pseudo-random hyperplanes. 

In some implementations, once the speaker of the utter­
ance is identified, one or media items that include utterances 
of the identified speaker are also identified. Data indicating 
the media items that include utterances of the identified 
speaker may then be provided to a user. The system may 
indicate that the media includes speech or other content 
relating to the same person, and the system may indicate the 
identity of the person. For example, a user watching a 

In some implementations, hash values are determined as 
a combination of other hash values. For example, to deter­
mine the hash values, first hash values for the utterance 
vector can be determined based on a first set of hash 15 

particular video on the internet may request other videos 
involving the same person or people. A system may analyze 
the utterances in the particular video, identify the speaker, 
and provide links or other information about additional 
videos that also include speech of the same person or people. functions. Second hash values may also be determined as 

different combinations of two or more of the first hash 
values. For example, the second hash values can each be a 
different permutation of the first hash values. 

A set of speaker vectors is determined using the hash 
values (206). For example, a candidate set of speaker vectors 
can be selected from a plurality of hash tables. The set of 
speaker vectors determined using the hash values is a proper 
subset of the speaker vectors in the hash tables. For example, 
a set of candidate speaker vectors may be selected, where the 
number of candidate speaker vectors is an order of magni­
tude smaller, or several orders of magnitude smaller, than the 
total number of speaker vectors referenced by the hash 
tables. In some instances, the set includes only a few speaker 
vectors, for example, one or two of the speaker vectors 
selected from each hash table. 

The hash values for the utterance vector may each cor­
respond to a different one of the hash tables. The speaker 
vectors that correspond to the hash values of the utterance 
vector, if any exist, may be identified and included in the 
candidate set. In some implementations, one or more other 
speaker vectors may also be selected. For example, a system 
may select speaker vectors that are not associated with the 
exact hash values determined for the utterance vector but are 

In some implementations, the speaker identification tech­
niques may be used for authentication. For example, it may 
be determined that the selected speaker vector corresponds 

20 to a particular user, and based on the determination, the 
particular user may be authenticated to, for example, a 
device, application, website, or service. 

FIG. 3 shows an example of a computing device 300 and 
an example of a mobile computing device 350 that can be 

25 used to implement the techniques described above. The 
computing device 300 is intended to represent various forms 
of digital computers, such as laptops, desktops, worksta­
tions, personal digital assistants, servers, blade servers, 
mainframes, and other appropriate computers. The mobile 

30 computing device is intended to represent various forms of 
mobile devices, such as personal digital assistants, cellular 
telephones, smart-phones, and other similar computing 
devices. The components shown here, their connections and 
relationships, and their functions, are meant to be exemplary 

35 only, and are not meant to limit implementations of the 
inventions described and/or claimed in this document. 

The computing device 300 includes a processor 302, a 

nonetheless associated with similar or nearby hash values, 40 

e.g., hash values within a range or cluster about the hash 
values for the utterance. 

memory 304, a storage device 306, a high-speed interface 
308 connecting to the memory 304 and multiple high-speed 
expansion ports 310, and a low-speed interface 312 con­
necting to a low-speed expansion port 314 and the storage 
device 306. Each of the processor 302, the memory 304, the 
storage device 306, the high-speed interface 308, the high­
speed expansion ports 310, and the low-speed interface 312, 

In some implementations the set of speaker vectors is a set 
of speaker i-vectors where each speaker i-vector includes 
parameters determined using multivariate factor analysis of 
one or more utterances of a respective speaker. In some 
implementations the set of speaker vectors is a set of speaker 
vectors in which each speaker vector includes parameters 
determined based on deep neural network activations that 
occur in response to information about one or more utter­
ances of a respective speaker being provided to the deep 
neural network. 

The speaker vectors in the set are compared with the 
utterance vector (208). For example, similarity scores can be 
generated to indicate the degree of similarity of the utterance 
vector and each of the speaker vectors. In some implemen­
tations, a cosine distance is computed between the utterance 
vector and each of the speaker vectors in the candidate set. 

A speaker vector is selected from the set based on 
comparing the speaker vectors in the set with the utterance 
vector (210). For example, the speaker vector that has the 
smallest cosine distance with respect to the utterance vector 
can be selected. The speaker corresponding to the selected 
speaker vector can be determined to be the likely speaker of 
the utterance. 

In some implementations, data is accessed that indicates 
associations between speaker vectors and the respective 

45 are interconnected using various busses, and may be 
mounted on a common motherboard or in other manners as 
appropriate. The processor 302 can process instructions for 
execution within the computing device 300, including 
instructions stored in the memory 304 or on the storage 

50 device 306 to display graphical information for a GUI on an 
external input/output device, such as a display 316 coupled 
to the high-speed interface 308. In other implementations, 
multiple processors and/or multiple buses may be used, as 
appropriate, along with multiple memories and types of 

55 memory. Also, multiple computing devices may be con­
nected, with each device providing portions of the necessary 
operations (e.g., as a server bank, a group of blade servers, 
or a multi-processor system). 

The memory 304 stores information within the computing 
60 device 300. In some implementations, the memory 304 is a 

volatile memory unit or units. In some implementations, the 
memory 304 is a non-volatile memory unit or units. The 
memory 304 may also be another form of computer-readable 

65 

medium, such as a magnetic or optical disk. 
The storage device 306 is capable of providing mass 

storage for the computing device 300. In some implemen­
tations, the storage device 306 may be or contain a com-



15

US 9,514,753 B2 
15 

puter-readable medium, such as a floppy disk device, a hard 
disk device, an optical disk device, or a tape device, a flash 
memory or other similar solid state memory device, or an 
array of devices, including devices in a storage area network 
or other configurations. A computer program product can be 
tangibly embodied in an information carrier. The computer 
program product may also contain instructions that, when 
executed, perform one or more methods, such as those 
described above. The computer program product can also be 
tangibly embodied in a computer- or machine-readable 
medium, such as the memory 304, the storage device 306, or 
memory on the processor 302. 

The high-speed interface 308 manages bandwidth-inten­
sive operations for the computing device 300, while the 
low-speed interface 312 manages lower bandwidth-inten­
sive operations. Such allocation of functions is exemplary 
only. In some implementations, the high-speed interface 308 
is coupled to the memory 304, the display 316 (e.g., through 
a graphics processor or accelerator), and to the high-speed 
expansion ports 310, which may accept various expansion 
cards (not shown). In the implementation, the low-speed 
interface 312 is coupled to the storage device 306 and the 
low-speed expansion port 314. The low-speed expansion 
port 314, which may include various communication ports 
(e.g., USB, Bluetooth, Ethernet, wireless Ethernet) may be 
coupled to one or more input/output devices, such as a 
keyboard, a pointing device, a scanner, or a networking 
device such as a switch or router, e.g., through a network 
adapter. 

The computing device 300 may be implemented in a 
number of different forms, as shown in the figure. For 
example, it may be implemented as a standard server 320, or 
multiple times in a group of such servers. In addition, it may 
be implemented in a personal computer such as a laptop 
computer 322. It may also be implemented as part of a rack 
server system 324. Alternatively, components from the com­
puting device 300 may be combined with other components 
in a mobile device (not shown), such as a mobile computing 
device 350. Each of such devices may contain one or more 

16 
or an OLED (Organic Light Emitting Diode) display, or 
other appropriate display technology. The display interface 
356 may comprise appropriate circuitry for driving the 
display 354 to present graphical and other information to a 
user. The control interface 358 may receive commands from 
a user and convert them for submission to the processor 352. 
In addition, an external interface 362 may provide commu­
nication with the processor 352, so as to enable near area 
communication of the mobile computing device 350 with 

10 other devices. The external interface 362 may provide, for 
example, for wired communication in some implementa­
tions, or for wireless communication in other implementa­
tions, and multiple interfaces may also be used. 

The memory 364 stores information within the mobile 
15 computing device 350. The memory 364 can be imple­

mented as one or more of a computer-readable medium or 
media, a volatile memory unit or units, or a non-volatile 
memory unit or units. An expansion memory 374 may also 
be provided and connected to the mobile computing device 

20 350 through an expansion interface 372, which may include, 
for example, a SIMM (Single In Line Memory Module) card 
interface. The expansion memory 374 may provide extra 
storage space for the mobile computing device 350, or may 
also store applications or other information for the mobile 

25 computing device 350. Specifically, the expansion memory 
374 may include instructions to carry out or supplement the 
processes described above, and may include secure infor­
mation also. Thus, for example, the expansion memory 374 
may be provide as a security module for the mobile com-

30 puting device 350, and may be progranmied with instruc­
tions that permit secure use of the mobile computing device 
350. In addition, secure applications may be provided via the 
SIMM cards, along with additional information, such as 
placing identifying information on the SIMM card in a 

35 non-hackable manner. 

of the computing device 300 and the mobile computing 40 

device 350, and an entire system may be made up of multiple 
computing devices communicating with each other. 

The memory may include, for example, flash memory 
and/or NVRAM memory (non-volatile random access 
memory), as discussed below. In some implementations, a 
computer program product is tangibly embodied in an 
information carrier. The computer program product contains 
instructions that, when executed, perform one or more 
methods, such as those described above. The computer 
program product can be a computer- or machine-readable 
medium, such as the memory 364, the expansion memory 
374, or memory on the processor 352. In some implemen­
tations, the computer program product can be received in a 

The mobile computing device 350 includes a processor 
352, a memory 364, an input/output device such as a display 
354, a communication interface 366, and a transceiver 368, 45 

among other components. The mobile computing device 350 
may also be provided with a storage device, such as a 
micro-drive or other device, to provide additional storage. 
Each of the processor 352, the memory 364, the display 354, 
the communication interface 366, and the transceiver 368, 50 

are interconnected using various buses, and several of the 
components may be mounted on a common motherboard or 
in other manners as appropriate. 

The processor 352 can execute instructions within the 
mobile computing device 350, including instructions stored 55 

in the memory 364. The processor 352 may be implemented 
as a chipset of chips that include separate and multiple 
analog and digital processors. The processor 352 may pro­
vide, for example, for coordination of the other components 
of the mobile computing device 350, such as control of user 60 

interfaces, applications run by the mobile computing device 
350, and wireless communication by the mobile computing 
device 350. 

propagated signal, for example, over the transceiver 368 or 
the external interface 362. 

The mobile computing device 350 may communicate 
wirelessly through the communication interface 366, which 
may include digital signal processing circuitry where nec­
essary. The communication interface 366 may provide for 
communications under various modes or protocols, such as 
GSM voice calls (Global System for Mobile communica-
tions), SMS (Short Message Service), EMS (Enhanced 
Messaging Service), or MMS messaging (Multimedia Mes-
saging Service), CDMA (code division multiple access), 
TDMA (time division multiple access), PDC (Personal 
Digital Cellular), WCDMA (Wideband Code Division Mul­
tiple Access), CDMA2000, or GPRS (General Packet Radio 
Service), among others. Such communication may occur, for 
example, through the transceiver 368 using a radio-fre­
quency. In addition, short-range communication may occur, 
such as using a Bluetooth, Wi-Fi, or other such transceiver The processor 352 may communicate with a user through 

a control interface 358 and a display interface 356 coupled 
to the display 354. The display 354 may be, for example, a 
TFT (Thin-Film-Transistor Liquid Crystal Display) display 

65 (not shown). In addition, a GPS (Global Positioning System) 
receiver module 370 may provide additional navigation- and 
location-related wireless data to the mobile computing 
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device 350, which may be used as appropriate by applica­
tions running on the mobile computing device 350. 

The mobile computing device 350 may also communicate 
audibly using an audio codec 360, which may receive 
spoken information from a user and convert it to usable 
digital information. The audio codec 360 may likewise 
generate audible sound for a user, such as through a speaker, 
e.g., in a handset of the mobile computing device 350. Such 
sound may include sound from voice telephone calls, may 
include recorded sound (e.g., voice messages, music files, 10 

etc.) and may also include sound generated by applications 
operating on the mobile computing device 350. 

The mobile computing device 350 may be implemented in 
a number of different forms, as shown in the figure. For 
example, it may be implemented as a cellular telephone 380. 15 

It may also be implemented as part of a smart-phone 382, 
personal digital assistant, tablet computer, wearable com­
puter, or other similar mobile device. 

Various implementations of the systems and techniques 
described here may be realized in digital electronic circuitry, 20 

integrated circuitry, specially designed ASICs (application 
specific integrated circuits), computer hardware, firmware, 
software, and/or combinations thereof. These various imple­
mentations may include implementation in one or more 
computer programs that are executable and/or interpretable 25 

on a programmable system including at least one program­
mable processor, which may be special or general purpose, 
coupled to receive data and instructions from, and to trans-
mit data and instructions to, a storage system, at least one 
input device, and at least one output device. 30 

These computer programs (also known as programs, 
software, software applications or code) include machine 
instructions for a programmable processor, and may be 
implemented in a high-level procedural and/or object-ori­
ented progranmiing language, and/or in assembly/machine 35 

language. As used herein, the terms "machine-readable 
medium" and "computer-readable medium" refer to any 
computer program product, apparatus and/or device ( e.g., 
magnetic discs, optical disks, memory, Progranmiable Logic 
Devices (PLDs)) used to provide machine instructions and/ 40 

or data to a progranmiable processor, including a machine­
readable medium that receives machine instructions as a 
machine-readable signal. The term "machine-readable sig­
nal" refers to any signal used to provide machine instruc-
tions and/or data to a programmable processor. 45 

To provide for interaction with a user, the systems and 
techniques described here may be implemented on a com­
puter having a display device ( e.g., a CRT ( cathode ray tube) 
or LCD (liquid crystal display) monitor) for displaying 
information to the user and a keyboard and a pointing device 50 

( e.g., a mouse or a trackball) by which the user may provide 
input to the computer. Other kinds of devices may be used 
to provide for interaction with a user as well; for example, 
feedback provided to the user may be any form of sensory 
feedback ( e.g., visual feedback, auditory feedback, or tactile 55 

feedback); and input from the user may be received in any 
form, including acoustic, speech, or tactile input. 

The systems and techniques described here may be imple­
mented in a computing system that includes a back end 
component (e.g., as a data server), or that includes a middle- 60 

ware component (e.g., an application server), or that 
includes a front end component (e.g., a client computer 
having a graphical user interface or a Web browser through 
which a user may interact with an implementation of the 
systems and techniques described here), or any combination 65 

of such back end, middleware, or front end components. The 
components of the system may be interconnected by any 
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form or medium of digital data communication (e.g., a 
communication network). Examples of communication net­
works include a local area network ("LAN"), a wide area 
network ("WAN"), and the Internet. 

The computing system may include clients and servers. A 
client and server are generally remote from each other and 
typically interact through a communication network. The 
relationship of client and server arises by virtue of computer 
programs running on the respective computers and having a 
client-server relationship to each other. 

A number of embodiments have been described. Never­
theless, it will be understood that various modifications may 
be made without departing from the spirit and scope of the 
invention. In addition, the logic flows depicted in the figures 
do not require the particular order shown, or sequential 
order, to achieve desirable results. In addition, other steps 
may be provided, or steps may be eliminated, from the 
described flows, and other components may be added to, or 
removed from, the described systems. Accordingly, other 
embodiments are within the scope of the following claims. 

What is claimed is: 
1. A method comprising: 
obtaining an utterance vector that is derived from an 

utterance; 
determining hash values for the utterance vector accord­

ing to multiple different hash functions; 
determining a set of speaker vectors from a plurality of 

hash tables using the hash values, each speaker vector 
being derived from one or more utterances of a respec­
tive speaker; 

comparing the speaker vectors in the set with the utter­
ance vector; 

selecting a speaker vector based on comparing the speaker 
vectors in the set with the utterance vector; 

determining a speaker identity corresponding to the 
selected speaker vector; and 

outputting data indicating the speaker identity. 
2. The method of claim 1, wherein obtaining the utterance 

vector comprises obtaining an utterance i-vector for the 
utterance, the utterance i-vector comprising parameters 
determined using multivariate factor analysis of the utter­
ance; and 

wherein determining the set of speaker vectors from the 
plurality of hash tables using the hash values comprises 
determining a set of speaker i-vectors from the plurality 
of hash tables, each speaker i-vector comprising param­
eters determined using multivariate factor analysis of 
one or more utterances of a respective speaker. 

3. The method of claim 1, wherein obtaining the utterance 
vector comprises obtaining an utterance vector comprising 
parameters determined based on deep neural network acti­
vations that occur in response to information about the 
utterance being provided to the deep neural network; and 

wherein determining the set of speaker vectors from the 
plurality of hash tables using the hash values comprises 
determining a set of speaker vectors in which each 
speaker vector comprises parameters determined based 
on deep neural network activations that occur in 
response to information about one or more utterances 
of a respective speaker being provided to the deep 
neural network. 

4. The method of claim 1, further comprising: 
identifying one or more media items that include utter­

ances of a speaker corresponding to the selected 
speaker vector; and 

outputting data indicating the identified one or more 
media items. 
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5. The method of claim 1, further comprising: 
determining that the selected speaker vector corresponds 

to a particular user; and 
based at least in part on the determining that the selected 

speaker vector corresponds to a particular user identity, 
authenticating the particular user. 

6. The method of claim 1, wherein determining the hash 
values comprises determining the hash values using one or 
more locality sensitive hash functions. 

7. The method of claim 1, wherein determining the hash 10 

values comprises determining the hash values based on a 
position of the utterance vector with respect to different 
hyperplanes. 

8. The method of claim 1, wherein determining the hash 15 
values comprises: 

determining first hash values for the utterance vector 
based on a first set of hash functions; and 

determining second hash values as different combinations 
of two or more of the first hash values; 20 

wherein determining the set of speaker vectors from the 
plurality of hash tables using the hash values comprises 
determining the set of speaker vectors from the plural­
ity of hash tables using the second hash values. 

9. The method of claim 1, wherein comparing the speaker 25 

vectors in the set with the utterance vector comprises 
determining similarity scores that each indicate a degree of 
similarity of the utterance vector and one of the speaker 
vectors in the set; and 

wherein selecting a speaker vector comprises selecting the 30 

speaker vector that the similarity scores indicate is most 
similar to the utterance vector. 

10. The method of claim 9, wherein determining similar-
ity scores that each indicate a degree of similarity of the 
utterance vector and one of the speaker vectors in the set 35 

comprises determining a cosine distance between the utter­
ance vector and each of the speaker vectors in the set. 

11. The method of claim 10, wherein selecting the speaker 
vector that the similarity scores indicate is most similar to 
the utterance vector comprises: 40 

identifying a smallest cosine distance from among the 
determined cosine distances; 

determining that the smallest cosine distance is less than 
a maximum distance threshold value; and 

based on determining that the smallest cosine distance is 45 

less than the maximum distance threshold value, select-
ing the speaker vector corresponding to the smallest 
cosine distance. 

12. The method of claim 1, wherein each of the speaker 
vectors corresponds to a different speaker; and 50 

wherein the method further comprises providing data 
indicating that the speaker corresponding to the 
selected speaker vector is the speaker of the utterance. 

13. The method of claim 1, further comprising: 
obtaining multiple speaker vectors that each indicate 55 

characteristics of speech of a respective speaker; and 
for each particular speaker vector of the multiple speaker 

vectors: 
determining hash values for the particular speaker 

vector according to each of the multiple different 60 

hash functions; and 
inserting the particular speaker vector into each of the 

plurality of hash tables based on the hash values. 
14. The method of claim 1, wherein obtaining multiple 

speaker vectors that each indicate characteristics of speech 65 

of a respective speaker comprises: 
accessing a set of multiple video resources; and 

20 
generating a speaker vector for each of the multiple video 

resources. 
15. The method of claim 1, wherein determining the set of 

speaker vectors from the plurality of hash tables using the 
hash values comprises: 

determining a different speaker vector for each of the 
plurality of hash tables, wherein each of the different 
speaker vectors is determined using (i) a different hash 
value of the determined hash values and (ii) a different 
hash table of the plurality of hash tables. 

16. A computer-readable storage device storing instruc­
tions that, when executed by one or more computers, cause 
the one or more computers to perform operations compris­
ing: 

obtaining an utterance vector that is derived from an 
utterance; 

determining hash values for the utterance vector accord­
ing to multiple different hash functions; 

determining a set of speaker vectors from a plurality of 
hash tables using the hash values, each speaker vector 
being derived from one or more utterances of a respec­
tive speaker; 

comparing the speaker vectors in the set with the utter­
ance vector; and 

selecting a speaker vector based on comparing the speaker 
vectors in the set with the utterance vector. 

17. The storage device of claim 16, wherein the operations 
further comprise: 

accessing data indicating associations between the 
speaker vectors and respective speakers; 

determining, based on the data indicating the associations 
between the speaker vectors and the respective speak­
ers, a speaker identity corresponding to the selected 
speaker vector; and 

outputting data indicating the speaker identity. 
18. A system comprising: 
one or more computers; and 
a computer-readable storage device storing instructions 

that, when executed by the one or more computers, 
cause the one or more computers to perform operations 
comprising: 
obtaining an utterance vector that is derived from an 

utterance; 
determining hash values for the utterance vector 

according to multiple different hash functions; 
determining a set of speaker vectors from a plurality of 

hash tables using the hash values, each speaker 
vector being derived from one or more utterances of 
a respective speaker; 

comparing the speaker vectors in the set with the 
utterance vector; and 

selecting a speaker vector based on comparing the 
speaker vectors in the set with the utterance vector. 

19. The system of claim 18, wherein obtaining the utter­
ance vector comprises obtaining an utterance i-vector for the 
utterance, the utterance i-vector comprising parameters 
determined using multivariate factor analysis of the utter­
ance; and 

wherein determining the set of speaker vectors from the 
plurality of hash tables using the hash values comprises 
determining a set of speaker i-vectors from the plurality 
of hash tables, each speaker i-vector comprising param­
eters determined using multivariate factor analysis of 
one or more utterances of a respective speaker. 

20. The system of claim 18, wherein the operations further 
comprise: 
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accessing data indicating associations between the 
speaker vectors and respective speakers; 

determining, based on the data indicating the associations 
between the speaker vectors and the respective speak­
ers, a speaker identity corresponding to the selected 
speaker vector; and 

outputting data indicating the speaker identity. 

* * * * * 

22 




