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Abstract

We introduce a set of benchmark corpora of conversational English speech derived from the Switchboard-I and Fisher datasets.
Traditional automatic speech recognition (ASR) research requires considerable computational resources and has slow experimen-
tal turnaround times. Our goal is to introduce these new datasets to researchers in the ASR and machine learning communities in
order to facilitate the development of novel speech recognition techniques on smaller but still acoustically rich, diverse, and hence
interesting corpora. We select these corpora to maximize an acoustic quality criterion while limiting the vocabulary size (from 10
words up to 10,000 words), where both “acoustic quality” and vocabulary size are adeptly measured via various submodular func-
tions. We also survey numerous submodular functions that could be useful to measure both “acoustic quality” and “corpus com-
plexity” and offer guidelines on when and why a scientist may wish use to one vs. another. The corpora selection process itself is
naturally performed using various state-of-the-art submodular function optimization procedures, including submodular level-set
constrained submodular optimization (SCSC/SCSK), difference-of-submodular (DS) optimization, and unconstrained submodular
minimization (SFM), all of which are fully defined herein. While the focus of this paper is on the resultant speech corpora, and
the survey of possible objectives, a consequence of the paper is a thorough empirical comparison of the relative merits of these
modern submodular optimization procedures. We provide baseline word recognition results on all of the resultant speech corpora
for both Gaussian mixture model (GMM) and deep neural network (DNN)-based systems, and we have released all of the corpora
definitions and Kaldi training recipes for free in the public domain.
© 2016 Elsevier Ltd. All rights reserved.
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1. Introduction

Speech recognition is one of the most challenging tasks in applied machine learning, and one that requires large
amounts of diverse training data. Among different aspects of a speech recognition system, training acoustic models
for in-situ conversational speech recognition is one of the most challenging tasks. First, the acoustic characteristics
of conversational speech are more diverse than those of carefully read speech due to increased variability in pronun-
ciation, speaker, and acoustic environment. Second, conversational speech recognition involves very large vocabular-
ies. Thus, enormous amounts of training data is required to train a conversational speech recognition system even to
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a reasonable, let alone a good, level of performance. Finally, recently developed acoustic modeling techniques using
deep architectures Hinton et al. (2012); Dahl et al. (2012); Sainath et al. (2013); Graves et al. (2013); Sak et al. (2014a,b);
Saon et al. (2015), that require very long training and, thus, system development times, and large, often GPU-based,
computational devices.

While conversational speech recognition is challenging, it is even more difficult for researchers who have limited
computational resources compared to the amount of data that is available. A typical speech recognition experiment
starts with a scientific decision about the form of a model, something that can include the style of an HMM, the way
to algorithmically construct a Gaussian mixture during training, or the number and width of layers and style of non-
linearity in a DNN. Once such decisions are made, the model is trained on a training set, and then tested on a test set.
This process of (1) selecting a model, (2) training it, and (3) testing it, repeats as many times as is either necessary or
feasible. A speedup either in training or testing time, or ideally both, would allow more cycles of this process to occur
during any fixed amount of time, and hence is a desirable goal.

To define some notation, we have a large set V of speech utterances, where each v ∈ V consists of a pair v x y= ( ),
where x x x= ( )1 2, , ,� xTx is a an audio sample consisting of Tx acoustic feature vectors (e.g., each xt ∈�p for some
p, and with MFCCs we may have p = 39), and y y y= ( )1 2, , ,� yNy

is a word transcription of the audio where yi ∈W
is a set of word types. The transcription y therefore consists of a sequence of tokens (i.e., words, some of which might
be repeated). We make the standard distinction between “tokens” and “types” — a “type” is the identity of the word,
and a “token” is an instance of a type. A corpus has one or more tokens for every type. Hence, a corpus has size values
in terms of number of samples n V= (i.e., the number of utterance samples, or training pairs); also number of tokens
n No v V y v= ∑ ∈ ( ), and number of types nt = W . The vocabulary size of a corpus is nt. We always have no ≥ nt and no ≥
n although typically no > nt and no ⪢ n.

The complexity of acoustic model training is usually at least linear, O(n), in the number of training samples (utterances).1

For massive training sets and when using computationally demanding models like deep neural networks (DNNs), it
can take weeks to train just one system, even using multiple GPUs in parallel. Hence, producing a representative subset
of the training set where the resultant n is much smaller will make the model discovery process proceed more quickly.

During the testing phase of a model, when the sequence of tokens corresponding to an utterance is hidden and
hence inferred, complexity for decoding is often O nt

�( ) where ℓ is typically the order in, say, an ℓ-gram language
model. Historically, we would have ℓ ≥ 3, but in modern systems ℓ can be much bigger. The exponentially complex-
ity growth in ℓ results in decoding being infeasible for single-pass strategies with ℓ as large as desired, not to mention
the curse of dimensionality that results in estimating a model with large ℓ. Hence, multi-pass strategies are often used,
where an initial pass of decoding is performed with only moderate ℓ which then produces a list or lattice of decoding
hypotheses to be re-scored using a latter stage and more complex system. This also contributes to long training/
testing turnaround times. Hence, when one’s primary focus is on acoustic modeling, one may wish to test a system
out on a corpus having a smaller vocabulary nt or order ℓ.

In both cases, such long experimental turnaround times can make large-scale speech recognition difficult or im-
practical, particularly in academia where most researchers and students have limited computational resources relative
to the available training sets. Even outside of academia, this problem limits the evaluation of many diverse models
since fewer models can be evaluated given a fixed time and computational budget. Also, in either academia or indus-
try, as available training data gets larger (thanks to data collection methods such as Apple’s SIRI, Google NOW, and
Microsoft’s Cortana), this problem with continue for the foreseeable future.

Historically, two of the most commonly used and readily available conversational speech corpora are the Switch-
board (Godfrey et al., 1992) and Fisher (Cieri et al., 2004) datasets, both of which are large in terms of vocabulary
size and number of training samples, and both of which we utilize in the present work.

Our paper addresses these problems. Specifically, this paper contributes the following: (a) develop and evaluate
flexible methodology that, given a large speech corpus, can efficiently subselect from it to produce large and acous-
tically rich sub-corpus while at the same time limiting the complexity (e.g., the vocabulary size nt) of the corpus; (b) use
this methodology to produce useful and acoustically rich subsets of both the Switchboard and Fisher corpora; (c) to
establish baselines performance numbers for the resultant corpora; and (d) to release the corpora definitions for free
to the community. We also (e) produce an empirical evaluation of three modern constrained and unconstrained submodular

1 We say “at least” here since, in general, it is not in general known how the number of training epochs needed to train a system varies as a
function of the training set size.
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optimization methods on large-scale real-world problems. We refer to our resulting corpora as SVitchboard-II (SVB-
II), and FiSVer-I, where in each case “SV” stands for “small vocabulary.” By doing so, we hope to provide research-
ers with smaller but still challenging speech corpora, thus facilitating faster experimental throughput for testing novel
acoustic modeling and machine learning methods.

A brief outline of the paper is as follows. First, Section 2 describes the contributions of the paper, including a bit
of background material and notation, the goals of corpus creation (including the general notion of quality and com-
plexity), and previous work. Next, Section 3 describes submodular functions, why they are appropriate models both
for quality and complexity, and describes the various submodular optimization frameworks (namely, submodular level-
set constrained submodular optimization (SCSC/SCSK), difference-of-submodular (DS) optimization, and uncon-
strained submodular minimization (SFM)) that are be used to produce our resulting corpora. Section 4 describes a
wide variety of possible functions that can be used for quality and complexity functions and the relative merits of
each kind. Section 5 describes the process of how we selected appropriate quality and complexity functions from those
described in Section 4 and uses them via the optimization methods described in Section 3 to produce the resulting
corpora. This section also describes baseline recognition results using both Gaussian mixture model (GMM) and deep
neural network (DNN)-based ASR systems. Lastly, Section 6 concludes.2

2. Background, goals, and previous work

A basic goal of our paper is to develop, test, and deploy methods for the selection of high-quality limited-
complexity speech corpora — this means choosing a large and/or an acoustically rich subset X of a ground set V of
speech utterances (e.g., V might be the entire 309-h Switchboard-I dataset) but that has limited complexity (e.g., the
subset should have small nt, but there are other ways of measuring complexity as described in Section 4, all of which
are compatible with our framework). More specifically, we wish to choose a subset X ⊆ V that simultaneously has
the following two properties:

1. High quality: The subset X being high quality might mean the utterances X constitute a large amount of speech, a
large number of tokens, or be acoustically rich, diverse, and/or confusible (and hence useful to stress test an ASR
system) in some way. We construct a function g(X) that measures the quality of X, and we choose X such that g(X)
is maximized. We argue in Section 4.1 that there are many submodular functions that naturally model quality.

2. Low complexity: Complexity may correspond to computational cost of running an ASR system, so an obvious com-
plexity measure might be the vocabulary size nt of the subset X (i.e., the number of distinct types in X). We define
a function f(X) that measures the complexity of X, and choose X such that f(X) is minimized. Section 4.2 argues
that there are many submodular functions that naturally model complexity.

In fact, there are three goals of this paper. First, we wish to develop methods to produce such corpora, as de-
scribed above. Second, we wish to produce the corpora themselves, establish state-of-the-art for both Gaussian mixture
and deep neural network baselines for these corpora, and release the corpora definitions and baselines for free online.
Third, we wish to evaluate a set of modern combinatorial optimization methods (namely submodular optimization)
as a tool for producing these corpora and, in particular, empirically evaluate three variants of submodular optimiza-
tion on large-scale real-world problems.

We next define more notation and terminology that will be useful throughout this document. We describe this section
here to gain intuition, even though we defer the formal definition of submodularity and supermodularity to Section 3.
We form a bipartite graph G V U E= ( ), , , where V (the left set of vertices) is the set of utterances in a corpus, and U
(the right vertices) is the set of types (distinct words) within that corpus as shown in Fig. 1. For X ⊆ V, we define the
function γ: 2V → 2U (so γ(X) ⊆ U) as the set of neighbors of X in U. That is for any X ⊆ V,

γ X u U v X v u E( ) ∈ ∃ ∈ ( )∈{ }� : . . , .s t (1)

2 This paper is a significantly expanded version of Liu et al. (2015). This paper adds: (1) the full details of the three submodular algorithms
used; (2) a large assortment of objectives and strategies that one can use to produce sub-corpora, and explanations regarding why a scientist may
wish to use one over the other; (3) the details of the baseline ASR systems (both GMM- and DNN-based) for the resulting corpora; and (4) offers
many more results in the form of the plethora of corpora, and statistics thereof, that were produced by the optimization methods.
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The function γ(X) corresponds to the vocabulary words (types) corresponding to the utterances X. Also, for Y⊆U,
we define the function ζ: 2U → 2V where ζ(Y) is the set of neighbors of Y in V and that themselves do not have a
neighbors outside of the set Y. That is

ζ Y v V u U v u E u Y( ) ∈ ∀ ∈ ( )∈ ⇒ ∈{ }� : , , . (2)

Given a set of types Y, the function ζ(Y) gives the set of utterances that contain no vocabulary words (types) outside
of Y. These functions are depicted in Fig. 1 for two examples of X and Y. Let wV

V: 2 → +� be a function that gives
a non-negative value wV(X) to every set of utterances X⊆V as follows: w X w xV x X V( ) = ∑ ( )∈ . As we will see in Section 3,
such a function is known as a modular function. Also, let wU

F: 2 → +� be a modular function that gives a non-
negative cost w Y w yU y Y U( ) = ∑ ( )∈ to a set of types Y⊆U, and using this we can valuate the cost of a set X⊆V of ut-
terances indirectly via γ(·) via wU(γ(X)). As we will see in Section 3, wU(γ(X)) is a submodular function in X and wV(ζ(Y))
(Narayanan, 1997) is a supermodular function in Y. One very simple example uses w Y YU ( ) = so that |γ(X)| is the
number of distinct types that are contained in the set of utterances X, and w X XV ( ) = so that wV(X) is the number of
utterances in X. Also, |ζ(Y)| is the total number of utterances that do not contain types outside of the set Y. Hence,
one way to maximize “quality” while minimizing “complexity” is to find a set X⊆V that has large wV(X) value but
small cost wU(γ(X)), and Section 3 describes three algorithmic methods that can do this.

In an initial study (King et al., 2005), a heuristic was proposed to select different subsets of Switchboard (with
vocabulary size of 10, 25, 50, 100, 250, and 500 words). The resulting corpora, named “SVitchboard I”, are available
online at http://tinyurl.com/svitchboardI. The heuristic greedily selected the most frequent word in the transcripts until
the vocabulary size constraints were met. Specifically, starting with a boot vocabulary Y← Y0 where Y0⊆U is the most
frequent vocabulary words of a given size, we select, in each greedy step, an out-of-vocabulary (OOV) word to add
to the vocabulary if the amount of data containing only and nothing other than this new vocabulary is maximized.
That is, given Y, we next choose y ∈ U∖Y that maximizes w Y yV ζ +( )( ) where wV(v) gives the number of word tokens
in utterance v ∈ V.3 The algorithm stops when the desired vocabulary size is reached.

The greedy algorithm, although conceptually simple, can perform, as described in Lin and Bilmes (2011b), arbi-
trarily poorly for the corpus subset selection problem as solved by the above greedy algorithm. To see a simple example,
let U a b c= { }, , be a set with only three vocabulary types. Define a function h as h a{ }( ) = 1, h b h c{ }( ) = { }( ) = 0,
h a b h a c, , ,{ }( ) = { }( ) = 1 and h b c p,{ }( ) = >1 and the goal is to choose two words (the cardinality constraint). The
function h can be verified as being supermodular (Section 3). Therefore, the greedy algorithm above attempts to solve
the problem of maximizing a supermodular function subject to a cardinality constraint. Greedily maximizing h leads
to a solution {a, b} with objective function value 1, while the true optimal objective function value is p on set {b, c}.
Since p is an arbitrarily large non-negative value, the approximation factor for this example (the ratio of the resulting
valuation and the optimal valuation, or 1/p) can be made unboundedly poor. This is unsurprising, as wV(ζ(Y) is a
supermodular function in Y, and it is well known that the greedy algorithm works near-optimally when maximizing
a submodular but not a supermodular function function subject to a cardinality constraint (Nemhauser et al., 1978).

A second approach to this problem was given in Lin and Bilmes (2011b). Here, given a quality function g X X( ) =
and a vocabulary-size complexity function f X. ,( ) = ( )γ a surrogate function is formed as γ V X X�( ) − which

3 We define Y y+ as the set Y ∪ {y} for notational convenience.

Fig. 1. Bipartite graph description. V is set of utterances, and U is set of types. The left and right examples show two different instances of X⊆V
and Y⊆U and the corresponding values of γ(X) and ζ(Y).
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happens not only to be submodular but also “graph representable”, meaning we can minimize this function exactly in
low-order polynomial time using max-flow/min-cut algorithms. This work produced results that were seen to be better
than King et al. (2005), but no corpus was released, and it did not consider richer quality g(·) and complexity f(·)
functions but that might not both be graph representable.

In the present work, we investigate several principled approaches to data selection using submodular function (Fujishige,
2005) optimization for an arbitrary submodular quality g and complexity f function. Our approach, in fact, builds upon
Lin and Bilmes (2011b) where a subclass of the algorithms we present here was considered in Lin and Bilmes (2011b)
for subselecting data. In fact, when f and g are graph representable, then the optimization method in Lin and Bilmes
(2011b) corresponds to a min-cut/max-flow solution to the approach given in Section 3.1. In this work, Section 3.1,
which addresses the problem as a form of unconstrained submodular minimization (SFM), not only allows f and g to
be arbitrary submodular functions (and there are many that could be useful, as described in Section 4), but we also
introduce and test two new algorithmic approaches to finding a set that has high quality g and low complexity f, namely
the submodular level-set constrained submodular optimization (SCSC/SCSK) approach in Section 3.2 and the difference-
of-submodular (DS) approach in Section 3.3. Moreover, Lin and Bilmes (2011b) only proposed and tested subselection
algorithms for this problem, but it did not produce experimental speech recognition results, provide resulting corpora
definitions, nor publicly release the resulting corpora definitions. Here, we consider a more general class of algo-
rithms (that includes those proposed in Lin and Bilmes (2011b)) and use them to find the very best possible set of
corpora in terms of a variety of useful statistics. Furthermore, we select training, development, and test sets based on
the resulting corpora and then produce baseline GMM-HMM and DNN based ASR systems, and Kaldi recipes, on
these corpora that can be useful as comparisons for future research using these corpora.

3. Submodular functions

Submodular set functions are those that have the “diminishing returns” property. Given a finite set V, a set func-
tion f V: 2 → � is said to be submodular if f A v f A f B v f B∪{ }( ) − ( ) ≥ ∪{ }( ) − ( ) holds ∀A⊆B⊆V and v∉B. This
means that the incremental value (or “gain” of element v), defined as f v A f A v f A( ) ∪{ }( ) − ( )� , decreases as the
context in which v is considered grows from A to B. Hence, f is submodular if f(v|A) ≥ f(v|B) for all A⊆B⊆V∖{v}.
Submodularity can equivalently be defined as those functions having f A f B f A B f A B( ) + ( ) ≥ ∪( )+ ∩( ) for all A,
B⊆V. Supermodular functions are those that have the inequality reversed, i.e., h is supermodular if h(v|A) ≤ h(v|B) for
all A⊆B⊆V∖{v}. We also define modular functions as those that are both submodular and supermodular, i.e., they satisfy
the above inequality everywhere with equality. All modular functions m V: 2 → � that are also normalized m φ( ) = 0
correspond to a |V|-dimensional vector, and for any X⊆V, a modular function valuates a set X as m X m xx X( ) = ∑ ( )∈ .

Submodular functions have shown good performance in several real world applications such as feature selection
Krause et al. (2008b); Das and Kempe (2011); Liu et al. (2013); Kirchhoff et al. (2013), clustering (Narasimhan et al.,
2005), structure learning (Narasimhan and Bilmes, 2004), document summarization (Lin and Bilmes, 2011a; 2012),
image collection summarization (Tschiatschek et al., 2014), speech training data selection (Lin and Bilmes, 2009; Wei
et al., 2014), sensor placement (Krause et al., 2008a), and many others. In this paper (in Section 4), we in fact show
that there are many appropriate and natural submodular instantiations of the quality g and complexity function f that
could be used. This, along with algorithms that, in one way or another, simultaneously minimize a submodular com-
plexity function f while maximizing another submodular quality function g provide a more principled approach to
corpus selection than just by using heuristics.

We consider and evaluate three distinct optimization strategies. The first is based on simple unconstrained submodular
function minimization (SFM), which involves producing an approximate objective that can be solved exactly in polytime,
although it can be slow in practice depending on the function. The second is based on constrained submodular opti-
mization (SCSC/SCSK), in particular given two submodular functions, we optimize one under the constraint that the
other must be bounded by a constant. Here, the objective is exact since we can use the exact quality and complexity
functions, but an exact solution is not possible. Fortunately, approximation solutions (having mathematical guaran-
tees) can be produced in this case in polynomial time. The third approach is based on optimizing a difference between
two submodular (DS) functions—this is also an approximate objective, but good and fast heuristics exist that can produce
solutions that typically are high quality. Hence, we have the age-old problem of solving a problem either by: (1) solving
an approximate objective exactly, (2) solving an exact objective approximately, or (3) solving an approximate objec-
tive approximately. What is missing is (4) solving the exact objective exactly, which is also something we can do if
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we restrict the submodular functions to be piece-wise-linear concave over modular, or if we restrict the class of submodular
functions to be only graph representable, as was done in Lin and Bilmes (2011b). Both of these cases, however, can
again be seen as producing an approximate objective, and therefore optimizing the exact objective exactly, in general,
is intractable.

3.1. Unconstrained submodular function minimization

The first approach we consider is general unconstrained submodular function minimization (SFM).

Problem SFM1 ( ) ( )
⊆

: min
X V

h X (3)

where h X g V X f X( ) = ( ) + ( )� λ is a submodular function. Here, we minimize g(V∖X), the quality of X’s com-
plement V∖X, rather than maximizing the quality of X. Since g( · ) is submodular monotone non-decreasing and nor-
malized (i.e., g φ( ) = 0), we have g V X g V g X�( ) ≥ ( ) − ( ). Hence, we have the relationship:

h X g V X f X g V g X f X( ) = ( ) + ( ) ≥ ( ) − ( ) + ( )� λ λ (4)

Since g(V) is a constant, minimizing g V g X f X( ) − ( ) + ( )λ over X is the same as minimizing λ f X g X( ) − ( ) which
exactly corresponds to maximizing g while minimizing a scaled f. Thus, minimizing h means we minimize an upper
bound of an objective that is desirable but intractable directly to minimize.

If g( · ) is a modular function (as it is when g X w XV( ) = ( ), see below), then we have that g V X g V g X�( ) = ( ) − ( )
and the SFM approach exactly maximizes the objective h X g X f X( ) = ( ) − ( )λ . Hence, if we sacrifice some flexibil-
ity on the quality function (namely to use a modular rather than a submodular function) then we can get an exact
solution. Indeed, this is exactly the approach used in Lin and Bilmes (2011b) where they used a modular quality func-
tion and a graph representable submodular complexity function f X.( ) = ( )γ as described in Section 2. Hence the
SFM approach directly generalizes that of Lin and Bilmes (2011b) and allows more general quality functions.

Another advantage of this approach is that, even when g is submodular, solutions for all possible values of λ and
finding solutions for a particular λ have the same complexity, thanks to the principle partition of submodular systems
(see Fujishige, 2005; Lin and Bilmes, 2010).

On the other hand, as mentioned above, a potential disadvantage with this approach for our problem is that for
submodular g( · ), we minimize only an upper bound of our goal. Another disadvantage is that we have to accept the
solutions that we get for different values of λ, and in general there is only a small set of critical values of λ that matter—
values of lambda other than a set of critical values will produce solutions identical to one of the critical values of λ.
Hence, it is harder to precisely control the complexity (i.e., if we want a corpus that has an exact vocabulary size
upper bound, there might not be a critical value of λ that exactly achieves this particular constraint with equality).
Finally, for submodular g and f, general purpose submodular function minimization, while theoretically requiring poly-
nomial time, can be slow in practice. However, there are relatively fast and practical algorithms for general purpose
SFM, such as the minimum-norm point algorithm (Fujishige, 2005; Fujishige et al., 2006) and that we use below.

3.2. Constrained submodular optimization

Iyer and Bilmes (2013) defined a number of algorithms to solve the following two constrained submodular opti-
mization problems, referred to as “Submodular Cost Submodular Cover (SCSC)”, and “Submodular Cost Submodular
Knapsack” (SCSK), respectively:

Problem SCSC and2 ( ) ( ) ( ) ≥{ }: min ,f X g X c (5)

Problem SCSK3 ( ) ( ) ( ) ≤{ }: max ,g X f X b (6)

where both g V: 2 → +� and f V: 2 → +� are polymatroid (non-negative monotone-nondecreasing submodular)
functions.
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This approach exactly addresses the problem we wish to solve. In particular, we can use the formulation of Problem
2 and directly enforce constraints on the vocabulary size while maximizing the quality. Unlike submodular function
minimization, however, this problem is NP-hard (Iyer and Bilmes, 2013). Several of the algorithms proposed in Iyer
and Bilmes (2013), however, are scalable and admit bounded approximation guarantees. In this paper, we use the it-
erative submodular knapsack algorithm, outlined in Section 4.2 in Iyer and Bilmes (2013).

3.3. Difference of submodular functions optimization

The third approach we consider minimizes the difference between submodular functions (Iyer and Bilmes, 2012;
Narasimhan and Bilmes, 2005):

Problem DS3 ( ) ( )
⊆

: min
X V

v X (7)

where v X f X g X( ) = ( ) − ( )λ is a difference of two submodular functions. Similar to SCSC/SCSK, this method
addresses the underlying problem; different values of λ will amount to different vocabulary sizes. Unfortunately, unlike
SCSC and SCSK, we do not have explicit control over a constraint on f (and thus the vocabulary size, when we choose
f X X( ) = ( )γ ) and we instead need to tune λ to obtain the best solution. Like SCSC/SCSK, exact DS optimization
is intractable, and in fact inapproximable, but the algorithms proposed in Iyer and Bilmes (2012) and Narasimhan
and Bilmes (2005) are scalable and work well in practice on typical real-world functions (Iyer and Bilmes, 2012).

3.4. Further discussion of the three approaches and our goals

With these new algorithms, therefore, we can directly address the problem of high quality limited complexity corpus
selection. Considering Problem II, for example, we can set a given budget b to be, say a particular vocabulary size
(e.g., b∈{ }10 50 100 500 1000 5000 10 000, , , , , , , ) which would work if we choose f X X( ) = ( )γ . Any feasible solu-
tion X s.t. f(X) ≤ b, therefore, will naturally satisfy a vocabulary size constraint.

The advantages of Eq. (6) over Eq. (3) is that feasible solutions are the norm rather than the hope, i.e., if we want,
say a 5000 word corpus, there might be no value of λ in Eq. (3) that gets us a vocabulary size close to this. In Eq.
(6), however, we are (in theory) never considering corpora that violate the constraint. The other advantages of Eq. (6)
is that the algorithms defined in Iyer and Bilmes (2013), while approximate, should be fast and scalable, and will
probably run much faster than general SFM (or the principle partition).

The potential problem, however, is that the algorithms in Iyer and Bilmes (2013) are only bi-approximate, and the
resulting solutions might not always be exactly feasible. In any event, one of our goals in this work is to observe which
of SFM, SCSC/SCSK, and DS yields superior corpora. To do this, we choose a particular g(·) and f(·) function, try
them with SFM, SCSC/SCSK, and DS, run statistics on the resulting corpus, and then see which resulting corpus is
better via these statistics. The best resulting corpora are those that we then establish baselines for, and then release.
In this sense, we use the tools of submodular optimization to give us a low-dimensional parameter space to search
for good corpora over (which includes the choice of algorithm, and the hyperparameter λ)—this is an inherently fea-
sible task, unlike the combinatorial explosion that would be require to search over all possible corpora subsets.

4. Corpus creation via various g(·) and f(·)

There are a plethora of different g(·) and f(·) functions we can choose from for the problem statement. In this section,
we will describe different function instantiations for g(·) and f(·). We then choose several of them to test in our ex-
periments. While we do not test all of the g(·) and f(·) functions we list in this section, we still include this compila-
tion in order both to show the flexibility of our framework and also to offer ideas for future research in engineering
good corpora.

4.1. Quality functions

We start with four different modular functions as quality functions g. All are normalized so that g φ( ) = 0 and
g V( ) = 1. The followings are the instantiations of g( · ):

Y. Liu et al. /Computer Speech and Language 42 (2017) 122–142128



1. Utterance count: g X X V1( ) = . This instantiation defines high quality as containing large percentage of utter-
ances in V. Each utterance (short or long) is given equal weight.

2. Amount of speech: g X w X w VV V2 ( ) = ( ) ( ) where wV(v) measures how much speech (excluding silence) is in the
acoustic signal v. Thus, longer utterances are preferred over shorter ones.

3. Number of tokens: g X w X w VV V3 ( ) = ( ) ( ) where wV(v) measures how many tokens are contained in the transcrip-
tion of utterance v.

4. Intra-utterance acoustic dispersion. g X w X w VV V4 ( ) = ( ) ( ) where wV(v) measures the “acoustic dispersion” within
utterance v. If x x x xv v v

T
v= ( )1 2, , ,� is a sequence of, say, MFCC or other acoustic vectors for utterance v, then we

can measure acoustic dispersion via

w v
T

x x x xV i
v

j
v

i
v

j
v

j

T

i

T

( ) = −( ) −( )
==
∑∑1

2
11

ᵀ
(8)

Here, we prefer an utterance if it is internally acoustically diverse.
5. Utterance error rate: g X w X w VV V( ) = ( ) ( ) where wV(v) measures the relative number of errors that utterance v

has in the corpus for a speech recognition system, i.e., we might wish to choose utterances that are inherently hard
so that results on the subselected corpus act as a representative of worst-case performance for the full corpus. This
could be useful to produce a difficult small corpus, or for use in boosting-like procedures.One very simple possi-
bility might be to have w vV ( ) = 1 iff v had an error. Another possibility is to do relative number of errors (i.e.,
relative to the number of tokens in v).Note that we might also want to consider this in the context of long vs. short
utterances, i.e., a long utterance with an error rate of 50% might be more valuable than 80% error rate on a short
utterance. While we can always mix this function together with speech amount, it may make more sense to have
a function where speech amount and utterance error rate interact more intimately.

All the above functions are modular, i.e., the score of an utterance does not interact with the score of another. Thus,
there is a high chance of choosing a set X that has high quality but that is also redundant. As an extreme example, if
a corpus had duplicate entries which are very high quality, both would be chosen even though the corpus diversity
would not improve.

To address this, we can utilize a strictly submodular function for g(·) in order to express desire for not only a high
quality but also a diverse set of utterances. Our guide will be the functions that were used for speech subset selection
(Wei et al., 2014; 2013) which is a different application and set of goals (since in that work, f(·) is always modular
and we can often solve the problem of maximizing g X f X( ) − ( )λ with submodular maximization procedures). The
quality submodular functions used in that research still work quite naturally for our quality functions as well. We draw
directly from Wei et al. (2013),Wei et al. (2014) to outline some possible candidates.

The first instantiation of a submodular g(·) is called a feature-based function, and is defined as follows:

6. Feature-based. Here, g X g X g V( ) = ( ) ( )5 5 , where

g X m Xu
u

5 ( ) = ( )( )
∈
∑φ

U
(9)

where φ(·) is a non-negative monotone non-decreasing concave function, U is a set of features, and m S m ju j S u( ) = ∑ ( )∈

is a non-negative score for feature u in set S, with mu(j) measuring the degree to which utterance j ∈ S possesses feature
u. Maximizing this objective naturally encourages diversity and coverage of the features within the chosen set X of
elements. We note that Eq. (9) is a sum of concave functions over modular functions, and is hence submodular.

Each term in the sum be based on a “feature” of the objects being scored. The feature based submodular functions
are convenient for applications in speech processing since speech objects can often be described by a variety of pho-
netic or prosodic feature labels (e.g. phonemes, triphones, words, syllables, tones, etc.). Feature-based submodular
functions, therefore, have the ability to leverage much of the important work on both knowledge- and data-driven feature
engineering that has been available in speech processing. This class of submodular functions moreover avoids the use
of a pair-wise similarity graph over utterances, as in Eq. (10), and hence, also unlike Eq. (10) avoids an expensive
O(|V|2) function evaluation cost.
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In Wei et al. (2014), U is the set of triphones over frame labels that are derived from the word transcriptions via
a forced Viterbi alignment of a trained system. The function φ() is the square root function. The score mu(s) is the
count of feature u in element s, normalized by term frequency-inverse document frequency (TF-IDF), i.e.,

m s s su u u( ) = ( ) × ( )TF IDF , where TFu(s) is the count of feature u in s, and IDFu
V

d u
= ( )

⎛
⎝⎜

⎞
⎠⎟

log is the inverse document

count of the feature u with d(u) being the number of utterances that contain the feature u (each utterance is consid-
ered a “document”).

We also introduce two additional (and more expensive) possible function instantiations for g(·).

7. Facility location: Here, g X g X g V( ) = ( ) ( )fac fac where g Xfac ( ) is defined as

g X w
j X

ij
i V

fac ( ) =
∈∈

∑max , (10)

where wij ≥ 0 indicates the similarity (or affinity) between utterance i and j. The similarity measure wij may be com-
puted by kernels derived from discrete representations of the acoustic utterance i and j, as we do below. More spe-
cifically, a tokenizer is run over the acoustic signal that converts it into a sequence of discrete labels. Then a TF-IDF
kernel or string kernel is used to compute the pair-wise similarity between the sequences of discrete labels of two
speech utterances. In general, however, any non-negative similarity between utterances may be used.
8. Saturated coverage: Here, g X g X g V( ) = ( ) ( )sat sat where g Xsat ( ) is defined as follows:

g X C X C Vi i
i V

sat ( ) = ( ) ( ){ }
∈
∑min , ,α (11)

where C X wi j X ij( ) = ∑ ∈ and 0 ≤ α ≤ 1 is a saturation coefficient. Like the above, wij is a non-negative similarity score
between the corresponding two utterances i and j.

We refer to both facility location and saturated coverage as graph-based submodular functions since a pair-wise
similarity graph is required, i.e., wij needs to be computed for all i ∈ V and j ∈ V. This is an expensive objective func-
tion because of a time complexity of O(|V|2) and a memory complexity of O(|V|2) for the graph construction. In our
task of large-scale speech data subset selection, the whole speech corpus is segmented into about 1.3 million indi-
vidual segments; thus |V| ≈ 1.3e7. Even with highly optimized data structures, efficient computation of similarity mea-
sures, and nearest neighbor graph approximation, graph construction presents a computational challenge for the application
of such graph-based submodular objectives on large-scale speech data subset selection. Thus, in large-scale data se-
lection, we tend to prefer feature-based functions to the graph-based functions.

4.2. Complexity functions

One obvious candidate of the complexity functions f(·) is the vocabulary size of X (i.e., f X.( ) = ( )γ ) since it allows
us to directly control the vocabulary size. When f(·) is not the vocabulary size, then any given budget would be based
not in terms of vocabulary size but something else. One of our primary goals in this work is to produce, define base-
lines over, and then publicly release a set of rich and realistic corpora that are useful for rapidly prototyping novel
speech recognition algorithms. Our approach is to test a variety of f(·) functions, study the statistics of the resulting
corpora, and repeat until we obtain an attractive result. In other words, varying and then optimizing with f(·) func-
tions may be as tool to achieve one of our ultimate goals. Some f(·) functions might produce better corpora than others.
For example, if we measure only vocabulary size with f(·), we might end up with a corpus consisting primarily of
stop words in its lexicon. When f(·) is not vocabulary size, but we still wish to place a bound on vocabulary size (since
that is an important limiter of the complexity of testing novel ASR methods), we would need to run optimization
with various different budgets and hope that there are solutions that have vocabulary sizes close to the
10 50 100 500 1000 5000 10 000, , , , , , ,{ } sizes we desire. In the worst of cases, we might not have exactly those desired

sizes. If, say, the resulting vocabulary sizes were 9, 52, 103, 505, ..., rather than 10, 50, 100, 500, ..., these numbers
are not so far off as to appreciably change the complexity requirements for studying novel ASR systems. These sizes,
therefore, would suffice as long as the other properties of the corpus are still good. This, it turns out, is indeed the
case as we show below.
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To guide the design of good complexity functions, we must consider what makes a “good” corpus. In general, we
wish the corpus to have many of the properties of a big corpus (e.g., acoustically interesting and diverse, rich set of
hard vocabulary words, representative of and a good surrogate for the large corpus) but at the same time we wish it
to be small (e.g., a small vocabulary size, no OOV issues) in order to allow for rapid prototyping of extremely novel
ASR methods. As is the case the quality functions, the complexity function f(·) can be either modular or submodular.
However, since in all cases complexity is based either directly or indirectly on the number of types in a resultant corpus,
all complexity functions we consider below are submodular. These functions, however, can be sub-divided based on
if they are either modular or submodular on the set of types U, as we next show.

4.2.1. Functions submodular on V but modular on U.
In this first case, f X w X w uU u X U( ) = ( )( ) = ∑ ( )∈ ( )γ γ , where γ(X) is the vocabulary associated with X, and wU(u) is

a function that indicates the undesirability of word u. A larger wU(u) states that word type u is less important. This
allows certain desirable properties of the vocabulary of the resultant corpus to be expressed.

There are a number of ways of defining the modular function wU
U: 2 → +� on subsets Y⊆U.

1. Vocabulary size. Here w Y YU ( ) = . This represents the collective vocabulary size of utterances in set X and ex-
presses desire for small vocabulary size. All words are equally and uniformly undesirable.

2. Intra-word number of phones. Here, w Y
C

q
U y Y

y

( ) = ∑ ∈ where qy is the number of phonemes in the pronunciation

of word y and C is a non-negative constant. That is, types that have a larger number of phonemes are preferred
(they are less undesirable).

3. Number of pronunciations. Here, w Y
C

q
U y Y

y

( ) = ∑ ∈ where qy is the number of pronunciations in a dictionary that

word y has. This makes a word more desirable when it has many pronunciations (meaning it is a harder word,
making the resulting corpus more confusible since there are likely to be distinct types that might have similar
pronunciations).A variant of this approach would exclude the initial and final phone of a word when measuring
the count—the reason is that words with the same internals but only boundary differences might still be easy to
distinguish.

4. Intra-word phonetic diversity via lattice density of word pronunciations. A variant of number of pronunciations
would produce a phone lattice from the dictionary entries for all the pronunciations of a word, and compute the lattice
density, which is often a good measure of intra-word phonetic diversity, i.e., we would take
w y yU ( ) = ( )1 phone lattice density for word to express preference for high lattice density.A further variant of this
idea would compute the max-cut within the lattice rather than the overall lattice density. Still another variant of
this approach would be lattice-based diversity but that uses acoustic information as well. For example, let y be a
given type, and let {xy,i}i be a set of acoustic segments corresponding to this type, i.e., consider in a forced Viterbi
alignment of the training data all segments within utterances that correspond to type y. For each such segment, it
is possible to produce a lattice representation of an n-best list state output of a decoding of the segment. In other
words, for each acoustic segment xy,i we would produce an ASR-system state lattice. Once we collect all of the
state lattices for every segment corresponding to a given type, we can measure the overall lattice density (or max
cut) in a lattice that combines all of the segment-specific lattices. Hence, this is a hybrid dispersion of combined
state lattices of segments for a given type.We note that the approach above requires an initial working baseline
ASR system to produce these lattices and statistics thereon. The implicit assumption above is that a corpus devel-
oped based on the statistics computed from this baseline ASR system would still be attractive to other, quite dif-
ferent, ASR systems. This may or may not be true, depending on how different the baseline ASR system is from
the novel ASR system. To the extent that it is not true, however, it should be possible to develop a staged ap-
proach, whereby once a new system methodology has been prototyped based on an initial corpus, and once that
system in its final form has been trained on a full training set, that latter system can be then used to generate corpus
statistics for a second stage selection process. This procedure can also iterate to produce a sequence of more refined
corpora.

5. Intra-word phonetic diversity via entropic acoustic dispersion. Here, wU(y) would be based on an HMM-like model
divergence measure. For example, given an HMM p(x|y) for word y, we could compute w y H p x yU ( ) = ( )( )1 where
H is the entropy function. This would prefer words that have high intra-word variability (or high acoustic dispersion)
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as measured by an acoustic measure.There are many different ways to produce the HMM. For example, it would
be whole-word unsupervised, whole word from a trained ASR system, or phone based from an trained LVCSR
system (this last instance is probably the one that will work best). It would also be straightforward to use more
recent DNN- or RNN-based acoustic models to compute acoustic dispersion.

6. Intra-word phonetic diversity via alignment acoustic dispersion. Here, wU(y) would be based on pairwise acoustic
alignments of various segments corresponding to type y, i.e., gathering all acoustic segments Sy that have been aligned
(in a forced alignment) with type y, we can then subsequently do a set of pairwise alignments for all pairs within
Sy (using, say, a 2-norm or Mahalanobis distance for frame distance), and then average these alignment costs to-
gether, wU(y) would be inversely proportional to that (so again, it prefers types that have diverse instances).A variant
of this is to, rather than the acoustic segments being aligned to each other, each segment is aligned to a model.
i.e., the forced Viterbi path could be used for this purpose. Then the Viterbi alignments corresponding to the acous-
tic segments could be used to produce a dispersion measure for type y.In any case, we see that whatever the measure
of dispersion, we would have w y C yU ( ) = ( )dispersion for some constant C.

7. Intra-word error rate. Some words are inherently more confusible than other words are. Another option for is to
take wU(y) as the accuracy of word y. Hence, we express desire for a corpus of words that have high error, and are
inherently difficult. This will lead to a more difficult subselected corpus but one that is more likely to be indica-
tive of results on the full corpus (since the hard words, the ones that are often confused are given special treatment).

4.2.2. Functions submodular on V and also submodular on U
The functions above were modular on U in the sense that they all involved indirectly selecting a subset, say S⊆U

based on a subset X⊂V, and then valuating X based on a weighted sum over S. For this reason, we consider them to
be modular over U. Complexity functions f(·) that are also submodular over subsets of the set of U offer additional
capability and nuance for selecting good corpora. The functions we outline in this section are submodular over U in
the sense that they involve applying additional concave functions over weighted subsets of U, an operation that is
guaranteed to preserver submodularity (Lin and Bilmes, 2011a). The following constitutes a set of candidate functions.

1. Cooperation within blocks of a partition. Here, we partition the types U U U UK= ∪ ∪ ∪1 2 � into K (necessarily
disjoint) blocks and form a function of the form:

f X w X UU k
k

K

( ) = ( )∩( )[ ]
=
∑φ γ

1

, (12)

where φ is a non-negative non-decreasing concave function. In general, such a function says that to minimize f(·) we
wish to choose words that live in the same block of the partition rather than spreading out words over many different
blocks.
2. Confusibility functions. In order to produce a corpus that is challenging, we may wish to select vocabulary words

that are (acoustically) confusible with each other. Two words y1, y2 ∈ U are confusible if it is easy, when one gets
an instance of y1, to confuse it with y2 (and perhaps vice versa). Confusible groups are typically a problem for
speech recognizers. If we, for example, chose only words in a sub-corpus that were very non-confusible with each
other, building a recognizer for the corpus would be relatively easy. A corpus with many confusible words would
be much harder and building a system for it would be more indicative of the performance on the full data.The par-
tition function in Eq. (12) suits this goal perfectly. Here, each Uk would be a confusible group, and to minimize
complexity we would try to choose as many mutually confusible words as possible.A variant of this would be to
utilize and then represent a form of directionality. For example, perhaps y1 is easily confused with y2 but not vice
versa. More precisely, this can happen if, given a probabilistic model over words y given acoustics x, p(y|x), and
given two typical samples xy1 and xy2, respectively, of words y1 and y2, we may have that p y x p y xy y2 11 1( ) ≈ ( )
but that p y x p y xy y2 12 2( ) ( )� . From the perspective of a submodular complexity function f(·), this would require
that f(y2|y1) < f(y1|y2) which implies that f(y2) < f(y1). This idea cannot be extended to more than a pair, however,
since if y1 is confusible with y2, and y2 is confusible with y3, and, say, y3 is confusible with y1 (an intransitivity),
we cannot adjust f(y1), f(y2), f(y3) to express this. However, if the confusibility graph is transitive (meaning, there
are no directed cycles), we can find single values f(yi) that will express it (very similar to the case of utilities in
game theory).
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5. Experimental results

As described in Section 2, we have three main goals of this paper: develop methods to produce corpora, produce
and then release the corpora, and evaluate the utility of three submodular optimization strategies for this purpose. Having
established a set of essential tools and options in the preceding sections, we proceed with these goals in this section.

5.1. Comparison of different algorithms

In the previous section, we proposed three different algorithms with different f(·) and g(·) instantiations. Our goal
here is to create subsets using different submodular optimization algorithms as well as function instantiations.

To produce the initial ground set of utterances, for Switchboard I and Fisher we first remove utterances containing
the disfluencies and fillers. For example, we remove utterances that contain only word fragments (e.g. sim[ilar]-), uh,
[noise], yeah, [laughter], huh, hm, [laughter-*], uh-huh, um-hum hum, huh-uh, um. The size of the resulting ground
sets V for Switchboard I and Fisher is then 93,312, and 1.7 million, respectively. For Switchboard I, we test all three
algorithms and function instantiations for a given target vocabulary size. Because of its large ground set size, for Fisher,
we use the SCSK algorithm with g5 as the quality function because of the scalability and the computational efficien-
cy of the semigradient-based SCSK algorithms (Iyer and Bilmes, 2013).

To choose the best resulting corpus for a particular target vocabulary size, we run each of the optimization methods
(Sections 3.1–3.3) that gives us a relatively small number of corpora to choose from. We then compute a set of sta-
tistics on each of the resulting corpora such as the actual vocabulary size, average number of phonemes per word, the
number of utterances and tokens, the speech durations, etc. We also compute the value g5 for each subset; note that
the g5 function measures the representativeness of the subsets. We believe this value is a good indicator of corpus

diversity. To show a corpus’s phonetic balance, we compute the normalized entropy of the phoneme distribution
H p( )
( )log 43

and the normalized entropy of the non-silence phoneme distribution
H p( )
( )log

,
42

where we use 43 phones in the lexicon

with 42 non-silence phones. H(p) is the entropy of the probability distribution over phonemes in the selected subset.
In order to have the best final corpus for the current vocabulary size, we make the final corpus selection by visual

inspection of these statistics (i.e., by hand). Table 1 shows the statistics of our chosen corpora, comprising both SVitchboard
II and FiSVer I. Table 3 shows the specific algorithm and function instantiations we used to create each subset in
Svitchboard II. The twelve tables (Tables 7–18) list the statistics of all of the corpora that resulted from the algo-
rithms of Sections 3.1–3.3. We establish baseline systems for only our chosen sets listed in Table 3.

5.2. Comparison to random selection and SVB-I

We also compare our Svitchboard-II datasets to Svitchboard-I dataset (King et al., 2005) and random selected subsets.
The random selection is done by repeatedly randomly picking an utterance and adding it to current corpus, and the
selection is terminated once the target vocabulary is met. We do 100 random selections for each target vocabulary
task. Table 2 shows the comparison of random selected subsets, Svitchboard-I and Svitchboard-II. For each target
vocabulary size (50, 100 and 500), Svitchboard-II provides much more acoustic data. Svitchboard-I datasets provide
subsets with vocabulary sizes only of 10, 25, 50, 100, 250, and 500; while Svitchboard-II provides corpora with vo-
cabulary sizes up to 10,000 and having more than 60 h of speech. A 10,000 word acoustically rich subset of switch-
board is a useful size even in today’s big-data environment.

In addition, we compare the vocabularies in Svitchboard-I and the new Svitchboard-II datasets — Figs. 2–4 show
the vocabulary difference between Svitchboard-I and Svitchboard-II dataset. Clearly, the newer methods produce a
more interesting, richer, and phonetically diverse set of vocabulary words, while keeping the vocabulary size the same,
but also while choosing more acoustic data. This shows a clear advantage of Svitchboard-II over Svitchboard-I.

5.3. Data partition for cross-validation

For SVitchboard-II, our baselines define a cross-validation procedure. The conversation sides in each subsets are
split into 5 non-overlapping folds; each conversation only exists in one fold. Similar to King et al. (2005), we denote
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these five folds as sets A, B, C, D, and E (with no conversation side overlaps). For each vocabulary task, we create 5
subtasks: we use 4 out of the 5 folds as training data. For development data, we use the first half of the remaining
fold; for evaluation data, we use the second half of the remaining fold. Table 4 shows the cross-validation schemes of
SVitchboard-II. For the FiSVer-I 10-vocabulary and 50-vocabulary subsets, we split the first 90% utterances as train-
ing data, and the remaining 5% and 5% utterances as used as development and evaluation set, respectively. For other
vocabulary sizes we split the data into 98%, 1% and 1% as training, development and evaluation sets, respectively. A
trigram language model is built for each experiment. For each subtask in SVitchboard-II, the language models must
be trained only on the training data as shown in Table 4, not on the entire data before the splitting.

5.4. Baseline experiments

For each task, we establish two baseline systems, one with a triphone GMM-HMM system, and the other with a
triphone DNN-HMM system, both of which are trained using the Kaldi open-source toolkit (Povey et al., 2011). For

Table 1
Statistics of SVitchboard-II (top table) and FiSVer-I (bottom table) datasets. Vocab size: actual vocabulary size; Avg. Phone: average number of
phonemes per word; #Utts: number of utterances; #Tokens: number of tokens; Speech: hours of speech (excluding the silence parts); g-value: the
function value of g5(X); #Conv.: number of conversation sides; Norm. ent 1: normalized entropy of phoneme distribution; Norm. ent 2: normalized
entropy of non-silence phoneme distribution.

SVitchboard-II dataset

Task Vocab size Avg. phone #Utts #Tokens Speech (h) g-value #Conv. Norm. ent 1 Norm. ent 2
50 50 3.32 24,033 38,154 4.01 4.13054e9 4491 0.4688 0.3916
100 100 3.28 27,228 51,254 4.93 4.8425e9 4571 0.4998 0.4203
500 500 3.95 39,694 131,815 10.30 7.70767e9 4749 0.6122 0.5243
1000 1001 4.50 48,445 230,876 16.81 9.70981e9 4801 0.6831 0.5911
5000 5003 5.55 74,162 668,261 46.28 1.49496e10 4867 0.78340 0.6911
10000 9983 5.97 84,636 883,710 61.19 1.68402e10 4871 0.8059 0.7152
All 30021 6.22 262,473 3,109,768 224.11 1.0244404e11 4876 0.8016 0.7108
(310 total)
FiSVer-I dataset
Task Vocab size Avg. phone # Utts # Tokens Speech (h) g-value # Conv. Norm. ent 1 Norm. ent 2
10 10 4.6 64,998 73,650 9.96 3.21993e10 15561 0.4740 0.3815
50 50 5.92 115,512 144,906 17.95 6.91023e10 21052 0.5609 0.4678
100 100 5.6 138,722 191,156 22.01 9.56028e10 22062 0.5891 0.4958
500 500 5.34 258,307 653,847 55.32 2.25651e11 23111 0.7129 0.6175
1000 1000 5.43 352,261 1,299,566 99.06 3.23534e11 23214 0.7744 0.5911
All 42154 6.36 1.7 M 17 M 1242.5 1.30739e12 23300 0.8596 0.7737

(1593 total)

Table 2
A comparison to random selected subsets and Svitchboard-I dataset. The statistics
for the random selected subsets are averaged among 100 random trials.

Ave. Phoneme # Utts # Tokens Speech (h)
Vocab Size 50
Random 3.47 10,628 13,624 1.58
SVB-I 2.78 12,442 20,914 1.93
SVB-II 3.32 24,033 38,154 4.01
Vocab Size 100
Random 3.68 15,230 22,310 2.37
SVB-I 3.12 14,602 28,611 2.48
SVB-II 3.28 27,228 51,254 4.93
Vocab Size 500
Random 4.39 30,216 74,390 6.32
SVB-I 3.93 23,670 89,420 6.44
SVB-II 3.95 39,694 131,815 10.30
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the GMM-HMM system, we first flat-start a monophone GMM-HMM system, with 13 MFCCs and their deltas and
delta-deltas (MFCC + Δ ΔΔ+ ). Cepstral mean normalization is performed for each conversation side. After the monophone
system has been trained, we use it to train a context-dependent GMM triphone model with MFCC + Δ ΔΔ+ fea-
tures. The total number of Gaussians for each task is around 25k. For the DNN-HMM system, we use alignments
from the GMM-HMM system to bootstrap a triphone DNN/HMM system. Kaldi supports two different DNN train-
ing schemes: the first one is based on Veselỳ et al. (2013), which includes standard Restricted Boltzmann Machines
(RBM), pre-training and stochastic gradient descent (SGD) training with GPUs; the second one supports parallel
training on multiple CPUs and GPUs, and uses greedy layer-wise supervised training or layer-wise backpropagation
(Bengio et al., 2007; Seide et al., 2011) and is described in detail in Povey et al. (2014). We use the second DNN
training recipe with GPUs to create our baselines: for each task, we create a 4-layer network, with 1024 nodes in
each network. The input features are spliced MFCCs (with a context window size of 4), followed by an LDA trans-
formation (without dimensionality reduction) which is used to decorrelate the input features. The resulting feature
vector has 117 dimensions in total. We use 20 epochs to train the DNN, with a mini-batch size of 256. For the first
15 epochs, we decrease the learning rate from 0.01 to 0.001 and fix the learning rate at 0.001 for the last 5 epochs.
The number of Gaussian components is around 25k for each system. The numbers of parameters in the DNN systems
are around 3.8 millions and 4.0 millions for the 50/100-vocabulary tasks, and around 5.2 millions for others. The
baselines results for SVitchboard-II and FiSVer-I are shown in Table 5 and Table 6, respectively. We also run the
same system on the 109-h Switchboard and obtained a WER of 46.4% and 31.6% on the Hub-5 Eval 2000 dataset,
which is comparable to previous work (Lu and Renals, 2014) with a similar setup.

6. Conclusions

We have introduce a new set of benchmark corpora derived from the Switchboard-I and Fisher datasets. Our goal
is to provide to the ASR and machine learning communities high-quality limited-complexity corpora of conversa-
tional English speech. The resulting SVitchboard-II and FiSVer-I datasets (obtained via various state-of-the art submodular
optimization algorithms) will hopefully enable researchers to conduct experiments on rapidly prototyping novel machine
learning algorithms and acoustic modeling methods without an inordinate turnaround time. The corpora definitions,
and baseline system recipes, can be downloaded for free from https://bitbucket.org/melodi/hqlc-speechcorpora.

Table 3
Selected datasets for Svitchboard-II and the corresponding
algorithms and functions.

Task Algorithm and function
50 DS, g5

100 SFM, g2

500 DS, g5

1000 DS, g5

5000 SFM, g2

10,000 SFM, g2

Table 4
Five-fold cross-validation schemes of SVitchboard-II. A–E
correspond the five non-overlapping folds of the original
dataset. The numbers in subscripts denote the first half
or second half of the block.

Subtask Train Dev Eval
1 ABCD E1 E2

2 BCDE A1 A2

3 CDEA B1 B2

4 DEAB C1 C2

5 EABC D1 D2
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Table 5
Baseline results (word error rates) on SVitchboard-II using GMM-HMM systems
and DNN-HMM systems.

Task Subtask GMM-HMM DNN-HMM

Dev (%) Eval (%) Dev (%) Eval (%)
50 1 35.37 36.98 26.89 29.93

2 34.90 31.97 28.32 26.78
3 32.39 35.63 27.61 30.18
4 35.14 31.29 28.61 25.45
5 32.05 34.16 26.34 26.49

100 1 39.13 41.53 29.74 33.18
2 38.85 36.31 32.26 30.74
3 36.05 39.09 31.06 32.50
4 38.47 35.11 31.04 27.98
5 35.51 36.77 28.68 28.24

500 1 44.85 43.15 37.86 35.00
2 41.75 40.74 33.85 32.72
3 43.18 44.48 35.64 36.96
4 42.27 40.96 34.29 33.00
5 42.58 40.44 33.62 32.52

1000 1 44.54 43.77 36.14 34.21
2 42.11 41.97 33.22 32.10
3 44.31 46.75 35.59 37.08
4 42.89 41.29 33.18 31.69
5 43.84 40.99 34.17 32.17

5000 1 44.52 44.23 33.69 33.49
2 40.52 40.68 30.19 30.34
3 45.10 45.79 35.74 34.63
4 42.86 40.61 31.96 29.30
5 43.53 41.56 32.84 31.28

10,000 1 45.22 45.26 32.04 32.17
2 41.28 41.50 29.01 29.20
3 45.16 46.74 31.25 33.14
4 43.03 40.31 30.05 27.21
5 44.53 43.00 31.47 30.43

Table 6
Baseline results (word error rates) on FiSVer-I using GMM-
HMM systems and DNN-HMM systems.

Task GMM-HMM DNN-HMM

Dev (%) Eval (%) Dev (%) Eval (%)
10 3.76 8.55 2.25 5.43
50 11.37 15.69 8.66 13.30
100 25.09 20.71 19.03 17.89
500 36.97 32.69 27.87 23.80
1000 41.91 39.95 31.14 29.11
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Table 7
Statistics of SVitchboard-II, SCSK, g1. Vocab size: actual vocabulary size; Avg. phone: average number of phonemes per word;
#Utts: number of utterances; #Tokens: number of tokens; Speech: hours of speech (excluding the silence parts); g-value: the
function value of g5(X); # Conv.: number of conversation sides; Norm. ent 1: normalized entropy of phoneme distribution;
Norm. ent 2: normalized entropy of non-silence phoneme distribution.

SVitchboard-II dataset

Task Vocab size Avg. phone #Utts #Tokens Speech (h) g-value #Conv. Norm. ent 1 Norm. ent 2
50 50 3.48 21,304 30,419 3.42 3.64840e9 4410 0.4491 0.3729
100 100 3.63 24,634 39,243 4.11 4.27443e9 4522 0.4709 0.3937
500 500 4.52 33,987 83,135 7.18 6.36853e9 4689 0.5539 0.4704
1000 1000 4.78 40,655 135,330 10.61 7.87398e9 4759 0.6145 0.5265
5000 5000 5.63 70,010 551,571 38.58 1.38755E+10 4858 0.7691 0.6763
10,000 10,000 5.92 85,226 845,471 58.90 1.66003E+10 4871 0.8008 0.7096

Table 8
Statistics of SVitchboard-II, SCSK, g2 . Vocab size: actual vocabulary size; Avg. phone: average number of phonemes per
word; #Utts: number of utterances; #Tokens: number of tokens; Speech: hours of speech (excluding the silence parts); g-value:
the function value of g5(X); #Conv.: number of conversation sides; Norm. ent 1: normalized entropy of phoneme distribution;
Norm. ent 2: normalized entropy of non-silence phoneme distribution.

SVitchboard-II dataset

Task Vocab size Avg. phone #Utts #Tokens Speech (h) g-value #Conv. Norm. ent 1 Norm. ent 2
50 50 3.54 21,268 30,307 3.41 3.67988E+09 4399 0.4526 0.3764
100 100 3.81 25,002 41,283 4.27 4.402E+09 4522 0.4806 0.4024
500 500 4.46 34,619 87,623 7.47 6.5059E+09 4707 0.5600 0.4761
1000 1000 4.86 41,715 147,024 11.38 8.13507E+09 4767 0.6258 0.5371
5000 5000 5.68 59,581 548,201 38.38 1.38414E+10 4864 0.7695 0.6758
10,000 10,000 5.98 82,808 800,569 55.79 1.62230E+10 4868 0.797 0.7061

Table 9
Statistics of SVitchboard-II, SCSK, g3. Vocab size: actual vocabulary size; Avg. phone: average number of phonemes per word;
#Utts: number of utterances; #Tokens: number of tokens; Speech: hours of speech (excluding the silence parts); g-value: the
function value of g5(X); #conv.: number of conversation sides; Norm. ent 1: normalized entropy of phoneme distribution; Norm.
ent 2: normalized entropy of non-silence phoneme distribution.

SVitchboard-II dataset

Task Vocab size Avg. phone #Utts #Tokens Speech (h) g-value #Conv. Norm. ent 1 Norm. ent 2
50 50 3.44 21,266 30,460 3.41 3.67407E+09 4406 0.4504 0.3742
100 100 3.84 24,923 39,966 4.23 4.33117E+09 4531 0.4773 0.3996
500 500 4.61 34,303 85,512 7.36 6.45428E+09 4698 0.5582 0.4744
1000 1000 4.85 41,488 144,420 11.23 8.08742E+09 4762 0.6238 0.5352
5000 5000 5.70 69,806 551,455 38.61 1.38791E+10 4863 0.7699 0.6770
10,000 10,000 6.00 82,985 802,078 55.89 1.62363E+10 4868 0.7974 0.7060

Table 10
Statistics of SVitchboard-II, SCSK, g4. Vocab size: actual vocabulary size; Avg. phone: average number of phonemes per word;
#Utts: number of utterances; #Tokens: number of tokens; Speech: hours of speech (excluding the silence parts); g-value: the
function value of g5(X); #conv.: number of conversation sides; Norm. ent 1: normalized entropy of phoneme distribution; Norm.
ent 2: normalized entropy of non-silence phoneme distribution.

SVitchboard-II dataset

Task Vocab size Avg. phone #Utts #Tokens Speech (h) g-value #conv. Norm. ent 1 Norm. ent 2
50 50 3.32 22,165 32,192 3.57 3.75882E+09 4431 0.4529 0.3767
100 100 3.6 24,346 38,488 4.08 4.23205E+09 4505 0.4709 0.3935
500 500 4.44 34,330 86,807 7.39 6.4832E+09 4687 0.5592 0.4754
1000 1000 4.83 41,298 143,012 11.10 8.03212E+09 4763 0.6218 0.5333
5000 5000 5.68 69,685 546,945 38.26 1.38294E+10 4856 0.7686 0.6757
10,000 10,000 5.99 83,510 811,270 56.52 1.63138E+10 4868 0.7982 0.7068
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Table 11
Statistics of SVitchboard-II, SFM, g1. Vocab size: actual vocabulary size; Avg. phone: average number of phonemes per word;
#Utts: number of utterances; #Tokens: number of tokens; Speech: hours of speech (excluding the silence parts); g-value: the
function value of g5(X); #Conv.: number of conversation sides; Norm. ent 1: normalized entropy of phoneme distribution;
Norm. ent 2: normalized entropy of non-silence phoneme distribution.

SVitchboard-II dataset

Task Vocab size Avg. phone #Utts #Tokens Speech (h) g-value #Conv. Norm. ent 1 Norm. ent 2
50 51 3.14 23,769 37,076 3.92 4.03928E+09 4487 0.4641 0.3872
100 101 3.30 27,503 50,361 4.93 4.83285E+09 4589 0.4975 0.4184
500 504 3.92 39,717 131,683 10.27 7.68731E+09 4747 0.6113 0.5234
1000 1000 4.44 48,499 230,884 16.79 9.70056E+09 4800 0.6826 0.5907
5000 5009 5.52 75,006 654,515 45.53 1.48715E+10 4867 0.7849 0.6927
10,000 10,015 5.92 85,918 861,453 60.03 1.67336E+10 4871 0.8022 0.7111

Table 12
Statistics of SVitchboard-II, SFM, g2. Vocab size: actual vocabulary size; Avg. phone: average number of phonemes per word;
#Utts: number of utterances; #Tokens: number of tokens; Speech: hours of speech (excluding the silence parts); g-value: the
function value of g5(X); #Conv.: number of conversation sides; Norm. ent 1: normalized entropy of phoneme distribution;
Norm. ent 2: normalized entropy of non-silence phoneme distribution.

SVitchboard-II dataset

Task Vocab size Avg. phone #Utts #Tokens Speech (h) g-value #Conv. Norm. ent 1 Norm. ent 2
50 50 2.96 23,204 36,360 3.83 3.98456E+09 4459 0.4620 0.3851
100 100 3.28 27,228 51,254 4.93 4.8425E+09 4571 0.4998 0.4203
500 509 3.91 35,617 111,525 8.79 7.07925E+09 4715 0.5963 0.5093
1000 991 4.44 47,603 232,546 16.81 9.679E+09 4799 0.6865 0.5944
5000 5003 5.55 74,162 668,261 46.28 1.49496E+10 4867 0.7834 0.6911
10,000 9983 5.97 84,636 883,710 61.19 1.68402E+10 4871 0.8059 0.7152

Table 13
Statistics of SVitchboard-II, SFM, g3. Vocab size: actual vocabulary size; Avg. phone: average number of phonemes per word;
#Utts: number of utterances; #Tokens: number of tokens; Speech: hours of speech (excluding the silence parts); g-value: the
function value of g5(X); #Conv.: number of conversation sides; Norm. ent 1: normalized entropy of phoneme distribution;
Norm. ent 2: normalized entropy of non-silence phoneme distribution.

SVitchboard-II dataset

Task Vocab size Avg. phone #Utts #Tokens Speech (h) g-value #Conv. Norm. ent 1 Norm. ent 2
50 49 2.86 23,433 36,408 3.85 3.98938E+09 4473 0.4618 0.3850
100 103 3.33 27,256 49,134 4.84 4.7831E+09 4583 0.4947 0.4158
500 502 3.91 39,583 130,122 10.16 7.65191E+09 4745 0.6099 0.5222
1000 997 4.46 48,173 226,003 16.47 9.622E+09 4798 0.6799 0.5880
5000 5003 5.56 74,016 635,065 44.23 1.46911E+10 4868 0.7869 0.6948
10,000 9999 5.94 84,636 834,995 58.19 1.65136E+10 4869 0.8001 0.7090

Table 14
Statistics of SVitchboard-II, SFM, g4. Vocab size: actual vocabulary size; Avg. phone: average number of phonemes per word;
#Utts: number of utterances; #Tokens: number of tokens; Speech: hours of speech (excluding the silence parts); g-value: the
function value of g5(X); #Conv.: number of conversation sides; Norm. ent 1: normalized entropy of phoneme distribution;
Norm. ent 2: normalized entropy of non-silence phoneme distribution.

SVitchboard-II dataset

Task Vocab size Avg. phone #Utts #Tokens Speech (h) g-value #Conv. Norm. ent 1 Norm. ent 2
50 52 3.13 23,865 37,399 3.95 4.05923E+09 4490 0.4650 0.3880
100 97 3.30 27,326 49,554 4.87 4.79539E+09 4584 0.4955 0.4165
500 496 3.90 39,665 131,150 10.23 7.67524E+09 4747 0.6108 0.5230
1000 998 4.42 48,417 230,370 16.75 9.692E+09 4797 0.6824 0.5905
5000 5001 5.52 74,866 651,536 45.33 1.48458E+10 4866 0.7830 0.6907
10,000 10,005 5.92 85,758 857,911 59.78 1.67048E+10 4871 0.8019 0.7108
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Table 15
Statistics of SVitchboard-II, SCSK, g5. Vocab size: actual vocabulary size; Avg. phone: average number of phonemes per word;
#Utts: number of utterances; #Tokens: number of tokens; Speech: hours of speech (excluding the silence parts); g-value: the
function value of g5(X); #Conv.: number of conversation sides; Norm. ent 1: normalized entropy of phoneme distribution;
Norm. ent 2: normalized entropy of non-silence phoneme distribution.

SVitchboard-II dataset

Task Vocab size Avg. phone #Utts #Tokens Speech (h) g-value #Conv. Norm. ent 1 Norm. ent 2
50 50 4.62 19,744 26,585 3.06 3.50021E+09 4347 0.4354 0.3604
100 100 4.79 22,231 32,930 3.61 3.99513E+09 4431 0.4548 0.3795
500 500 5.07 32,283 77,770 6.83 6.26751E+09 4677 0.5530 0.4695
1000 1000 5.19 40,120 141,234 11.07 8.05175E+09 4756 0.6274 0.5380
5000 5000 5.79 69,657 588,912 41.23 1.42644E+10 4860 0.7780 0.6855
10,000 10,000 6.06 83,457 863,729 60.18 1.67464E+10 4870 0.8048 0.7139

Table 16
Statistics of SVitchboard-II, DS-modmod, g5. Vocab size: actual vocabulary size; Avg. phone: average number of phonemes
per word; #Utts: number of utterances; #Tokens: number of tokens; Speech: hours of speech (excluding the silence parts);
g-value: the function value of g5(X); #Conv.: number of conversation sides; Norm. ent 1: normalized entropy of phoneme
distribution; Norm. ent 2: normalized entropy of non-silence phoneme distribution.

SVitchboard-II dataset

Task Vocab size Avg. phone #Utts #Tokens Speech (h) g-value # Conv. Norm. ent 1 Norm. ent 2
50 48 4.06 19,478 25,506 3.03 3.41941E+09 4338 0.4409 0.3657
100 101 4.50 21,163 29,671 3.38 3.80866E+09 4425 0.4565 0.3806
500 500 4.99 32,707 82,269 7.10 6.39389E+09 4692 0.5594 0.4755
1000 996 5.15 39,955 145,408 11.31 8.12734E+09 4764 0.6315 0.5422
5000 4996 5.85 69,110 589,477 41.20 1.42532E+10 4862 0.7789 0.6865
10,000 10,000 6.10 83,099 841,695 58.69 1.66771E+10 4870 0.8036 0.7130

Table 17
Statistics of SVitchboard-II, DS-supsub, g5. Vocab size: actual vocabulary size; Avg. phone: average number of phonemes
per word; #Utts: number of utterances; #Tokens: number of tokens; Speech: hours of speech (excluding the silence parts);
g-value: the function value of g5(X); #conv.: number of conversation sides; Norm. ent 1: normalized entropy of phoneme
distribution; Norm. ent 2: normalized entropy of non-silence phoneme distribution.

SVitchboard-II dataset

Task Vocab size Avg. phone #Utts #Tokens Speech (h) g-value #conv. Norm. ent 1 Norm. ent 2
50 50 4.28 19,341 24,745 2.98 3.47514E+09 4337 0.4394 0.3645
100 100 4.57 23,179 35,200 3.82 4.08583E+09 4473 0.4640 0.3872
500 502 5.07 32,272 76,775 6.74 6.1869E+09 4670 0.5492 0.4674
1000 1003 5.19 39,049 130,234 10.30 7.771E+09 4753 0.6157 0.5275
5000 4995 5.86 68,183 560,815 39.29 1.39679E+10 4863 0.7742 0.6815
10000 10002 6.12 82,604 841,695 58.69 1.6567E+10 4871 0.8029 0.7119

Table 18
Statistics of SVitchboard-II, DS-subsup, g5. Vocab size: actual vocabulary size; Avg. phone: average number of phonemes
per word; #Utts: number of utterances; #Tokens: number of tokens; Speech: hours of speech (excluding the silence parts);
g-value: the function value of g5(X); #Conv.: number of conversation sides; Norm. ent 1: normalized entropy of phoneme
distribution; Norm. ent 2: normalized entropy of non-silence phoneme distribution.

SVitchboard-II dataset

Task Vocab size Avg. phone #Utts #Tokens Speech (h) g-value #Conv. Norm. ent 1 Norm. ent 2
50 50 3.32 24,033 38,154 4.01 4.13054E+09 4491 0.4688 0.3916
100 100 3.29 27,583 50,610 4.94 4.8585E+09 4588 0.4980 0.4188
500 500 3.95 39,694 131,815 10.30 7.70767E+09 4749 0.6122 0.5243
1000 1001 4.50 48,445 230,876 16.81 9.70981E+09 4801 0.6831 0.5911
5000 5002 5.57 74,739 660,250 45.99 1.49366E+10 4867 0.7849 0.6927
10,000 10,005 5.98 85,295 874,444 60.98 1.68511E+10 4871 0.8043 0.7134
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do don't exactly 
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i is it it's just 
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oh okay really 

right see so sure 
that that's the 
they think too 

true was we well 
what wow yep 
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i'm 
if 
like 
not 
now 
to

Fig. 2. Venn diagram showing the vocabulary difference between Svitchboard-I and Svitchboard-II (50-word task).
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he 
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me 
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real
something 
then 
there's 
this 
way 
when

absolutely 
agree 
at 
boy 
bye 
either 
enjoyed 
haven't 
heard 
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kind 
lot 
never 
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thank 
with 
work

a about all and are 

bad be because been bet 
but bye-bye can did didn't 

do don't exactly for fun go good 
goodness gosh great guess have
how i i'm i've idea if interesting

is it it's just know like mean much

my neat nice no not now oh okay

one pretty probably really right see

so sounds sure talking that that's

the there they they're think to too
true very was we well what where 

wonderful would wow yep

Fig. 3. Venn diagram showing the vocabulary difference between Svitchboard-I and Svitchboard-II (100-word task).
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Fig. 4. Venn diagram showing the vocabulary difference between Svitchboard-I and Svitchboard-II (500-word task).
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