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Posterior-based ASR Theory (1)
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W →
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P (Wk|X)
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∑
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P (WK , Q|X)

=
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P (Q|X,Wk) · P (Wk|Q)

→
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Q

P (Q|X) · P (WK |Q)

P (Q|X) =

M∏

m=1

P (qm|X,Qm↑1
1 ) applying Gibbs rule

P (Wk|Q) =
P (Q|Wk) · P (Wk)

P (Q)
applying Bayes’ rule

=
(
∏M

m=1 P (qm|Qm↑1
1 ) · P (Wk)∏M

m=1 P (qm|Qm↑1
1 )

applying Gibbs rule

P (Wk|X) →
∑

Q

(
M∏

m=1

P (qm|X,Qm↑1
1 )

)
·
(
(
∏M

m=1 P (qm|Qm↑1
1 ,Wk) · P (Wk)∏M

m=1 P (qm|Qm↑1
1 )

)

P (Wk|X) ↑ max
Q

(
M∏

m=1

P (qm|X,Qm↑1
1 )

)
·
(
(
∏M

m=1 P (qm|Qm↑1
1 ,Wk) · P (Wk)∏M

m=1 P (qm|Qm↑1
1 )

)
Viterbi approx.

X = {x1, · · ·xm, · · ·xM}
Q = {q1, · · · qm↑1, · · · qM}

Qm↑1
1 = {q1, · · · qm↑1}

P (Wk|X) →
∑

Q

(

M∏

m=1

P (qm|X, qm↑1) · (
(
∏M

m=1 P (qm|qm↑1,Wk) · P (Wk)∏M
m=1 P (qm|qm↑1)

) (dependency only on previous state)

P (qm|X, qm↑1) = Conditional prior probabilities

P (qm|qm↑1,Wk) = similar to HMM transition prob.

P (qm|qm↑1) = Training data priors (time-invariant HMM)

CONNECTIONIST SPEECH RECOGNITION - A Hybrid Approach, Hervé Bourlard and Nelson 
Morgan, KLUWER ACADEMIC PUBLISHERS, 1994 
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Posterior-based ASR Theory (2)
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Posterior-based ASR Theory (3)
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Acoustic modeling, language modeling and decoder are not independent any 
more



Hybrid HMM/ANN ASR
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Q
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P (qm|qm→1,Wk) = HMM transition prob.



CTC 
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• Drop dependency on previous states
• Model full acoustic context using 

transformers
• Frame shift: 40 ms (25 frames per 

second)
• With 10 ms frame shift the 

approach can lead to inferior 
performance

• Introduce empty symbols to emulate 
string matching at the output

Contrast to current approaches
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Block diagram of the SDC system organization. 

WORD 
VERIFICATION 
SCORES 

FIG. 2. 

of the systems was also capable of understanding com- 
mands and statements of various types. 

A. Systems development corporation 
The structure of the final SDC speech understanding 

system is shown in Fig. 2 (Rites, 1975; Bernstein, 
1976). Formant frequencies and other parameters are 
first extracted from the input waveform. A phonetic 
transcription is obtained, including several alternative 
labels for each phonetic segment, and all of this infor- 

"L ofoyelle" 

FIG. 3. Lexical representation in the SDC system for the 
word "Lafayette." Branches in the string indicate acceptable 
alternative pronunciations. The "*" is a syllable boundary sym- 
bol, and the "1" and "2" indicate relative lexical stress levels. 
Other phonemic symbols have the obvious interpretation. The 
advantages of a network representation for alternative phonetic 
pronunciations of words include compactness of form and effi- 
ciency of search compared with a simple list of alternatives. 

marion is placed in a data array called the A-matrix for 
later examination by top-end routines. 

The utterance is processed from left to right by first 
generating a list of all possible sentence-initial words. 
The control box then retrieves an abstract phonetalc 
representation from the lexicon for each lexical hypoth- 
esis and computes expected phonetic variants, resulting 
in a phonetic graph representation such as is shown in 
Fig. 3. The phonetic graphs are sent, one at a time, to 
the mapper to see how good an acoustic match is ob- 
tained with the current position in/he unknown utter- 
once. The mapper is orcanized according to the syllable 
structure of a word and it examines the A-matrix in or- 
der to determine if the expected vowels and proper 41lo- 
phones of adjacent consonants are present. Since an 
exact match is unlikely, the mapper includes techniques 
for estimating the probability that the expected word is 
present given the phonetic and acoustic data. Perfor- 
mance of the mapper is indicated in Table IV. 

On the basis of mapper scores, the control box de- 
cides which word or partial sentence hypothesis to pur- 
sue next, and generates a list of all words that can fol- 
low this sentence fragment. A similar "best-first" con- 
trol strate• was used earlier in the Hearsay I speech 
understanding system (Heddy, Erman, and Neely, 1973) 

TABLE IV. Performance statistics for three work verification components--the SDC mapper, 
the BBN verifier, and the CMU Hearsay-II verifier. The last row indicates that the SDC veri- 
fier is presented with lexical hypotheses from a syntactic module, whereas the BBN and CMU 
verifiers are preceded by lexical hypothesizers that screen out all but the best acoustic candi- 
dates. 

VERIFICATION DFCISION 

SDC BBN CMU 

LEXICAL PROPOSAL ACCEPT REJECT ACCEPT RFJECT ACCEPT REJECT 

CORRECT WORD 
PERCENT 

INCOHRECT WORD 
PERCENT 

WORDS HYPOTH. 
CORRECT WORD 

ACOUST. SIMILARITY 

65 6 101 19 312 20 
92% 8% 84% 16% 94% 6% 

372 11,253 367 713 6462 6591 
3% 97• 34% 66% 49% 51% 

165 10 40 

RANDOM BEST 5% BEST 14% 

J. Acoust. Soc. Am., Vol. 62, No. 6, December 1977 

Source: D. H. Klatt. Review of the ARPA speech

understanding project. J. Acoust. Soc. Amer.,

62(6):1345-1366, December 1977.

Connectionist Temporal
Classification

We start with an input sequence, 
like a spectrogram of audio.

The input is fed into an RNN, 
for example.

The network gives pt(a | X ), 
a distribution over the outputs
{h, e, l, o, ϵ} for each input step.

With the per time-step output
distribution, we compute the
probability of different sequences

By marginalizing over alignments,
we get a distribution over outputs.
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Source: Hannun, "Sequence Modeling with

CTC", Distill, 2017.



RNN-T

Contrast to current approaches (2)
34/58

4

Fig. 2. A representation of the CTC model consisting of an encoder which
maps the input speech into a higher-level representation, and a softmax layer
which predicts frame-level probabilities over the set of output labels and blank.

marginalizing over all possible CTC alignments as:

PCTC(C|X) =
X

A2ACTC
(X,C)

P (A|H(X))

=
X

A2ACTC
(X,C)

TY

t=1

P (at|at�1, · · · , a1, H(X))

=
X

A2ACTC
(X,C)

TY

t=1

P (at|ht) (2)

Critically, as can be seen in Eq. (2), CTC makes a strong
independence assumption that the model’s output at time t is
conditionally independent of the outputs at other timesteps,
given the local encoder output at time t.

Thus, a CTC model consists of a neural network that
models the distribution P (at|X), at each step as shown in
Figure 2. For example, this can be accomplished using a
neural network, which we refer to as the encoder; popular
choices include deep convolutional networks, or deep recurrent
neural network (RNN) such as a network with long short-
term memory (LSTM) cells [30]. The encoder (which may
be uni- or bi-directional) converts the input acoustic frames,
X, into an encoded representation, H = (h1, · · · ,hT ), where
ht 2 Rk. The encoder is connected to a softmax layer with
|Cb| targets representing the individual probabilities in Eq. (2):
P (at = c|X) = P (at = c|H(X)). Thus, at each step, t,
the model consumes a single encoded frame ht and outputs
a distribution over the labels; in other words, the model
“outputs” a single label either blank, hbi, or one of the targets
in C.

2) Recurrent Neural Network Transducer (RNN-T): The
Recurrent Neural Network Transducer (RNN-T) [13], [42] was
proposed by Graves as an improvement over the basic CTC
model [12], by removing some of the conditional indepen-
dence assumptions that we discussed previously. The RNN-
T model, which is depicted in Figure 3, is best understood
by contrasting it against the CTC model. As with CTC, the
RNN-T model augments the output symbols with the blank
symbol, and thus defines a distribution over label sequences
in Cb. Similarly, as with CTC, the model consists of an encoder
which processes the input acoustic frames X to generate the
encoded representation H(X) = (h1, · · · ,hT ).

Encoder H(X)

Softmax

Joint Network

Prediction 
Network

Fig. 3. An RNN-T Model [13], [42] consists of an encoder which transforms
the input speech frames into a high-level representation, and a prediction-
network which models the sequence of non-blank labels that have been
output previously. The prediction network output, pit , represents the output
after producing the previous non-blank label sequence c1, . . . , cit . The
joint network produces a probability distribution over the output symbols
(augmented with blank) given the prediction network state and a specific
encoded frame.

Fig. 4. Example alignment sequence (right) for an RNN-T model with the
target sequence C = (s,e,e). Horizontal transitions in the image correspond
to blank outputs. The FSA (left) represents the set of all valid RNN-T
alignment paths.

Unlike CTC, however, the blank symbol in RNN-T has a
slightly different interpretation; for each input encoder frame,
ht, the RNN-T model outputs a sequence of zero or more
symbols in C which are terminated by a single blank symbol.
Thus, we may define the set of all valid alignment sequences
in RNN-T as: ARNNT(X, C) = {A = (a1, a2, · · · , aT+L)},
the set of all sequences of T + L symbols in C⇤

b , which
are identical to C after removing all blanks. Finally, for a
given output position ⌧ , let i⌧ denote the number of non-
blank labels in the partial sequence (a1, · · · , a⌧�1). Thus, the
number of blanks in the partial sequence (a1, · · · , a⌧�1) is
⌧ � i⌧ � 1. For example, if T = 7, and C = (s,e,e),
then A = (hbi ,s, hbi , hbi , hbi ,e,e, hbi , hbi , hbi) 2 ARNNT

(X,C).
Note that, unlike the CTC model, repeated labels in the
output require no special treatment as illustrated in Figure 4;
i1 = i2 = 0; i3 = i4 = 1; i10 = 3; etc.

We may then define the posterior probability P (C|X) as
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sequence, where NN(·) represents a suitable neural network
(an LSTM in [33]). Thus, RNA removes the one remaining
conditional independence assumption of the RNN-T model,
by conditioning on the sequence of previous non-blank labels
as well as the alignment that generated them.

Since the RNA model conditions on both the sequence
of non-blank labels (as in RNN-T), as well as the specific
frames at which these are emitted, the exact computation of
the log-likelihood in Eq. (3) (and corresponding gradients) is
intractable. Instead, RNA makes a simplifying assumption by
utilizing the RNN-T states in the decoder RNN NN(·) corre-
sponding to the most likely alignment path, while exploiting
the constraint that the model can only output a single label at
each frame. The latter constraint – allowing only a single label
(blank or non-blank) at each frame – has also been explored in
the context of the monotonic RNN-T model [44]. Finally, we
note that the work in [45] further generalizes the RNA model
by employing two RNNs when defining the state: a slow RNN
(which corresponds to the sequence of previously predicted
non-blank labels), and a fast RNN (which also conditions on
the frames at which the non-blank labels were output).

B. Implicit Alignment E2E Approaches

One of the main benefits of the explicit alignment ap-
proaches such as CTC, RNN-T, or RNA is that they result
in ASR models that are easily amenable to streaming – i.e.,
assuming that the neural network used to generate encoder
features H(X) can produce encoded frames based on only
the sequence of previous acoustic features with limited look-
ahead, then the models can output hypotheses as speech is
input to the system. However, there are a number of applica-
tions where offline speech processing may be appropriate: i.e.,
where all of the input speech is fed into the system before any
outputs are produced. In this section, we discuss the attention-
based encoder-decoder (AED) models (also known as, listen-
attend-and-spell (LAS)) [14], [15], [46], which employs the
attention mechanism [36] to implicitly identify and model the
portions of the input acoustics which are relevant to each
output unit. The attention mechanism thus avoids the need
for explicit modeling of alignments in the basic AED model.

In the streaming explicit alignment approaches presented
in Section II-A, during inference, the model continues to
output symbols until it has processed the final frame at
which point the decoding process is complete; similarly,
during training, the forward-backward algorithm aligns over all
possible alignment sequences. Since an AED model processes
the entire acoustic sequence at once, the model needs a
mechanism by which it can indicate that it is done emitting
all output symbols. This is achieved by augmenting the set of
outputs with an end-of-sentence symbol, heosi, so that the
output vocabulary consists of the set Ceos = C [ {heosi}.
Thus, the AED model, depicted in Figure 7, consists of an
encoder network – which encodes the input acoustic frame
sequence, X = (x1, . . . ,xT 0), into a higher-level representa-
tion H(X) = (h1, . . . ,hT ) – and an attention-based decoder
which defines the probability distribution over the set of output
symbols, Ceos. Thus, given a paired training example, (X, C),

Fig. 7. An attention-based encoder decoder (AED) model [14], [15], [46].
The output distribution is conditioned on the decoder state, si (which
summarizes the previously decoded symbols), and the context vector, vi
(which summarizes the encoder output based on the decoder state). In the
seminal work of Chan et al., [15], for example, this is accomplished by
concatenating the two vectors, as denoted by the

L
symbol in the figure.

we denote by Ce = (c1, . . . , cL, heosi), the ground-truth
symbol sequence of length (L + 1) augmented with the heosi
symbol. AED models compute the conditional probability of
the output sequence augmented with the heosi symbol as:

P (Ce|X) = P (Ce|H(X))

=
L+1Y

i=1

P (ci|ci�1, . . . , c0 = hsosi , H(X))

=
L+1Y

i=1

P (ci|ci�1, . . . , c0 = hsosi ,vi)

=
L+1Y

i=1

P (ci|si,vi) (5)

where, vi corresponds to a context vector, which summarizes
the relevant portions of the encoder output, H(X), given
the sequence of previous predictions ci�1, . . . , c0; and, si

corresponds to the corresponding decoder state after outputting
the sequence of previous symbols, which is produced by
updating the decoder state based on the previous context vector
and output label:

si = Decoder(vi�1, si�1, ci�1)

The symbol c0 = hsosi is a special start-of-sentence symbol
which serves as the first input to the attention-based decoder
before it has produced any outputs. As can be seen in Eq. (5),
an important benefit of AED models over models such as
CTC or RNN-T is that they do not make any independence
assumptions between model outputs and the input acoustics,
and are thus more general than the implicit alignment models,
while being considerably easier to train and implement since
we do not have to explicitly marginalize over all possible
alignment sequences. However, this comes at a cost: previ-
ously generated context vectors (which are analogous to the
decoded partial alignment in explicit alignment models) are

Attention Encoder-Decoder

Source: R. Prabhavalkar, T. Hori, T. N. Sainath, R. Schlüter and S. Watanabe, End-to-End Speech
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Contrast to current approaches (2)
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Fig. 2. A representation of the CTC model consisting of an encoder which
maps the input speech into a higher-level representation, and a softmax layer
which predicts frame-level probabilities over the set of output labels and blank.

marginalizing over all possible CTC alignments as:

PCTC(C|X) =
X

A2ACTC
(X,C)

P (A|H(X))

=
X

A2ACTC
(X,C)

TY

t=1

P (at|at�1, · · · , a1, H(X))

=
X

A2ACTC
(X,C)

TY

t=1

P (at|ht) (2)

Critically, as can be seen in Eq. (2), CTC makes a strong
independence assumption that the model’s output at time t is
conditionally independent of the outputs at other timesteps,
given the local encoder output at time t.

Thus, a CTC model consists of a neural network that
models the distribution P (at|X), at each step as shown in
Figure 2. For example, this can be accomplished using a
neural network, which we refer to as the encoder; popular
choices include deep convolutional networks, or deep recurrent
neural network (RNN) such as a network with long short-
term memory (LSTM) cells [30]. The encoder (which may
be uni- or bi-directional) converts the input acoustic frames,
X, into an encoded representation, H = (h1, · · · ,hT ), where
ht 2 Rk. The encoder is connected to a softmax layer with
|Cb| targets representing the individual probabilities in Eq. (2):
P (at = c|X) = P (at = c|H(X)). Thus, at each step, t,
the model consumes a single encoded frame ht and outputs
a distribution over the labels; in other words, the model
“outputs” a single label either blank, hbi, or one of the targets
in C.

2) Recurrent Neural Network Transducer (RNN-T): The
Recurrent Neural Network Transducer (RNN-T) [13], [42] was
proposed by Graves as an improvement over the basic CTC
model [12], by removing some of the conditional indepen-
dence assumptions that we discussed previously. The RNN-
T model, which is depicted in Figure 3, is best understood
by contrasting it against the CTC model. As with CTC, the
RNN-T model augments the output symbols with the blank
symbol, and thus defines a distribution over label sequences
in Cb. Similarly, as with CTC, the model consists of an encoder
which processes the input acoustic frames X to generate the
encoded representation H(X) = (h1, · · · ,hT ).

Fig. 3. An RNN-T Model [13], [42] consists of an encoder which transforms
the input speech frames into a high-level representation, and a prediction-
network which models the sequence of non-blank labels that have been
output previously. The prediction network output, pit , represents the output
after producing the previous non-blank label sequence c1, . . . , cit . The
joint network produces a probability distribution over the output symbols
(augmented with blank) given the prediction network state and a specific
encoded frame.

Fig. 4. Example alignment sequence (right) for an RNN-T model with the
target sequence C = (s,e,e). Horizontal transitions in the image correspond
to blank outputs. The FSA (left) represents the set of all valid RNN-T
alignment paths.

Unlike CTC, however, the blank symbol in RNN-T has a
slightly different interpretation; for each input encoder frame,
ht, the RNN-T model outputs a sequence of zero or more
symbols in C which are terminated by a single blank symbol.
Thus, we may define the set of all valid alignment sequences
in RNN-T as: ARNNT(X, C) = {A = (a1, a2, · · · , aT+L)},
the set of all sequences of T + L symbols in C⇤

b , which
are identical to C after removing all blanks. Finally, for a
given output position ⌧ , let i⌧ denote the number of non-
blank labels in the partial sequence (a1, · · · , a⌧�1). Thus, the
number of blanks in the partial sequence (a1, · · · , a⌧�1) is
⌧ � i⌧ � 1. For example, if T = 7, and C = (s,e,e),
then A = (hbi ,s, hbi , hbi , hbi ,e,e, hbi , hbi , hbi) 2 ARNNT

(X,C).
Note that, unlike the CTC model, repeated labels in the
output require no special treatment as illustrated in Figure 4;
i1 = i2 = 0; i3 = i4 = 1; i10 = 3; etc.

We may then define the posterior probability P (C|X) as
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sequence, where NN(·) represents a suitable neural network
(an LSTM in [33]). Thus, RNA removes the one remaining
conditional independence assumption of the RNN-T model,
by conditioning on the sequence of previous non-blank labels
as well as the alignment that generated them.

Since the RNA model conditions on both the sequence
of non-blank labels (as in RNN-T), as well as the specific
frames at which these are emitted, the exact computation of
the log-likelihood in Eq. (3) (and corresponding gradients) is
intractable. Instead, RNA makes a simplifying assumption by
utilizing the RNN-T states in the decoder RNN NN(·) corre-
sponding to the most likely alignment path, while exploiting
the constraint that the model can only output a single label at
each frame. The latter constraint – allowing only a single label
(blank or non-blank) at each frame – has also been explored in
the context of the monotonic RNN-T model [44]. Finally, we
note that the work in [45] further generalizes the RNA model
by employing two RNNs when defining the state: a slow RNN
(which corresponds to the sequence of previously predicted
non-blank labels), and a fast RNN (which also conditions on
the frames at which the non-blank labels were output).

B. Implicit Alignment E2E Approaches

One of the main benefits of the explicit alignment ap-
proaches such as CTC, RNN-T, or RNA is that they result
in ASR models that are easily amenable to streaming – i.e.,
assuming that the neural network used to generate encoder
features H(X) can produce encoded frames based on only
the sequence of previous acoustic features with limited look-
ahead, then the models can output hypotheses as speech is
input to the system. However, there are a number of applica-
tions where offline speech processing may be appropriate: i.e.,
where all of the input speech is fed into the system before any
outputs are produced. In this section, we discuss the attention-
based encoder-decoder (AED) models (also known as, listen-
attend-and-spell (LAS)) [14], [15], [46], which employs the
attention mechanism [36] to implicitly identify and model the
portions of the input acoustics which are relevant to each
output unit. The attention mechanism thus avoids the need
for explicit modeling of alignments in the basic AED model.

In the streaming explicit alignment approaches presented
in Section II-A, during inference, the model continues to
output symbols until it has processed the final frame at
which point the decoding process is complete; similarly,
during training, the forward-backward algorithm aligns over all
possible alignment sequences. Since an AED model processes
the entire acoustic sequence at once, the model needs a
mechanism by which it can indicate that it is done emitting
all output symbols. This is achieved by augmenting the set of
outputs with an end-of-sentence symbol, heosi, so that the
output vocabulary consists of the set Ceos = C [ {heosi}.
Thus, the AED model, depicted in Figure 7, consists of an
encoder network – which encodes the input acoustic frame
sequence, X = (x1, . . . ,xT 0), into a higher-level representa-
tion H(X) = (h1, . . . ,hT ) – and an attention-based decoder
which defines the probability distribution over the set of output
symbols, Ceos. Thus, given a paired training example, (X, C),

Fig. 7. An attention-based encoder decoder (AED) model [14], [15], [46].
The output distribution is conditioned on the decoder state, si (which
summarizes the previously decoded symbols), and the context vector, vi
(which summarizes the encoder output based on the decoder state). In the
seminal work of Chan et al., [15], for example, this is accomplished by
concatenating the two vectors, as denoted by the

L
symbol in the figure.

we denote by Ce = (c1, . . . , cL, heosi), the ground-truth
symbol sequence of length (L + 1) augmented with the heosi
symbol. AED models compute the conditional probability of
the output sequence augmented with the heosi symbol as:

P (Ce|X) = P (Ce|H(X))

=
L+1Y

i=1

P (ci|ci�1, . . . , c0 = hsosi , H(X))

=
L+1Y

i=1

P (ci|ci�1, . . . , c0 = hsosi ,vi)

=
L+1Y

i=1

P (ci|si,vi) (5)

where, vi corresponds to a context vector, which summarizes
the relevant portions of the encoder output, H(X), given
the sequence of previous predictions ci�1, . . . , c0; and, si

corresponds to the corresponding decoder state after outputting
the sequence of previous symbols, which is produced by
updating the decoder state based on the previous context vector
and output label:

si = Decoder(vi�1, si�1, ci�1)

The symbol c0 = hsosi is a special start-of-sentence symbol
which serves as the first input to the attention-based decoder
before it has produced any outputs. As can be seen in Eq. (5),
an important benefit of AED models over models such as
CTC or RNN-T is that they do not make any independence
assumptions between model outputs and the input acoustics,
and are thus more general than the implicit alignment models,
while being considerably easier to train and implement since
we do not have to explicitly marginalize over all possible
alignment sequences. However, this comes at a cost: previ-
ously generated context vectors (which are analogous to the
decoded partial alignment in explicit alignment models) are

Attention Encoder-Decoder

Source: R. Prabhavalkar, T. Hori, T. N. Sainath, R. Schlüter and S. Watanabe, End-to-End Speech
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w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S
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Automatic speech recognition (ASR) 



Sequence matching: Four fundamental questions
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Q1: What is the shared latent 
symbol set                     ?

Q2: How to map     to latent 
symbol sequence ?

Q3: How to map        to latent 
symbol sequence ?

Q4: How to match      and         
to estimate                                  ?

Core idea
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{ad}Dd=1 = {A, · · · ,Z}
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T
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T

d[m, n] = KL(yk,n, zm) = → log(
p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = →D[M,N] ↑ log(
p(S|Wk)
p(S|¬Wk)

) ↓ P (Wk|S)

KL(yk,n, zm) ↔ !, Match(Wk, S) ↗ Edit distance

Yk = yk,1 · · ·yk,n · · ·yk,N based on Wk

If yk,n = ωd (Kronecker delta)

KL(yk,n, zm) = → log(zdm) = Cross entropy

ANNs are not the only probability estimators

Hybrid HMM/ANN and CTC (particular cases)

Update function: Probability combination rule

KL(yk,n, zm): Product rule

RKL(yk,n, zm): Sum rule

SKL(yk,n, zm): Iterate between product rule and sum rule

1
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On Modeling Context-Dependent Clustered States: Comparing HMM/GMM, Hybrid HMM/ANN and KL-HMM Approaches, Marzieh Razavi, Ramya 
Rasipuram and Mathew Magimai-Doss, in Proc. of ICASSP, 2014.

https://publications.idiap.ch/publications/show/2833
https://publications.idiap.ch/publications/show/2833
https://publications.idiap.ch/publications/show/2833
https://publications.idiap.ch/publications/show/2833
https://publications.idiap.ch/publications/show/2833


String matching Q4 
Initial conditions
for n from 1 to N
   for m from 1 to M
      if str[m] = str[n]
          d[m,n] = 0       // Local score
      else
            d[m,n] = 1
      done
   D[m, n] = minimum(
                          D[m-1, n] + 1, // deletion
                          D[m, n-1] + 1,  //insertion
                          D[m-1,n-1] + d[m,n]  //substitution

          )     // Global score
   done
done

String edit distance SED = D[M,N]

A
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A C C D E

SED



Deterministic symbol sequence matching  
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W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M,N) LWk,S(M,N) LWK ,S(M,N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M,N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M,N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M,N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M,N)
Lk(M,N)

w1,j

wm,j

wM,j

{Sj}Jj=1

{Wj}Jj=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M,N)
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W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M,N) LWk,S(M,N) LWK ,S(M,N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M,N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M,N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M,N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M,N)
Lk(M,N)

w1,j

wm,j

wM,j

{Sj}Jj=1

{Wj}Jj=1

LHMM (M,N)
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ym,j

yM,j
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zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M,N)

w1,j wm,j wM,j LWj ,Sj (M,N) {Yj}Jj=1 {Zj}Jj=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M,N) LWk,S(M,N) LWK ,S(M,N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M,N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M,N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M,N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M,N)
Lk(M,N)

w1,j

wm,j

wM,j

{Sj}Jj=1

{Wj}Jj=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M,N)

w1,k wm,k wM,k

y1,k ym,k yM,k

s1 sn sN

x1 xn xN

z1 zn zN

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

SED

1 0 0 0 0 . . 0

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d(m, n) = 0

else

d(m, n) = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]T

1

<latexit sha1_base64="h7VOMAzyZBr542F3wTacaRtqQjM="></latexit>

KL(yk,n, zm) =
D∑

d=1

ydk,n · log(
ydk,n
zdm

)

Kullback-Leibler (KL) divergence

• Set of symbols

• Deterministic symbols

• Local score d[m,n] 

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d[m, n] = 0

else

d[m, n] = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]
T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]
T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]
T

d[m, n] = KL(yk,n, zm) = → log(
p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = →D[M,N] ↑ log(
p(S|Wk)
p(S|¬Wk)

) ↓ P (Wk|S)

KL(yk,n, zm) ↔ !, Match(Wk, S) ↗ Edit distance

Yk = yk,1 · · ·yk,n · · ·yk,N based on Wk

If yk,n = ωd (Kronecker delta)

KL(yk,n, zm) = → log(zdm) = Cross entropy

ANNs are not the only probability estimators

Hybrid HMM/ANN and CTC (particular cases)

yk,n = ωd zm = ωd
→

Update function: Probability combination rule

KL(yk,n, zm): Product rule

RKL(yk,n, zm): Sum rule

SKL(yk,n, zm): Iterate between product rule and sum rule

1

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) → !), ! = 0

d[m, n] = 0

else

d[m, n] = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]
T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]
T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]
T

d[m, n] = KL(yk,n, zm) = ↑ log(
p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = ↑D[M,N] ↓ log(
p(S|Wk)
p(S|¬Wk)

) ↔ P (Wk|S)

KL(yk,n, zm) → !, Match(Wk, S) ↗ Edit distance

Yk = yk,1 · · ·yk,n · · ·yk,N based on Wk

If yk,n = ωd (Kronecker delta)

KL(yk,n, zm) = ↑ log(zdm) = Cross entropy

ANNs are not the only probability estimators

Hybrid HMM/ANN and CTC (particular cases)

yk,n = ωd zm = ωd
→

Update function: Probability combination rule

KL(yk,n, zm): Product rule

RKL(yk,n, zm): Sum rule

SKL(yk,n, zm): Iterate between product rule and sum rule

1

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) → !), ! = 0

d[m, n] = 0

else

d[m, n] = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]
T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]
T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]
T

d[m, n] = KL(yk,n, zm) = ↑ log(
p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = ↑D[M,N] ↓ log(
p(S|Wk)
p(S|¬Wk)

) ↔ P (Wk|S)

KL(yk,n, zm) → !, Match(Wk, S) ↗ Edit distance

Yk = yk,1 · · ·yk,n · · ·yk,N based on Wk

If yk,n = ωd (Kronecker delta)

KL(yk,n, zm) = ↑ log(zdm) = Cross entropy

ANNs are not the only probability estimators

Hybrid HMM/ANN and CTC (particular cases)

yk,n = ωd zm = ωd
→

Update function: Probability combination rule

KL(yk,n, zm): Product rule

RKL(yk,n, zm): Sum rule

SKL(yk,n, zm): Iterate between product rule and sum rule

1



Probabilistic symbol sequence matching  

A

B

C

D

A C C D E

w1,j wm,j wM,j LWj ,Sj (M,N) {Yj}Jj=1 {Zj}Jj=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M,N) LWk,S(M,N) LWK ,S(M,N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M,N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M,N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M,N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M,N)
Lk(M,N)

w1,j

wm,j

wM,j

{Sj}Jj=1

{Wj}Jj=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M,N)

w1,j wm,j wM,j LWj ,Sj (M,N) {Yj}Jj=1 {Zj}Jj=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M,N) LWk,S(M,N) LWK ,S(M,N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M,N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M,N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M,N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M,N)
Lk(M,N)

w1,j

wm,j

wM,j

{Sj}Jj=1

{Wj}Jj=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M,N)

w1,j wm,j wM,j LWj ,Sj (M,N) {Yj}Jj=1 {Zj}Jj=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M,N) LWk,S(M,N) LWK ,S(M,N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M,N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M,N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M,N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M,N)
Lk(M,N)

w1,j

wm,j

wM,j

{Sj}Jj=1

{Wj}Jj=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M,N)

w1,k wm,k wM,k

y1,k ym,k yM,k

s1 sn sN

x1 xn xN

z1 zn zN

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

w1,j wm,j wM,j LWj ,Sj
(M,N) {Yj}Jj=1

{Zj}Jj=1
{ym}Iwm=1

W1 Wk Wj Ŵ

w1,j

wm,j

wM,j

{Sj}Jj=1

{Wj}Jj=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

.

.

.

.    . .    .

w1,j wm,j wM,j LWj ,Sj
(M,N) {Yj}Jj=1

{Zj}Jj=1
{ym}Iwm=1

W1 Wk Wj Ŵ W S

w1,j

wm,j

wM,j

{Sj}Jj=1

{Wj}Jj=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

<latexit sha1_base64="q9HAzXD8JF9h2DNtAOIvAMGzyuI=">AAACMXicbVDLSsNAFJ34rPUVdelmsAguSknE10YouulKKtgHNCFMJpN26GQSZiZKCfklN/6JuOlCEbf+hEmbhX0cuHA4517uvceNGJXKMMbayura+sZmaau8vbO7t68fHLZlGAtMWjhkoei6SBJGOWkpqhjpRoKgwGWk4w7vc7/zTISkIX9So4jYAepz6lOMVCY5eqNzayVWgNTA9ZOX1EmGVTOFFvZCJeGsztPqcuMhtdKyo1eMmjEBXCRmQSqgQNPR3y0vxHFAuMIMSdkzjUjZCRKKYkbSshVLEiE8RH3SyyhHAZF2Mvk4haeZ4kE/FFlxBSfq/4kEBVKOAjfrzE+V814uLvN6sfJv7ITyKFaE4+kiP2ZQhTCPD3pUEKzYKCMIC5rdCvEACYRVFnIegjn/8iJpn9fMq9rl40WlflfEUQLH4AScARNcgzpogCZoAQxewQf4BF/amzbWvrWfaeuKVswcgRlov39JVKrf</latexit>

W = {wk,1 · · ·wk,n, · · ·wk,N}

<latexit sha1_base64="q9HAzXD8JF9h2DNtAOIvAMGzyuI=">AAACMXicbVDLSsNAFJ34rPUVdelmsAguSknE10YouulKKtgHNCFMJpN26GQSZiZKCfklN/6JuOlCEbf+hEmbhX0cuHA4517uvceNGJXKMMbayura+sZmaau8vbO7t68fHLZlGAtMWjhkoei6SBJGOWkpqhjpRoKgwGWk4w7vc7/zTISkIX9So4jYAepz6lOMVCY5eqNzayVWgNTA9ZOX1EmGVTOFFvZCJeGsztPqcuMhtdKyo1eMmjEBXCRmQSqgQNPR3y0vxHFAuMIMSdkzjUjZCRKKYkbSshVLEiE8RH3SyyhHAZF2Mvk4haeZ4kE/FFlxBSfq/4kEBVKOAjfrzE+V814uLvN6sfJv7ITyKFaE4+kiP2ZQhTCPD3pUEKzYKCMIC5rdCvEACYRVFnIegjn/8iJpn9fMq9rl40WlflfEUQLH4AScARNcgzpogCZoAQxewQf4BF/amzbWvrWfaeuKVswcgRlov39JVKrf</latexit>

W = {wk,1 · · ·wk,n, · · ·wk,N}
.

.

.

<latexit sha1_base64="q9HAzXD8JF9h2DNtAOIvAMGzyuI=">AAACMXicbVDLSsNAFJ34rPUVdelmsAguSknE10YouulKKtgHNCFMJpN26GQSZiZKCfklN/6JuOlCEbf+hEmbhX0cuHA4517uvceNGJXKMMbayura+sZmaau8vbO7t68fHLZlGAtMWjhkoei6SBJGOWkpqhjpRoKgwGWk4w7vc7/zTISkIX9So4jYAepz6lOMVCY5eqNzayVWgNTA9ZOX1EmGVTOFFvZCJeGsztPqcuMhtdKyo1eMmjEBXCRmQSqgQNPR3y0vxHFAuMIMSdkzjUjZCRKKYkbSshVLEiE8RH3SyyhHAZF2Mvk4haeZ4kE/FFlxBSfq/4kEBVKOAjfrzE+V814uLvN6sfJv7ITyKFaE4+kiP2ZQhTCPD3pUEKzYKCMIC5rdCvEACYRVFnIegjn/8iJpn9fMq9rl40WlflfEUQLH4AScARNcgzpogCZoAQxewQf4BF/amzbWvrWfaeuKVswcgRlov39JVKrf</latexit>

W = {wk,1 · · ·wk,n, · · ·wk,N}

Probability 
estimator

Probability
estimator

<latexit sha1_base64="+phHVy+L8y4DRYmvokaDd9JUWGg=">AAACJ3icbZDLSsNAFIYn9VbrLerSzWARXJVEvG2Uohs3QkV7gSaEyXTSDp1kwsxEKCFv48ZXcSOoiC59EydtFrb2h4Gf75zDnPP7MaNSWda3UVpYXFpeKa9W1tY3NrfM7Z2W5InApIk546LjI0kYjUhTUcVIJxYEhT4jbX94ndfbj0RIyqMHNYqJG6J+RAOKkdLIMy/v4QV0QqQGfpDKzEvtDDq4x5WcouFcept5ZtWqWWPB/8YuTBUUanjmm9PjOAlJpDBDUnZtK1ZuioSimJGs4iSSxAgPUZ90tY1QSKSbju/M4IEmPRhwoV+k4Jj+nUhRKOUo9HVnvqWcreVwXq2bqODcTWkUJ4pEePJRkDCoOMxDgz0qCFZspA3CgupdIR4ggbDS0VZ0CPbsyf9N66hmn9ZO7o6r9asijjLYA/vgENjgDNTBDWiAJsDgCbyAd/BhPBuvxqfxNWktGcXMLpiS8fMLc72m/g==</latexit>

S = s1 · · · sm · · · sM
<latexit sha1_base64="+phHVy+L8y4DRYmvokaDd9JUWGg=">AAACJ3icbZDLSsNAFIYn9VbrLerSzWARXJVEvG2Uohs3QkV7gSaEyXTSDp1kwsxEKCFv48ZXcSOoiC59EydtFrb2h4Gf75zDnPP7MaNSWda3UVpYXFpeKa9W1tY3NrfM7Z2W5InApIk546LjI0kYjUhTUcVIJxYEhT4jbX94ndfbj0RIyqMHNYqJG6J+RAOKkdLIMy/v4QV0QqQGfpDKzEvtDDq4x5WcouFcept5ZtWqWWPB/8YuTBUUanjmm9PjOAlJpDBDUnZtK1ZuioSimJGs4iSSxAgPUZ90tY1QSKSbju/M4IEmPRhwoV+k4Jj+nUhRKOUo9HVnvqWcreVwXq2bqODcTWkUJ4pEePJRkDCoOMxDgz0qCFZspA3CgupdIR4ggbDS0VZ0CPbsyf9N66hmn9ZO7o6r9asijjLYA/vgENjgDNTBDWiAJsDgCbyAd/BhPBuvxqfxNWktGcXMLpiS8fMLc72m/g==</latexit>

S = s1 · · · sm · · · sM.    . .    .
<latexit sha1_base64="+phHVy+L8y4DRYmvokaDd9JUWGg=">AAACJ3icbZDLSsNAFIYn9VbrLerSzWARXJVEvG2Uohs3QkV7gSaEyXTSDp1kwsxEKCFv48ZXcSOoiC59EydtFrb2h4Gf75zDnPP7MaNSWda3UVpYXFpeKa9W1tY3NrfM7Z2W5InApIk546LjI0kYjUhTUcVIJxYEhT4jbX94ndfbj0RIyqMHNYqJG6J+RAOKkdLIMy/v4QV0QqQGfpDKzEvtDDq4x5WcouFcept5ZtWqWWPB/8YuTBUUanjmm9PjOAlJpDBDUnZtK1ZuioSimJGs4iSSxAgPUZ90tY1QSKSbju/M4IEmPRhwoV+k4Jj+nUhRKOUo9HVnvqWcreVwXq2bqODcTWkUJ4pEePJRkDCoOMxDgz0qCFZspA3CgupdIR4ggbDS0VZ0CPbsyf9N66hmn9ZO7o6r9asijjLYA/vgENjgDNTBDWiAJsDgCbyAd/BhPBuvxqfxNWktGcXMLpiS8fMLc72m/g==</latexit>

S = s1 · · · sm · · · sM

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d(m, n) = 0

else

d(m, n) = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]T

1

• Set of symbols

• Posterior features (Prob. symbols)

• Local score d[m,n]

•  Global score recursion
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d[m, n] = 0

else

d[m, n] = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]
T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]
T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]
T

d[m, n] = KL(yk,n, zm) = → log(
p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = →D[M,N] ↑ log(
p(S|Wk)
p(S|¬Wk)

) ↓ P (Wk|S)

KL(yk,n, zm) ↔ !, Match(Wk, S) ↗ Edit distance

Yk = yk,1 · · ·yk,n · · ·yk,N based on Wk

If yk,n = ωd (Kronecker delta)

KL(yk,n, zm) = → log(zdm) = Cross entropy

ANNs are not the only probability estimators

Hybrid HMM/ANN and CTC (particular cases)

yk,n = ωd zm = ωd
→

Update function: Probability combination rule

KL(yk,n, zm): Product rule

RKL(yk,n, zm): Sum rule

SKL(yk,n, zm): Iterate between product rule and sum rule

1



Probabilistic symbols sequence matching

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)
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ANNs are not the only probability estimators

Hybrid HMM/ANN and CTC (particular cases)

yk,n = ωd zm = ωd
→

Update function: Probability combination rule

KL(yk,n, zm): Product rule

RKL(yk,n, zm): Sum rule

SKL(yk,n, zm): Iterate between product rule and sum rule

1



Posterior feature-based speech processing (1)

Represention of word 
hypothesis by “text”

Assumption: Target 
language has a 
writing system

Q2

Q3
.  .  . .  .  .

Feature extraction

.  .  . .  .  .
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Short-term processing
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wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M,N) LWk,S(M,N) LWK ,S(M,N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M,N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M,N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M,N) H Y1
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Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M,N)
Lk(M,N)

w1,j

wm,j

wM,j

{Sj}Jj=1

{Wj}Jj=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)
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An example of local constraints
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W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M, N) LWk,S(M, N) LWK ,S(M, N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M, N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M, N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M, N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M, N)
Lk(M, N)

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M, N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M, N)

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1
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Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M, N) H Y1
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Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
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Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M, N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M, N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M, N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
xk,1 xk,n xk,N
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n
(m, n) (m � 1, n) (m � 1, n � 1) (m � 1, n � 2)
wk,n�1

Dk(M, N)
Lk(M, N)
LDTW

k (M, N) LpfDTW
k (M, N)

LHMM
k (M, N) LpfHMM

k (M, N)
P (qm = wk,n|qm�1 = wk,n�1)
P (qm = wk,n|qm�1 = wk,n)
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ym,j
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zN,j

l(ym,j , zn,j)
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(sn,j ,ym,j)
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Dk(M, N)

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M, N) LWk,S(M, N) LWK ,S(M, N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M, N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M, N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M, N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
xk,1 xk,n xk,N

m
n
(m, n) (m � 1, n) (m � 1, n � 1) (m � 1, n � 2)
wk,n�1

Dk(M, N)
Lk(M, N)
LDTW

k (M, N) LpfDTW
k (M, N)

LHMM
k (M, N) LpfHMM

k (M, N)
P (qm = wk,n|qm�1 = wk,n�1)
P (qm = wk,n|qm�1 = wk,n)
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{Sj}J
j=1

{Wj}J
j=1

LHMM (M, N)

y1,j

ym,j

yM,j

z1,j
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zN,j
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s1,j

sn,j

sN,j
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Dk(M, N)

Shared

Instance-based approach

Text-based representation and  
acoustic instance-based 

representation of word hypothesis 
are interchangeable  

Q2

Q3



Q2:          probability estimator training 

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d(m, n) = 0

else

d(m, n) = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]T

d[m, n] = KL(yk,n, zm) = → log( p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = D[M,N] = → log( p(S|Wk)
p(S|¬Wk)

)

KL(yk,n, zm) ↑ !, Match(Wk, S) ↓ Edit distance

1

<latexit sha1_base64="5Z5d/1zpe+SfFDMolNPcP8QLHFc=">AAACMXicdVDLSgMxFM34rPVVdekmWAQXpcyIr41QdNOVVLAP6QxDJs20oZlkSDJCGeaX3Pgn4qYLRdz6E6aPhW31wIXDOfdy7z1BzKjStj20lpZXVtfWcxv5za3tnd3C3n5DiURiUseCCdkKkCKMclLXVDPSiiVBUcBIM+jfjvzmE5GKCv6gBzHxItTlNKQYaSP5herjtZu6EdK9IEwHmZ/2S05Wgi7uCK3grMH/M+4yN/MLRbtsjwEXiTMlRTBFzS+8uh2Bk4hwjRlSqu3YsfZSJDXFjGR5N1EkRriPuqRtKEcRUV46/jiDx0bpwFBIU1zDsfp7IkWRUoMoMJ2jS9W8NxL/8tqJDq+8lPI40YTjyaIwYVALOIoPdqgkWLOBIQhLam6FuIckwtqEnDchOPMvL5LGadm5KJ/fnxUrN9M4cuAQHIET4IBLUAFVUAN1gMEzeAPv4MN6sYbWp/U1aV2ypjMHYAbW9w9/kasJ</latexit>

Y = {yk,1, · · ·yk,n, · · ·yk,N}

Trained/
Initialized
Probability 
estimator

E-step
Viterbi algo.

M-step
Re-train probability 

estimator

Alignment (m, n)
Repeat until 
convergence

w1,j wm,j wM,j LWj ,Sj
(M,N) {Yj}Jj=1

{Zj}Jj=1
{ym}Iwm=1

W1 Wk Wj Ŵ W S

w1,j

wm,j

wM,j

{Sj}Jj=1

{Wj}Jj=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

based on

<latexit sha1_base64="LQdcv/cSUWXUcRKZJeYTbaoeThw=">AAACJ3icbZDLSsNAFIYn9VbrLerSzWARXJVEvG2Uohs3QgV7wSaEyWTSDp1cmJkINeRt3PgqbgQV0aVv4qTNwl5+GPj5zjnMOb8bMyqkYfxopYXFpeWV8mplbX1jc0vf3mmJKOGYNHHEIt5xkSCMhqQpqWSkE3OCApeRtju4zuvtR8IFjcJ7OYyJHaBeSH2KkVTI0S8f4AW0AiT7rp8+ZU5qZtDCXiTFBA3m0tvM0atGzRgJzhqzMFVQqOHo75YX4SQgocQMCdE1jVjaKeKSYkayipUIEiM8QD3SVTZEARF2OrozgweKeNCPuHqhhCP6fyJFgRDDwFWd+ZZiupbDebVuIv1zO6VhnEgS4vFHfsKgjGAeGvQoJ1iyoTIIc6p2hbiPOMJSRVtRIZjTJ8+a1lHNPK2d3B1X61dFHGWwB/bBITDBGaiDG9AATYDBM3gFH+BTe9HetC/te9xa0oqZXTAh7fcPog+nGg==</latexit>

Z = z1 · · · zm · · · zM

w1,j wm,j wM,j LWj ,Sj
(M,N) {Yj}Jj=1

{Zj}Jj=1
{ym}Iwm=1

W1 Wk Wj Ŵ

w1,j

wm,j

wM,j

{Sj}Jj=1

{Wj}Jj=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

ANN

Error = 

Gradient

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d(m, n) = 0

else

d(m, n) = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]T

d[m, n] = KL(yk,n, zm) = → log( p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = D[M,N] = → log( p(S|Wk)
p(S|¬Wk)

)

KL(yk,n, zm) ↑ !, Match(Wk, S) ↓ Edit distance

1

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d(m, n) = 0

else

d(m, n) = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]T

d[m, n] = KL(yk,n, zm) = → log( p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = D[M,N] = → log( p(S|Wk)
p(S|¬Wk)

)

KL(yk,n, zm) ↑ !, Match(Wk, S) ↓ Edit distance

Yk = yk,1 · · ·yk,n · · ·yk,N based on Wk

1

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d(m, n) = 0

else

d(m, n) = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]T

d[m, n] = KL(yk,n, zm) = → log( p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = D[M,N] = → log( p(S|Wk)
p(S|¬Wk)

)

KL(yk,n, zm) ↑ !, Match(Wk, S) ↓ Edit distance

Yk = yk,1 · · ·yk,n · · ·yk,N based on Wk

If yk,n = ωd (Kronecker delta)
KL(yk,n, zm) = → log(zdm) = Cross entropy

1

Segment-level training of ANNs based on acoustic confidence measures for hybrid HMM/ANN Speech Recognition, S. P. Dubagunta and M. Magimai-Doss, Proc. of ICASSP, 2019 

Viterbi Expectation-Maximization (EM)

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d[m, n] = 0

else

d[m, n] = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]
T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]
T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]
T

d[m, n] = KL(yk,n, zm) = → log(
p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = →D[M,N] ↑ log(
p(S|Wk)
p(S|¬Wk)

) ↓ P (Wk|S)

KL(yk,n, zm) ↔ !, Match(Wk, S) ↗ Edit distance

Yk = yk,1 · · ·yk,n · · ·yk,N based on Wk

If yk,n = ωd (Kronecker delta)

KL(yk,n, zm) = → log(zdm) = Cross entropy

ANNs are not the only probability estimators

Hybrid HMM/ANN and CTC (particular cases)

Update function: Probability combination rule

KL(yk,n, zm): Product rule

RKL(yk,n, zm): Sum rule

SKL(yk,n, zm): Iterate between product rule and sum rule

1

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d[m, n] = 0

else

d[m, n] = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]
T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]
T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]
T

d[m, n] = KL(yk,n, zm) = → log(
p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = →D[M,N] ↑ log(
p(S|Wk)
p(S|¬Wk)

) ↓ P (Wk|S)

KL(yk,n, zm) ↔ !, Match(Wk, S) ↗ Edit distance

Yk = yk,1 · · ·yk,n · · ·yk,N based on Wk

If yk,n = ωd (Kronecker delta)

KL(yk,n, zm) = → log(zdm) = Cross entropy

ANNs are not the only probability estimators

Hybrid HMM/ANN and CTC (particular cases)

yk,n = ωd zm = ωd
→

Update function: Probability combination rule

KL(yk,n, zm): Product rule

RKL(yk,n, zm): Sum rule

SKL(yk,n, zm): Iterate between product rule and sum rule

1

https://publications.idiap.ch/publications/show/4041
https://publications.idiap.ch/publications/show/4041
https://publications.idiap.ch/publications/show/4041


Q3:             parameters estimation
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What is HMM generating? 20/26

.  .  . .  .  .

Feature extraction

.  .  . .  .  .

ANN/GMM

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ
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sn,j
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Wj

Sj

(sn,j ,ym,j)

Wj

Sj

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

P (Wk|S) = p(Wk,S)
p(S)

p(Wk, S)

X = Y (1)

=
p(S|Wk) · P (Wk)

p(S)

(sn,j ,ym,j)

Wj

Sj

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

P (Wk|S) = p(Wk,S)
p(S)

p(Wk, S)

X = Y (1)

=
p(S|Wk) · P (Wk)

p(S)

(sn,j ,ym,j)

Wj

Sj

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

P (Wk|S) = p(Wk,S)
p(S)

p(Wk, S)

X = Y (1)

=
p(S|Wk) · P (Wk)

p(S)

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Short-term processing

.  .  . .  .  .

w1,k wm,k wM,k

y1,k ym,k yM,k

s1 sm sM

x1 xm xM

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

w1,k wm,k wM,k

y1,k ym,k yM,k

s1 sn sN

x1 xn xN

z1 zn zN

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

.

.

.

.

KL-H
M

M
 generates a 

probabilistic m
apping to 

latent sym
bols

Lexical A
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.

.

.

.

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M, N) LWk,S(M, N) LWK ,S(M, N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M, N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M, N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M, N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M, N)
Lk(M, N)

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M, N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj
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Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
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y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

w1,k wn,k wN,k
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Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M, N)
Lk(M, N)

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M, N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M, N)

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1
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wk,n�1

Dk(M, N)
Lk(M, N)
LDTW

k (M, N) LpfDTW
k (M, N)

LHMM
k (M, N) LpfHMM

k (M, N) LKLHMM
k (M, N)

P (qm = wk,n|qm�1 = wk,n�1)
P (qm = wk,n|qm�1 = wk,n)

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M, N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M, N)

What is HMM generating? 20/26

.  .  . .  .  .

Feature extraction

.  .  . .  .  .

ANN/GMM

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

(sn,j ,ym,j)

Wj

Sj

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

P (Wk|S) = p(Wk,S)
p(S)

p(Wk, S)

X = Y (1)

=
p(S|Wk) · P (Wk)

p(S)

(sn,j ,ym,j)

Wj

Sj

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

P (Wk|S) = p(Wk,S)
p(S)

p(Wk, S)

X = Y (1)

=
p(S|Wk) · P (Wk)

p(S)

(sn,j ,ym,j)

Wj

Sj

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

P (Wk|S) = p(Wk,S)
p(S)

p(Wk, S)

X = Y (1)

=
p(S|Wk) · P (Wk)

p(S)

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Short-term processing

.  .  . .  .  .

w1,k wm,k wM,k

y1,k ym,k yM,k

s1 sm sM

x1 xm xM

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

w1,k wm,k wM,k

y1,k ym,k yM,k

s1 sn sN

x1 xn xN

z1 zn zN

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

.

.

.

.

KL-H
M

M
 generates a 

probabilistic m
apping to 

latent sym
bols

Lexical A
nalysis

.

.

.

.

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M, N) LWk,S(M, N) LWK ,S(M, N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M, N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M, N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M, N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M, N)
Lk(M, N)

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M, N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M, N)

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M, N) LWk,S(M, N) LWK ,S(M, N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M, N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M, N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M, N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M, N)
Lk(M, N)

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M, N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M, N)

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M, N) LWk,S(M, N) LWK ,S(M, N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M, N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M, N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M, N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M, N)
Lk(M, N)

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M, N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M, N)

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M, N) LWk,S(M, N) LWK ,S(M, N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M, N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M, N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M, N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M, N)
Lk(M, N)

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M, N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M, N)

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M, N) LWk,S(M, N) LWK ,S(M, N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M, N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M, N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M, N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M, N)
Lk(M, N)

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M, N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M, N)

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M, N) LWk,S(M, N) LWK ,S(M, N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M, N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M, N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M, N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
Dk(M, N)
Lk(M, N)

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M, N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M, N)

w1,j wm,j wM,j LWj ,Sj (M, N) {Yj}J
j=1 {Zj}J

j=1 {ym}I
wm=1

W1 Wk Wj Ŵ W S WK Yk YK LW1,S(M, N) LWk,S(M, N) LWK ,S(M, N)

Z = {z1, . . . zn, . . . zN} Y = {y1, . . .ym, . . .yM} W LW,S(M, N) H Y1

Z = {z1, . . . zm, . . . zM} Yk = {yk,1, . . .yk,n, . . .yk,N} Wk LWk,S(M, N) H Y1

Z = (z1, . . . zm, . . . zM ) Yk = (yk,1, . . .yk,n, . . .yk,N ) Wk LWk,S(M, N) H Y1

Z = (z1 = /b/, z2 = /ae/, . . . zm = /k/, . . . zM = /t/)
Yk = (yk,1 = /p/,yk,2 = /ae/, . . .yk,n = /g/, . . .yk,N = /t/)
Wk = (wk,1, . . . ,wk,n, · · ·wk,N )
xk,1 xk,n xk,N

m
n
(m, n) (m � 1, n) (m � 1, n � 1) (m � 1, n � 2)
wk,n�1

Dk(M, N)
Lk(M, N)
LDTW

k (M, N) LpfDTW
k (M, N)

LHMM
k (M, N) LpfHMM

k (M, N) LKLHMM
k (M, N)

P (qm = wk,n|qm�1 = wk,n�1)
P (qm = wk,n|qm�1 = wk,n)

w1,j

wm,j

wM,j

{Sj}J
j=1

{Wj}J
j=1

LHMM (M, N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

Dk(M, N)

<latexit sha1_base64="q9HAzXD8JF9h2DNtAOIvAMGzyuI=">AAACMXicbVDLSsNAFJ34rPUVdelmsAguSknE10YouulKKtgHNCFMJpN26GQSZiZKCfklN/6JuOlCEbf+hEmbhX0cuHA4517uvceNGJXKMMbayura+sZmaau8vbO7t68fHLZlGAtMWjhkoei6SBJGOWkpqhjpRoKgwGWk4w7vc7/zTISkIX9So4jYAepz6lOMVCY5eqNzayVWgNTA9ZOX1EmGVTOFFvZCJeGsztPqcuMhtdKyo1eMmjEBXCRmQSqgQNPR3y0vxHFAuMIMSdkzjUjZCRKKYkbSshVLEiE8RH3SyyhHAZF2Mvk4haeZ4kE/FFlxBSfq/4kEBVKOAjfrzE+V814uLvN6sfJv7ITyKFaE4+kiP2ZQhTCPD3pUEKzYKCMIC5rdCvEACYRVFnIegjn/8iJpn9fMq9rl40WlflfEUQLH4AScARNcgzpogCZoAQxewQf4BF/amzbWvrWfaeuKVswcgRlov39JVKrf</latexit>

W = {wk,1 · · ·wk,n, · · ·wk,N}
<latexit sha1_base64="q9HAzXD8JF9h2DNtAOIvAMGzyuI=">AAACMXicbVDLSsNAFJ34rPUVdelmsAguSknE10YouulKKtgHNCFMJpN26GQSZiZKCfklN/6JuOlCEbf+hEmbhX0cuHA4517uvceNGJXKMMbayura+sZmaau8vbO7t68fHLZlGAtMWjhkoei6SBJGOWkpqhjpRoKgwGWk4w7vc7/zTISkIX9So4jYAepz6lOMVCY5eqNzayVWgNTA9ZOX1EmGVTOFFvZCJeGsztPqcuMhtdKyo1eMmjEBXCRmQSqgQNPR3y0vxHFAuMIMSdkzjUjZCRKKYkbSshVLEiE8RH3SyyhHAZF2Mvk4haeZ4kE/FFlxBSfq/4kEBVKOAjfrzE+V814uLvN6sfJv7ITyKFaE4+kiP2ZQhTCPD3pUEKzYKCMIC5rdCvEACYRVFnIegjn/8iJpn9fMq9rl40WlflfEUQLH4AScARNcgzpogCZoAQxewQf4BF/amzbWvrWfaeuKVswcgRlov39JVKrf</latexit>

W = {wk,1 · · ·wk,n, · · ·wk,N}
<latexit sha1_base64="q9HAzXD8JF9h2DNtAOIvAMGzyuI=">AAACMXicbVDLSsNAFJ34rPUVdelmsAguSknE10YouulKKtgHNCFMJpN26GQSZiZKCfklN/6JuOlCEbf+hEmbhX0cuHA4517uvceNGJXKMMbayura+sZmaau8vbO7t68fHLZlGAtMWjhkoei6SBJGOWkpqhjpRoKgwGWk4w7vc7/zTISkIX9So4jYAepz6lOMVCY5eqNzayVWgNTA9ZOX1EmGVTOFFvZCJeGsztPqcuMhtdKyo1eMmjEBXCRmQSqgQNPR3y0vxHFAuMIMSdkzjUjZCRKKYkbSshVLEiE8RH3SyyhHAZF2Mvk4haeZ4kE/FFlxBSfq/4kEBVKOAjfrzE+V814uLvN6sfJv7ITyKFaE4+kiP2ZQhTCPD3pUEKzYKCMIC5rdCvEACYRVFnIegjn/8iJpn9fMq9rl40WlflfEUQLH4AScARNcgzpogCZoAQxewQf4BF/amzbWvrWfaeuKVswcgRlov39JVKrf</latexit>

W = {wk,1 · · ·wk,n, · · ·wk,N}

0 0 0 1 0 . . 0

0 0 1 0 0 . . 0

1 0 0 0 0 . . 0

.

.

.

.

.  .  . .  .  .

Feature extraction

.  .  . .  .  .

GMM/ANN

.

.

.

.
.
.

.

.

(sn,j ,ym,j)

Wj

Sj

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

z1 zm zM

w1
k

wj

k
wJ

k

l1
k

lm
k

lM
k

P (Wk|S) = p(Wk,S)
p(S)

p(Wk, S)

X = Y (1)

=
p(S|Wk) · P (Wk)

p(S)

(sn,j ,ym,j)

Wj

Sj

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

z1 zm zM

w1
k

wj

k
wJ

k

l1
k

ln
k

lN
k

P (Wk|S) = p(Wk,S)
p(S)

p(Wk, S)

p(X|Wk)

P (Wk)

⌦ = {!1, · · ·!r, · · ·!R}
wj

k
2 ⌦

Q3
i=J

P (wi

k
|wi�1

k
, · · ·w1

k
) · P (w2

k
|w1

k
) · P (w1

k
|Initial state)

(sn,j ,ym,j)

Wj

Sj

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

z1 zm zM

w1
k

wj

k
wJ

k

l1
k

ln
k

lN
k

P (Wk|S) = p(Wk,S)
p(S)

p(Wk, S)

p(X|Wk)

P (Wk)

⌦ = {!1, · · ·!r, · · ·!R}
wj

k
2 ⌦

Q3
i=J

P (wi

k
|wi�1

k
, · · ·w1

k
) · P (w2

k
|w1

k
) · P (w1

k
|Initial state)

D(M, N)

w1,j wm,j wM,j LWj ,Sj
(M,N) {Yj}Jj=1

{Zj}Jj=1
{ym}Iwm=1

W1 Wk Wj Ŵ

w1,j

wm,j

wM,j

{Sj}Jj=1

{Wj}Jj=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j

l(ym,j , zn,j)

s1,j

sn,j

sN,j

(sn,j ,ym,j)

Wj

Sj

(sn,j ,ym,j)

Wj

Sj

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

P (Wk|S) = p(Wk,S)
p(S)

p(Wk, S)

X = Y (1)

=
p(S|Wk) · P (Wk)

p(S)

(sn,j ,ym,j)

Wj

Sj

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

P (Wk|S) = p(Wk,S)
p(S)

p(Wk, S)

X = Y (1)

=
p(S|Wk) · P (Wk)

p(S)

(sn,j ,ym,j)

Wj

Sj

w1,k wn,k wN,k

y1,k yn,k yN,k

s1 sm sM

x1 xm xM

z1 zm zM

P (Wk|S) = p(Wk,S)
p(S)

p(Wk, S)

X = Y (1)

=
p(S|Wk) · P (Wk)

p(S)

w1,j wm,j wM,j LWj ,Sj
(M,N) {Yj}Jj=1

{Zj}Jj=1
{ym}Iwm=1

W1 Wk Wj Ŵ W S

w1,j

wm,j

wM,j

{Sj}Jj=1

{Wj}Jj=1

LHMM (M,N)

y1,j

ym,j

yM,j

z1,j

zn,j

zN,j
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Z = z1 · · · zm · · · zM

Repeat until 
convergence

G. Aradilla, J. Vepa and H. Bourlard, An Acoustic Model Based on Kullback-Leibler Divergence for Posterior Features, Proc. Of ICASSP. 2007
G. Aradilla, H. Bourlard and M. Magimai.-Doss, Using KL-based Acoustic Models for Large Vocabulary Recognition task, Proc. of Interspeech, 2008.

Kullback-Leibler divergence based HMM (KL-HMM) 

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d[m, n] = 0

else

d[m, n] = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]
T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]
T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]
T

d[m, n] = KL(yk,n, zm) = → log(
p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = →D[M,N] ↑ log(
p(S|Wk)
p(S|¬Wk)

) ↓ P (Wk|S)

KL(yk,n, zm) ↔ !, Match(Wk, S) ↗ Edit distance

Yk = yk,1 · · ·yk,n · · ·yk,N based on Wk

If yk,n = ωd (Kronecker delta)

KL(yk,n, zm) = → log(zdm) = Cross entropy

ANNs are not the only probability estimators

Hybrid HMM/ANN and CTC (particular cases)

Update function: Probability combination rule

KL(yk,n, zm): Product rule

RKL(yk,n, zm): Sum rule

SKL(yk,n, zm): Iterate between product rule and sum rule

1

https://publications.idiap.ch/attachments/papers/2007/aradilla-icassp-2007.pdf
https://publications.idiap.ch/attachments/papers/2007/aradilla-icassp-2007.pdf
https://publications.idiap.ch/attachments/papers/2007/aradilla-icassp-2007.pdf
https://publications.idiap.ch/attachments/papers/2007/aradilla-icassp-2007.pdf
https://publications.idiap.ch/attachments/papers/2007/aradilla-icassp-2007.pdf
https://publications.idiap.ch/attachments/reports/2008/aradilla-idiap-rr-08-14.pdf
https://publications.idiap.ch/attachments/reports/2008/aradilla-idiap-rr-08-14.pdf
https://publications.idiap.ch/attachments/reports/2008/aradilla-idiap-rr-08-14.pdf


Comparison of approaches
Q1 Q2 Q3 Q4 Match( )

HMM-based
 Text only

Phones or 
Graphemes

Likelihood 
estimation

GMM or ANN

Deterministic Dyn. Prog.

End-to-end
     Text only

Phones or 
Graphemes

Probability 
estimation

ANN

Deterministic Dyn. Prog.

Posterior 
feature-
based

Different 
possibilities

Probability 
estimation
Many possible 
estimators

Probabilistic Dyn. Prog.

<latexit sha1_base64="Z8U8grfKSFh1qau3y/m9lQzDXjQ=">AAAB/XicbZDLSsNAFIYnXmu8xcvOzWARWpCSiLdl0Y3LSu0FmhAm00k7dDIJMxOh1uKruHGhiFvfw51v46TNQlt/GPj4zzmcM3+QMCqVbX8bC4tLyyurhTVzfWNza9va2W3KOBWYNHDMYtEOkCSMctJQVDHSTgRBUcBIKxhcZ/XWPRGSxvxODRPiRajHaUgxUtryrf2k1PIHx7Bedl2zlvFjvexbRbtiTwTnwcmhCHLVfOvL7cY4jQhXmCEpO46dKG+EhKKYkbHpppIkCA9Qj3Q0chQR6Y0m14/hkXa6MIyFflzBift7YoQiKYdRoDsjpPpytpaZ/9U6qQovvRHlSaoIx9NFYcqgimEWBexSQbBiQw0IC6pvhbiPBMJKB2bqEJzZL89D86TinFfObk+L1as8jgI4AIegBBxwAargBtRAA2DwAJ7BK3gznowX4934mLYuGPnMHvgj4/MHdvmTUQ==</latexit>

p(Wk, S)

P (Wk|S)
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{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d[m, n] = 0

else

d[m, n] = 1
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Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]
T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]
T

d[m, n] = KL(yk,n, zm) = → log(
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based (spec.)

Spectral 
feat. based

Spec. feat. 
vector extract. 

Spec. feat. vector 
extract.

Dyn. Prog.

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d[m, n] = 0

else

d[m, n] = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]
T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)
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yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]
T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]
T

d[m, n] = KL(yk,n, zm) = → log(
p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = →D[M,N] ↑ log(
p(S|Wk)
p(S|¬Wk)

) ↓ P (Wk|S)

KL(yk,n, zm) ↔ !, Match(Wk, S) ↗ Edit distance

Yk = yk,1 · · ·yk,n · · ·yk,N based on Wk

If yk,n = ωd (Kronecker delta)

KL(yk,n, zm) = → log(zdm) = Cross entropy

ANNs are not the only probability estimators

Hybrid HMM/ANN and CTC (particular cases)

yk,n = ωd zm = ωd
→

Update function: Probability combination rule

KL(yk,n, zm): Product rule

RKL(yk,n, zm): Sum rule

SKL(yk,n, zm): Iterate between product rule and sum rule
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Posterior feature-based ASR Demo
• Instance-based approach
• Posterior feature extractor

• Two hidden layer MLP 
trained to classify 
context-independent 
phones

• Input: nine frames of 
39 dimensional 
cepstral feature vector 
(13 static + 13 delta + 
13 delta-delta)

• Cross entropy loss 
• Stochastic gradient 

descent
Posterior Features for Template-based ASR, Serena Soldo, Mathew Magimai-Doss, Joel Praveen Pinto and Hervé Bourlard, 
in: Proceedings of IEEE International Conference on Acoustics, Speech, and Signal Processing, Prague, 2011
Synthetic References for Template-based ASR using Posterior Features, Serena Soldo, Mathew Magimai-Doss and 
Hervé Bourlard, in: Proceedings of Interspeech, 2012 
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https://publications.idiap.ch/publications/show/2325
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X = {x1, · · ·xm, · · ·xM}(Feature seq.)
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a = [a1 · · · ad · · · aD]T
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L = {l1, · · · lm, · · · lM} Q HMM state seq.

English
French
German
Italian
Spanish

Greek

Graphemes

ANN

KL-HMM

mance of acoustic model adaptation systems using
graphemes is worse than with phones as subword
units. On the Greek task, where the transliterated
grapheme-based lexicon was used, grapheme-
based acoustic model adaptation systems perform
significantly worse than phone-based acoustic
model adaptation or HMM/GMM or tandem sys-
tems. The results also show that in the case of
grapheme subword unit set mismatch, translitera-
tion may not be the best possible alternative. In

such cases, data-driven mapping of grapheme sub-
word units could potentially be investigated
(Stüker, 2008a).

(b) When the available training data is larger, on both
tasks, phone-based deterministic lexical model sys-
tems perform comparably to the phone-based KL-
HMM system. For example, with larger adapta-
tion/training data sizes, on the HIWIRE task,
MAP and KL-HMM systems perform similarly
and on the Greek task, KL-HMM, HMM/

Table 4
Performance in terms of word accuracy on the Greek test set for the various cross-word context-dependent ASR systems trained on varying amounts of
Greek data.

System 5 min 37 min 300 min 800 min

Graph Phone Graph Phone Graph Phone Graph Phone

KL-HMM 78.0 80.3 81.4 83.0 83.8 84.4 84.5 84.8
SP-HMM 71.3 73.8 75.9 76.3 77.8 79.3 78.7 79.6
Tied-HMM 66.6 68.6 71.3 73.6 74.8 76.3 76.4 77.6

MAP 54.7 77.4 68.7 79.3 78.0 82.7 78.0 83.9
MLLR 50.0 77.3 52.6 78.7 52.8 79.1 52.8 78.7

Tandem 55.7 66.9 76.0 79.7 81.6 83.8 82.4 84.9

HMM/GMM 54.6 63.5 74.5 81.2 82.3 84.5 83.5 85.2

Fig. 3. Comparison between probabilistic lexical modeling based systems
with increasing amounts of target domain or language training data. (a)
on the HIWIRE non-native accented speech recognition task, (b) on the
Greek ASR task.
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Fig. 4. Comparison of the phone-based and grapheme-based KL-HMM
systems against the acoustic model adaptation based systems and the
standard HMM/GMM system with increasing amounts of target domain
training data. (a) on the HIWIRE non-native accented speech recognition
task, (b) on the Greek ASR task.

R. Rasipuram, M. Magimai-Doss / Speech Communication 68 (2015) 23–40 35

Acoustic and Lexical Resource Constrained ASR using Language-Independent Acoustic Model and Language-Dependent Probabilistic Lexical Model, Ramya Rasipuram and Mathew 
Magimai.-Doss, in: Speech Communication, 68:23–40, 2015 
Probabilistic Lexical Modeling and Unsupervised Training for Zero-Resourced ASR, Ramya Rasipuram, Marzieh Razavi and Mathew Magimai.-Doss, in: Proc. of ASRU, 2013 

Handling acoustic and lexical resource constraints

CI
Multilingual
phones
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GMM

No transcription available: start training by initializing KL-HMM parameters based 
on prior G2P knowledge
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Lexical resource development

Posterior-based formulation for G2P conversion

Pronunciation inference
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Phone
HMM
decoder

pronunciation
Inferred

Ergodic HMM

phone posterior probability sequence

MAP

{M} {A} {P}

{M+A} {M-A+P} {A-P}

context-dependent
grapheme sequence

/m/ /ae/ /p/

M+A M-A+P

P(/aa/) P(/aa/) P(/aa/) P(/aa/) P(/aa/) P(/aa/) P(/aa/) P(/aa/) P(/aa/)

P(/zh/) P(/zh/) P(/zh/) P(/zh/) P(/zh/) P(/zh/) P(/zh/) P(/zh/) P(/zh/)

A-P

/aa/ /m/

/zh/

Trained grapheme-based
KL-HMM systemWord tokenizer

Mathew Magimai Doss Idiap Research Institute 13

Acoustic data-driven grapheme-to-phoneme conversion in the probabilistic lexical modeling framework, M. Razavi, R. 
Rasipuram and M. Magimai.-Doss, in: Speech Communication, 80, 2016 
Towards Weakly Supervised Acoustic Subword Unit Discovery and Lexicon Development Using Hidden Markov Models, 
M. Razavi, R. Rasipuram and M. Magimai-Doss, in: Speech Communication, 96:168-183, 2018 
M. Razavi, On Modeling the Synergy Between Acoustic and Lexical Information for Pronunciation Lexicon Development, 
PhD Thesis 7851, EPFL, 2017

• Can be extended 
to automatic 
subword 
derivation and 
lexicon 
development

• Combination of 
multiple G2P 
converters

• Unified 
framework for 
acoustic-to-
phone 
conversion and 
G2P conversion

<latexit sha1_base64="dmVzgm3nNYcjwVFrmoL0udmR1g0=">AAACHHicbVDLSgMxFM3UV62vqks3wSK4KjO+N0JRFy4r9AWdabmTybShmQdJRihDP8SNv+LGhSJuXAj+jZm2oLYeCBzOOZfce9yYM6lM88vILSwuLa/kVwtr6xubW8XtnYaMEkFonUQ8Ei0XJOUspHXFFKetWFAIXE6b7uA685v3VEgWhTU1jKkTQC9kPiOgtNQtHtsBqL7rpzDCl7gNHQvbxIuUxNDxfuiN0xkHRZDWRt1iySybY+B5Yk1JCU1R7RY/bC8iSUBDRThI2bbMWDkpCMUIp6OCnUgaAxlAj7Y1DSGg0knHx43wgVY87EdCv1Dhsfp7IoVAymHg6mS2oZz1MvE/r50o/8JJWRgnioZk8pGfcKwinDWFPSYoUXyoCRDB9K6Y9EEAUbrPgi7Bmj15njSOytZZ+fTupFS5mtaRR3toHx0iC52jCrpFVVRHBD2gJ/SCXo1H49l4M94n0ZwxndlFf2B8fgOoX6Em</latexit>

a = [a1 · · · ad · · · aD]T

<latexit sha1_base64="O4RERqm98YQe9PojNm7I7j2l/PQ=">AAACJnicbZBNSwMxEIazftb6VfXoJVgED1J 2xa+LUPTiwUIL1grdsmTTqQaT3TWZFcvS/hkv/hUvHhQRb/4U09qDVl8IPLwzw2TeMJHCoOt+OBOTU9Mzs7m5/PzC4tJyYWX1wsSp5lDnsYz1ZcgMSBFBHQVKuEw0MBVKaIQ3J4N64w60EXF0jt0EWopdRaIjOENrBYWjM3pE/UwG3jb1eTtGQ2WgfnDF7/VrfR/hHrXKTiuVvkGGQA3clnpBoeiW3KHoX/BGUCQjVYPCi9+OeaogQi6ZMU3PTbCVMY2CS+jl/dRAwvgNu4KmxYgpMK1seGaPblqnTTuxti9COnR/TmRMGdNVoe1UDK/NeG1g/ldrptg5bGUiSlKEiH8v6qSSYkwHmdG20MBRdi0wroX9K+XXTDOONtm8DcEbP/kvXOyUvP3SXm23WD4exZEj62SDbBGPHJAyOSVVUiecPJAn8kJenUfn2Xlz3r9bJ5zRzBr5JefzCwrupQM=</latexit>

L = {l1, · · · lm, · · · lM} Q HMM state seq.

http://publications.idiap.ch/index.php/publications/show/3358
http://publications.idiap.ch/index.php/publications/show/3358
http://publications.idiap.ch/index.php/publications/show/3358
http://publications.idiap.ch/index.php/publications/show/3358
http://publications.idiap.ch/index.php/publications/show/3358
http://publications.idiap.ch/index.php/publications/show/3358
http://publications.idiap.ch/index.php/publications/show/3358
https://publications.idiap.ch/publications/show/3761
https://infoscience.epfl.ch/entities/publication/ff7163d4-4e2c-426b-81b7-9170a4b86654


Probabilistic symbols sequence matching

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d[m, n] = 0

else

d[m, n] = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]
T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]
T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]
T

d[m, n] = KL(yk,n, zm) = → log(
p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = →D[M,N] ↑ log(
p(S|Wk)
p(S|¬Wk)

) ↓ P (Wk|S)

KL(yk,n, zm) ↔ !, Match(Wk, S) ↗ Edit distance

Yk = yk,1 · · ·yk,n · · ·yk,N based on Wk

If yk,n = ωd (Kronecker delta)

KL(yk,n, zm) = → log(zdm) = Cross entropy

ANNs are not the only probability estimators

Hybrid HMM/ANN and CTC (particular cases)

yk,n = ωd zm = ωd
→

Update function: Probability combination rule

KL(yk,n, zm): Product rule

RKL(yk,n, zm): Sum rule

SKL(yk,n, zm): Iterate between product rule and sum rule

1



Subjective intelligibility assessment (1)

TTS



Match word hypothesis with synthetic speech 

TTS Z = {z1, . . . , zj , . . . , zJ}

expected 
sequence: 

• HMM states are parameterized by distributions     , 
with the KL divergence                         as local score

• The phonetic transcription is obtained from a lexicon

“The young …” sil /dh/ /ah/ sp /y/ /ah/ /ng/ sp …

...

y1 y8y7y6y5y4y3y2

yl

KL (yl, zj)

... ...

yLyly1
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Viterbi Alignment

KL divergence per word

TTS

expected 
sequence: 

Z = {z1, . . . , zj , . . . , zJ}

⌧

... ...

yLyly1

Hypothesis testing and word recall

• Threshold KL scores
• Compute word recall 

to predict listener’s 
word recognition



Evaluation

Determine threshold on development data Performance on evaluation data

2011 Blizzard Challenge

• 12 TTS systems 
named “B” to “M”

• 26 semantically 
unpredictable 
sentences (SUS), 
scored by 231 
listeners (26 scores 
per listener)

• “System A”: natural 
speech from a voice 
talent

Objective Intelligibility Assessment of Text-to-Speech Systems Through Utterance Verification, Raphael Ullmann, Ramya Rasipuram, Mathew 
Magimai-Doss and Hervé Bourlard, in: Proceedings of Interspeech, Dresden, Germany, pages 3501-3505, 2015 
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Subjective intelligibility assessment (2)

Speaker 
with 

pathology

e.g., speaker with dysarthria



Objective intelligibility assessment (1)  

Speaker 
with 

pathology

e.g., speaker with dysarthria

Replace listeners by healthy 
control speakers’ speech 
utterances of each word or 
even synthetic speech.



Objective intelligibility assessment (2)
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II. PROPOSED APPROACH

In a clinical setting, dysarthric speech intelligibility can be
assessed through an isolated word pronunciation test, where
a speaker with dysarthria pronounces a set of isolated words,
and the speech intelligibility is measured as percentage of cor-
rectly identified words by human listeners [1], [17], [18]. The
proposed approach goes along that direction, where percentage
correct words spoken by a speaker with dysarthria is estimated
to assess speech intelligibility.

Let w 2 {1, · · ·W} denote a word index w from a set
of words containing W words. Let k 2 {1, · · ·K} denote a
control speaker index k from the set of K control speakers.
Let Zw denote the speech produced for word w by the speaker
with dysarthria. Let Yw

k denote the speech produced for
word w by the control speaker k. Based on this information,
Algorithm 1 presents the proposed objective intelligibility
score IntScore estimation method.

Algorithm 1: Objective intelligibility score estimation
Set w=1, #CorrectWords=0;
while w  W do

Set k=1, vote count vw=0;
while k  K do

Match Zw and Yw
k to obtain a score Lw;

Perform hypothesis testing based on Lw to
verify whether Zw and Yw

k are the same word
or not;

if same word then
vw = vw + 1;

end
end
if vw � K/2 then

#CorrectWords = #CorrectWords+ 1;
end

end
Result: IntScore = #CorrectWords

W ⇥ 100%

In the remainder of the section, we first present how Zw and
Yw
k are matched to obtain match score Lw and then present

how hypothesis testing is performed to decide whether Zw

and Yw
k are the same word or not.

A. Posterior-feature based matching of Zw and Yw
k

The match between Zw and Yw
k is obtained by match-

ing posterior feature vector sequences (zw1 , · · · zwn , · · · zwN )
and (yw

1 , · · ·yw
m, · · ·yw

Mk
), where N denotes the number

of frames in an utterance of a speaker with dysarthria of
word w, Mk denotes the number of frames in the kth
control speaker’s utterance of word w, and posterior fea-
ture vectors zwn = [zwn,1, · · · zwn,d, · · · , zwn,D]T and yw

m =
[ywm,1, · · · ywm,d, · · · , ywm,D]T are D dimensional phones or
broad phonetic classes posterior probabilities estimated using
neural network(s) (see Section III-B), 8n 2 {1, · · ·N} and
8m 2 {1, · · ·Mk}.

The match between the two posterior feature sequences
is obtained using dynamic time warping [19]. The dynamic
programming recursion is as:

Lw(m,n) = l(yw
m, zwn ) + min[Lw(m� 1, n),

Lw(m,n� 1), Lw(m� 1, n� 1)] , (1)

where, l(yw
m, zwn ) is the local match score computed as sym-

metric Kullback-Leibler divergence between yw
m and zwn ,

l(yw
m, zwn )=

1

2
· [

DX

d=1

ywm,d log
ywm,d

zwn,d
+

DX

d=1

zwn,d log
zwn,d
ywm,d

], (2)

and Lw(m,n) is the accumulated match score at (m,n).
The dynamic programming results in a global match score
Lw(Mk, N), which is then normalized by the path length.

B. Utterance verification based on Lw(Mk, N)

It can be argued that when the dysarthric speech is unintel-
ligible, the uttered word tends to map to a word other than the
target word. As a result, the listeners are not able to identify
the target word. This could be formulated as an utterance
verification problem, i.e. testing the hypothesis whether the
speech utterances Yw

k and Zw correspond to the same word
or not. A similar understanding has been recently applied to
assess intelligibility of text-to-speech synthesis systems [20].
In the literature, it is well known that comparison of probabil-
ity distributions using KL-divergence and other measures such
as Bhattacharya distance is equivalent to hypothesis testing
and yields an estimate of log-likelihood ratio [21], [22]. The
global match score Lw(Mk, N) is a sum of KL-divergence
between phone or broad phonetic class posterior probability
distributions on the best matching path normalized by the path
length. So, Lw(Mk, N) can be interpreted as an estimate of
log-likelihood ratio of the test utterance being same as the
reference utterance, through which utterance verification can
be carried out. In order to do that, we need to apply a threshold
on Lw(Mk, N). As illustrated in Figure 1, the threshold is
determined in the following manner:

1) Creating same word utterance pairs from the control
speakers data, matching them and obtaining a distribution
of global match score for the same word hypothesis;

2) Creating different word utterance pairs from the control
speakers data, matching them and obtaining a distribution
of global match score for NOT the same word hypothesis;
and

3) determining the threshold at the intersection of the two
distributions, referred to as Thrinter or at the center of
the two means of the histogram, referred to as Thrcen.

Fig. 1. Distribution of same and different-word pair scores Lw
(Mk, N)

Determing threshold from healthy control speakers’ 
data by forming (a) same-word pair and (b) different 
word pair.

For each pathological speech 
utterance
1. Performance utterance by 

matching to the respective word 
utterances from healthy control 
speakers

2. Count number of same word 
decisions

3. Count more than or equal to half of 
number of healthy control 
speakers then decide the 
pathological speech utterance is 
recognizable else non-
recognizable

4. Count the number of recognizable 
words



Objective intelligibility assessment (3)

Experiments conducted 
on UA-Speech dataset

Utterance Verification-based Dysarthric Speech Intelligibility Assessment using Phonetic Posterior Features, Julian Fritsch and Mathew Magimai-Doss, 
in: IEEE Signal Processing Letters, 28:224 - 228, 2021 
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TABLE I
PEARSON’S CORRELATION (r) AND SPEARMAN’S CORRELATION (⇢)

BETWEEN SUBJECTIVE AND OBJECTIVE INTELLIGIBILITY FOR
ALL-CONTROL STUDY. p-VALUES ARE PRESENTED IN ITALICS FONT.

Posterior feature space Thrcen Thrinter
r ⇢ r ⇢

Phone .939 .939 .950 .957
3.94e-7 2.31e-7 5.52e-8 2.29e-8

AFbinary .918 .885 .922 .885
1.88e-6 1.13e-5 1.27e-6 1.32e-5

AFmulti�manner .922 .910 .917 .894
1.01e-6 2.42e-6 1.43e-6 6.82e-6

Baseline systems
P� ESTOI [7] .94 .94
Composite measure [5] .94 .89
Discriminant analysis [31] .92 -
Spectral subspace [11] -.83 -.88
Temporal dynamics [4] .87 .85
iVectors [10] .91 -
Word accuracy � based [10] .89 -

TABLE II
PEARSON’S CORRELATION (r) AND SPEARMAN’S CORRELATION (⇢)

BETWEEN SUBJECTIVE AND OBJECTIVE INTELLIGIBILITY FOR
SINGLE-SYNTHETIC-CONTROL STUDY. p-VALUES ARE PRESENTED IN

ITALICS FONT.

Posterior feature space Thrcen Thrinter
r ⇢ r ⇢

Phone .924 .942 .931 .961
1.44e-7 8.08e-7 1.14e-8 4.46e-7

AFbinary 0.827 .893 .822 .885
1.40e-4 7.23e-6 1.68e-4 1.13e-5

AFmulti�manner .937 .906 .930 .912
2.40e-7 3.09e-6 4.78e-7 2.13e-6

Fig. 2. Pearson’s correlation and Spearman’s correlation when the number
of control speakers K is varied from 13 to 1. Synth. refers to the case of
single-synthetic-control.

with dysarthria, which can be directly related to the sub-
jective listening score, without any intermediary mapping
or regression. Fig. 3 shows the Pearson’s correlation plot
overlaid for the different systems, along with root mean square
error (RMSE) between listener percentage word accuracy
and the IntScore (presented in the legends); each marker
represents one speaker. It can be observed that phone space
and AFmulti�manner space are predicting well high intelli-

gibility regions, while AFbinary is predicting comparatively
well the low intelligibility regions. As a consequence, although
AFbinary is not the best in terms of r and ⇢, it yields the best
RMSE of 16.9%. We observe this trend even in the case of
synthetic control speech, denoted as Synth AFbinary . This is
promising as we have not used any dysarthric speech data
to build any part of the assessment system. In the previous
studies, on the same data set, RMSE ranging from 12% to
18.6% have been reported with the use of dysarthric speech
data to build the intelligibility prediction models [5], [10].
Overall, the analysis indicates that IntScore estimation needs
to be further improved for low intelligibility regions to take
advantage of its interpretability. This is a part of our on-going
work.

Fig. 3. Pearson’s correlation plot obtained from proposed intelligibility
assessment systems. Synth refers to the case of single-synthetic-control.

V. CONCLUSIONS

We proposed an approach to assess dysarthric speech intel-
ligibility by matching and verifying the utterances of speakers
with dysarthria of a set of words against a set of control
speakers’ utterances of those words in phone or broad phonetic
posterior feature spaces. Our investigations on the UA-Speech
corpus using posterior feature estimators trained on auxiliary
data and language showed that the proposed approach obtains
high correlation with subjective intelligibility scores for both
phone and broad-phonetic posterior feature spaces. Our inves-
tigations also demonstrated that the proposed approach obtains
high correlation even when the control speakers’ speech is
replaced by speech synthesized by a neural TTS system or the
number of control speakers is considerably reduced. Our future
work will focus on extending the proposed approach in the
framework of KL-HMM [32] to better explain the variations
in dysarthric speech in phone and AF spaces.
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V. CONCLUSIONS

We proposed an approach to assess dysarthric speech intel-
ligibility by matching and verifying the utterances of speakers
with dysarthria of a set of words against a set of control
speakers’ utterances of those words in phone or broad phonetic
posterior feature spaces. Our investigations on the UA-Speech
corpus using posterior feature estimators trained on auxiliary
data and language showed that the proposed approach obtains
high correlation with subjective intelligibility scores for both
phone and broad-phonetic posterior feature spaces. Our inves-
tigations also demonstrated that the proposed approach obtains
high correlation even when the control speakers’ speech is
replaced by speech synthesized by a neural TTS system or the
number of control speakers is considerably reduced. Our future
work will focus on extending the proposed approach in the
framework of KL-HMM [32] to better explain the variations
in dysarthric speech in phone and AF spaces.
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A modular and flexible framework that enables abstraction and 
integrated modeling of communication phenomenon

• Q1 – Flexibility to choose and/or explore symbol set

• Q2 – Flexibility to choose symbol probability estimation method

•  Q3 – Flexibility to text-based and acoustic instance-based 
representation of word hypothesis

• Q4 – Intepretable and explainable information-theoretic 
approach akin to string matching

Systematically assimilate developments in different fields such as, 
linguistics, signal processing, machine learning, information 

theory, coding theory, communication theory, and probability and 
statistics
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Z = z1 · · · zm · · · zM

{ad}Dd=1 = {A, · · · ,Z}
if(KL(yk,n, zm) = 0)

d[m, n] = 0

else

d[m, n] = 1

yk,n = [P (a1|str[n]) · · ·P (ad|str[n]) · · ·P (aD|str[n])]T

zm = [P (a1|str[m]) · · ·P (ad|str[m]) · · ·P (aD|str[m])]
T

yk,1 = /b/,yk,2 = /ae/, · · ·yk,n = /k/, · · ·yk,N = /t/
z1 = /p/, z2 = /ae/, · · · zm = /g/, · · · zM = /t/
Match(Wk, S)

d[m, n] = KL(yk,n, zm)

yk,n = [P (a1|wk,1) · · ·P (ad|wk,n) · · ·P (aD|wk,N )]
T

zm = [P (a1|s1) · · ·P (ad|sm) · · ·P (aD|sM )]
T

d[m, n] = KL(yk,n, zm) = → log(
p(sm|wk,n)
p(sm|¬wk,n)

)

Match(Wk, S) = →D[M,N] ↑ log(
p(S|Wk)
p(S|¬Wk)

) ↓ P (Wk|S)

KL(yk,n, zm) ↔ !, Match(Wk, S) ↗ Edit distance

Yk = yk,1 · · ·yk,n · · ·yk,N based on Wk

If yk,n = ωd (Kronecker delta)

KL(yk,n, zm) = → log(zdm) = Cross entropy

ANNs are not the only probability estimators

Hybrid HMM/ANN and CTC (particular cases)

Update function: Probability combination rule

KL(yk,n, zm): Product rule

RKL(yk,n, zm): Sum rule

SKL(yk,n, zm): Iterate between product rule and sum rule

1

Listener side / 
Observer side 
/ synthesis

Speaker side / 
Signer side / 
analysis

Bottom-up

Top-down


