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Abstract
In this paper, we present our initial efforts in the task of

Automatically Synchronizing live spoken Utterances with their
Transcripts (textual contents) (ASUT). We address the prob-
lem of online detecting of the end time of a spoken utterance
given its textual content, which is one of the key problems
of the ASUT task. A frame-synchronous likelihood ratio test
(FS-LRT) procedure is proposed and explored under the hidden
Markov model (HMM) framework. The property of FS-LRT is
studies empirically. Experiments indicate that our proposed ap-
proach shows satisfying performance. In addition, the proposed
procedure has been successfully applied in a subtitling system
for live broadcast news.
Index Terms:Automatically Synchronizing spoken Utterances
with their Transcripts, frame-synchronous likelihood ratio test

1. Introduction
Automatically Synchronizing spoken Utterances with their
Transcripts (textual contents) (ASUT) is not a new task. It is
mainly motivated by closed-captioning of broadcast news [1, 2]
or browsing of speech/video in multimedia retrieval applica-
tions [3, 4, 5, 6]. Specially, ASUT refers to the task that, when a
segment of recorded speech is played [3, 4, 5, 6] or live speech
is broadcast [1, 2], the corresponding textual transcription (may
contain errors) should be displayed/broadcast simultaneously
on the screen of a television or a similar media player.

Traditionally, the text displayed in ASUT is imperfect tran-
scripts generated by automatic speech recognition (ASR) tech-
niques when the speech is a live stream [1, 2]. Therefore, man-
ual corrections on the transcripts are needed. However, this
correction work is labor-demanding and tedious. In addition,
it causes certain delay in displaying of transcripts [2]. When
both speech and transcripts are known beforehand, ASUT task
is simplified into an alignment problem, i.e. determining certain
common time points (start time and end time of each utterance)
between speech and text [3, 4, 5, 6]. Once these time points are
determined, ASUT is trivial, as shown in Algorithm 1 (AUST
with Known Transcripts), where the Start Of Utterance(si, t)
and End Of Utterance(si, t) procedures make binary decisions
to see whether current frame t is the start/end time of a certain
textual sentence si. These can be done by ssimple comparisons
between t and the pre-determined start/end times.

This work is partially supported by The National High Tech-
nology Research and Development Program of China (863 pro-
gram, 2006AA010102), National Science & Technology Pillar Pro-
gram (2008BAI50B00), MOST (973 program, 2004CB318106), Na-
tional Natural Science Foundation of China (10874203, 60875014,
60535030).

Algorithm 1 AUST WITH KNOWN TRANSCRIPTS

Require: Textual transcriptions of n utterances {s1, · · · , sn}
Initialization: i ⇐ 1
while i ≤ n and a frame t of speech is input do

if Start Of Utterance(si, t) then
Display si on the screen;

else if End Of Utterance(si, t) then
Erase si from the screen;
i ⇐ i+ 1;

end if
end while

In this study, we explore algorithms for the ASUT task in
the case of live speech with known and accurate transcripts.
The assumption that transcripts are known and accurate is
strong. But it is true in certain applications [2]. This work use
the procedure in Algorithm 1, i.e. display the accurate tran-
script simultaneously with a spoken utterance, instead of the
imperfect transcripts by the ASR system. This scheme seems
straightforward and is free of human correction compared to the
ASR method. However, not work is reported on it to the best of
authors’ knowledge. We believe that the major challenge lies in
the fact that the speech is a live stream. Start/end times for each
sentence can be determined beforehand for recorded speech, but
they have to be determined on-the-fly for live speech.

The rest of this paper is devoted to the development of a
procedure for online detecting end times of spoken utterances,
i.e. the End Of Utterance(si, t) in Algorithm 1. To simplify, we
ignore the start time determination procedure by assuming that
the start time of si has been determined in some way1. For ex-
ample, we can use the end time of last sentence as the start time
of current one. Formally, we have the following problem. There
are t frames of parameterized speech Xt

1 = {x1, x2 · · · , xt}
and a textual sentence si. x1 is the first frame corresponding
to the start of si since we have assumed the start frame of si is
known. Then at every frame index t, we need to decide whether
t is the end time of the sentence si. This decision will be for-
mulated as a frame-synchronous likelihood ratio test (FS-LRT)
procedure in the rest of this paper.

This paper is organized as follows. A frame-synchronous
likelihood ratio test (FS-LRT) procedure for end time detection
is proposed in Section 2. Then implementation of the FS-LRT
within HMM framework is detailed. Experimental results are
described in Section 4. Finally, Section 5 concludes this work

1This makes an implicit assumption that determination of start time
and end time are independent procedures although in practice they de-
pend on each other.
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and presents potential directions for future work. Due to the
limitation of pages, the evaluation of a complete system shown
in Algorithms 1 is out of the scope of this paper.

2. Frame-synchronous LRT for end time
detection.

The above on-the-fly end time detection task can be formu-
lated as a hypothesis testing problem. Specifically, assume
that the current sentence si is a word string of length n, i.e.
si = wn

1 = {w1 · · · , wn}. At every frame index t, we need to
test hypothesis that t is the end time of si:

H0 : null hypothesis, t is the end time of si. It amounts to that
the current speech Xt

1 corresponds to the whole sentence
si. In other words, the parameterized speech Xt

1 was
exactly generated by the model λ of the whole sentence
si = wn

1 .

H1 : alternative hypothesis. t is not end time of si. Instead,
t falls before or after the true end time of si. This al-
ternative hypothesis actually represents a set of events.
And we will formally define these events in the next sec-
tion. The set of underlaying models generating Xt

1 cor-
responding to all the possible events is denoted as Λ̄.

Let us denote the likelihood score under the null hypothesis
as P (Xt

1|λ) and the likelihood under this alternative hypothesis
as P (Xt

1|Λ̄). According to Neyman-Pearson lemma, the opti-
mal solution to the above testing is based on the log likelihood
ratio test (LRT) score L(t).

L(t) = logP (Xt
1|λ)− logP (Xt

1|Λ̄)
�

≥ θ, accept H0

< θ, reject H0

(1)
where θ is a critical decision threshold.

unk
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Figure 1: A schematic illustration of frame-synchronous LRT
at t, with a word-level segmentation of the hypothesis space.

Note that L(t) is evaluated at each frame t, therefore end
time detection is frame-synchronous. This is different from
other methods in offline mode [7, 8, 3, 4, 5].

3. FS-LRT in the case of HMMs
Since Hidden Markov Models (HMMs) are the most effec-
tive model of speech in practice, the proposed procedure will
be further explored under HMMs framework. In the case of
HMMs, model λ for H0 is typically represented as super-HMM
obtained by concatenating HMMs for subwords (typically tri-
phone) representation of si. However, the key issue is the selec-
tion of an appropriate model (set) for the alternative hypothesis,
because it represents a set of events as mentioned before.

3.1. Definition of the alternative hypothesis

Recall that H1 amounts to the fact that t falls before or after
the true end time of si. This actually represents infinite possi-
bilities. To make the problem tractable, a segmentation of the
hypothesis space at the word level is introduced, i.e.

H0 = {wn
1 } (2)

H1 = {w1
1, w

2
1 · · ·wn−1

1 }
[

{wn+1
1 , · · · } (3)

where the set {w1
1, w

2
1 · · ·wn−1

1 } accounts for the events that
t falls before the true end time of si. In other words, t is the
end time of a certain substring wk

1 , (k < n) of si. Similarly,
{wn+1

1 , · · · } are the events of t falls after the true end time of
si. That means t has passed its true position. And it is the end
time of wm

1 , (m > n). 2

Using this assumption, speech generating models are:

λ = λn (4)
Λ̄ = {λ1, λ2, · · · , λn−1, λn+1, · · · } (5)

where model λi is the super-HMM representation of wi
1.

With Λ̄, the likelihood score in (1) becomes:

P (Xt
1|Λ̄) = Ψ(P (Xt

1|λ1), · · · , P (Xt
1|λn−1), P (Xt

1|λn+1), · · · ) (6)

where Ψ(·) represents a certain function that combines the like-
lihoods of the set of alternative models. For the convenience of
calculation, a Ψ(·) is adopted as an geometric mean over the
first M alternatives in Λ̄:

logP (XT
1 |Λ̄) = 1

M

X
i∈[1,M+1],i6=n

logP (Xt
1|λi) (7)

where M is used to choose part of infinite set of Λ̄ to make
P (XT

1 |Λ̄) computationally tractable. A schematic illustration
is given in Fig. 1. A Chinese sentence consisting of four words
(n = 4) is shown with corresponding speech generation mod-
els. unks are words of next sentence.

3.2. Evaluation of P (Xt
1|λi)

Note that when P (Xt
1|λi) is evaluated within HMMs parame-

ters, it becomes:

P (Xt
1|λi) = P (Xt

1, qt = Sλi
we|λi) (8)

=
X

∀qt−1
1

P (Xt
1, q

t−1
1 , qt = Sλi

we|λi) (9)

where qt is the state index assigned to frame t, Sλi
we is the

last state (word end) of the super-HMM λi and qt−1
1 is the state

sequence of previous frames. The condition qt = Sλi
we guaran-

tees that the last frame t is assigned to Sλi
we so that Xt

1 is exactly
generated by the whole model λi. This condition is ignored
deliberately in previous discussion for clarity.

Although P (Xt
1, qt = Sλi

we|λi) is a forward probability [9],
which can be evaluated with the forward algorithm, we would
like to make the Viterbi approximation by replacing summation
in (9) by the maximization operation, following the convention
in the search technique of speech recognition [10]. Finally,
with (8)(9) and the Viterbi approximation, (1) becomes:

2This is a coarse-grained approximation since we have ignored myr-
iads of possibilities. For example, we have ignore the case that t is not
end time of a certain word, but it corresponds to a realization of some
phoneme (not the last phone) of this word.
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L(t) = log{δt(sλwe)}−
1

M

X
i∈[1,M+1],i6=n

log{δt(s
λi

we
)} (10)

where δt(s
λi

we) = max
∀qt−1

1

P (Xt
1, q

t−1
1 , qt = Sλi

we|λi) is the

Viterbi variable [9] at t of word end state of λi. Now it is triv-
ial to implement the FS-LRT with a traditional Viterbi-based
alignment decoder. Furthermore, the computational cost can be
reduced by effective pruning.

3.3. Setting the threshold

Instead of using a fixed threshold θ in (1), we use a frame-
dependent threshold set dynamically. The threshold for each
L(t) is chosen as:

θ∗ = max
τ

L(τ) ∀τ ∈ [t−N, t+N ] (11)

θ = θ(t) =

�
θ∗ if θ(t) > θ0
∞ else (12)

where θ0 is a predefined threshold and ∞ is the largest pos-
sible value. This setting of θ detects hypothesized end times at
local maxima within a region of 2N +1 frames. But it prevents
peaks lower than θ0 from being detected. Assume that speech
corresponds to the whole sentence ( H0 is true). It is reasonable
to expect that likelihood on the model of H0 is greater than any
of H1, formally:

P (XT
1 |λ) > P (XT

1 |λi) ∀λi ∈ Λ̄. (13)

Hence, ideally we have L(t) > 0 at the true end time of si.
Therefore, θ0 = 0.0 seems a good choice. This point will be
justified empirically in the Section 4.

4. Evaluation
4.1. Experimental setup

Although the FS-LRT is targeted for live speech, recorded
speech is used for the convenience of evaluation. Self-collected
news programs from Beijing Television Station (BTV) are
adopted. There are totally 151 news stories including 4951 sen-
tences. Reference end times are obtained as follows: firstly,
transcript of a news stories is segmented into textual sentences.
Then we manually segment the whole long audio into spoken
utterances according to the text segmentation. Finally, each seg-
ment is aligned with corresponding transcription using Viterbi
algorithm to obtain the reference end time. The sentences are
classified into three categories according to their acoustic con-
ditions, which are summarized in Table 1.

At experimental time, the transcript of each utterance is
aligned with the long audio start from the start time of this ut-
terance until a end time is detected or the speech input reaches
end of next utterance.3 The latter case is regarded as a detection
failure because the system fails to detect end time of si until the
reference end time of next utterance si+1.

The proposed FS-LRT is implemented with a Viterbi de-
coder with beam search pruning [11]. All the acoustic modeling
and feature setting also follow those of [11]. A relatively loose
beam width is used as: acoustic pruning beam=300 [11]. The
neighborhood N to estimate the frame-dependent threshold in
(12) is set empirically as 4.

3This evaluation method actually assumes that the start time is
known and correct. Although this is not consistent with Algorithm 1, it
is helpful for evaluation of end time detection procedure itself.

Table 1: Categorization of the speech for evaluation.

Subset Speakers & Acoustic Conditions # of sentences
SPEECH Announcers, clean speech 2411

BKN Announcers, background noise 1320
IVIEW Interviewers, background noise 1220
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Figure 2: Waveform and FS-LRT scores for a utterance.

4.2. Empirical Distribution of FS-LRT Scores

To get insights into FS-LRT scores, we first study their empiri-
cal distribution. A sample of FS-LRT score is shown in Fig. 2.
At the time indices where no score is plotted, the FS-LRT score
is actually negative infinity. Because there is no null hypothesis
due to the constraints in search from HMM topology or prun-
ing. It is shown that the FS-LRT score is a positive value around
the reference end time of si (t=334). It also seems that a more
positive value of L(t) provides a stronger confidence toward the
reference end time. And L(t) reaches a local maximum around
the reference end time. These observations empirically justify
the criterion proposed in (11).
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Figure 3: Estimated p.d.f. of the FS-LRT scores at the reference
end times.

We have shown L(t) is positive at a true end time t in the
ideal case in Section 3.2. The estimated probability density
function (p.d.f.) of the scores at reference end times are given
in Fig. 3 to empirically justify this. The p.d.f. is estimated us-
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Figure 4: Estimated p.d.f. of the time differences between the
reference end times and those detected by the FS-LRT.

ing the Parzen window method . It shows that L(t) > 0 almost
holds for the SPEECH subset. However, maybe due to the low
signal-noise-ratio (SNR) of certain utterances (especially those
in IVIEW set), few negative values exist. These values may
cause detection failures of corresponding true end times if the
threshold setting in (12) is used. Although these cases are not
critical in our experiments, they may cause failures the proce-
dure shown in Algorithm 1.

4.3. Time differences in reference/hypothesized end times

The following presents the results in terms of time differences
between reference end times and hypothesized ones. Detec-
tion results are divided into three categories: time differences
smaller than 1 second (Diff ≤ 1 Sec.), time differences bigger
than 1 second (Diff >1 Sec.) and detection failures (Failures).
The classification with their percentages is shown in Table 2.
It is easy to find out that the proposed method works well for
the SPEECH subset. 99.50% of the detections are within the
range of 1s. We must admit that this performance is a bit over-
optimistic when the FS-LRT is plugged to Algorithm 1. Be-
cause correct start times of utterances are used in our experi-
ments, but they are unknown in Algorithm 1. As expected, the
performance degrades as the acoustic condition gets worse. The
percentage for Failures in the IVIEW set is as high as 7.46%.
As explained above, these failures may be caused by the low
SNR of certain utterances. And they may cause fatal failures of
Algorithm 1 where FS-LRT is used. Human interventions are
needed to restart the synchronization at proper position in case
of failures when FS-LRT is used in real-world systems.

Time differences are also shown graphically in Fig. 4 in
terms of their empirically estimated p.d.f. An observation is that
almost all the detected end times fall before their reference posi-
tions. This may be caused by the setting of θ0 = 0 in (12): since
the FS-LRT score may be a positive value around the reference
end time as shown in Fig. 2, positive local maxima before the
reference end times bear chances to be detected as potential end
time. Although a bigger value θ0 can partly alleviate this prob-
lem, it may also cause more serious consequences of detection
failures as discussed above.

5. Conclusion and Future Work
In this study, we present our initial efforts in automatic syn-
chronizing spoken utterances with their transcripts (their tex-

Table 2: Categorization of detection results in time difference.
Dataset Diff ≤ 1 Sec. Diff >1 Sec. Failures

SPEECH 99.50% 0.33% 0.17%
BKN 97.50% 1.36% 1.14%

IVIEW 81.06% 11.48% 7.46%
ALL 94.4% 3.35% 2.22%

tual contents) (ASUT) when speech is a live stream. The task
of online detecting end times of spoken utterances is explored,
which is the key to ASUT. A framework of frame-synchronous
likelihood ratio test (FS-LRT) is proposed for this task. And
the formulation of FS-LRT with HMMs is detailed. The prop-
erty of the FS-LRT is studied empirically. Experiments indi-
cate that the proposed method shows satisfying performance.
In practice, human supervision on the synchronization proce-
dure is needed because detection failures are unavoidable. And
manual intervention is used to restart the synchronization at a
proper position when failure occurs. However, the proposed
algorithm has been successfully applied in a subtitling system
of live broadcast news for the hearing-disabled, in conjunction
with an automatic sign language generation system [12]. For
future work, we would like to refine the proposed algorithm
via a fine segmentation of the hypothesis spaces in FS-LRT and
normalization of the FS-LRT scores.
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