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Abstract
For large archives of audio media, just as with gghives, indexing is important for allowing
quick and accurate searches. Similar to text aeshigudio archives can use text for indexing.
Generating this text requires using transcripthefspoken portions of the audio. From them, an
alignment can be made that allows users to seardpécific content and immediately view the
content at the position where the search terms smoken. Although previous research has
addressed this issue, the solutions align thedrgoats only in real-time or greater. In this paper,
the authors proposeUAoCAP. It is capable of producing accurate audio indemdaster than
real-time for archived audio and in real-time feelaudio. In most cases it takes less than one
quarter the original duration for archived audibislpaper discusses the architecture and
evaluation of the ATOCAP project as well as two of its applications.

Keywords: Audio Processing; Indexing; Multimediagtiral Language Processing; Speech
Recognition
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Fast Caption Alignment for Automatic Indexing of dia

Over the past 10 years, automatic speech recogritie become faster, more accurate,
and speaker independent. One tool that these systdynon iorced alignmentthe alignment
of text with speech. This application is especialeful in automated captioning systems for
video play out. Traditionally, forced alignmentisin application was training for automatic
speech recognition. By using the text of recogngeekech ahead of time, the Speech
Recognition System (SRS) can learn how phonemedanaxt. However, there exist other uses
for forced alignment.

Caption alignment is another application of foredignment. It is the process of finding
the exact time all words in a video are spokenraatthing them with the textual captions in a
media file. For example, closed captioning systasesaligned text transcripts of audio/video.
The result is that when the audio of the mediagl#ye text of the spoken words is displayed on
the screen at the same time. Finding such aligrsmaatually is very time consuming and
requires more than the duration of the media itself, it cannot be performed in real-time.
Automatic alignment of captions is possible usimg mew generation of SRS, which are fast and
accurate.

There are several applications that benefit froeséhaligned captions. Foremost, and
guite obviously, are captions for media. Providmogsumers of audio and video with textual
representations of the spoken parts of the mediartaay benefits. Other uses are also possible.
For example, indexing the audio portion of the raedia useful option. By aligning media with
the spoken components, users can find the examt plaere text occurs within the audio
content. This functionality makes the media sediha

The technical challenge is how to align the trapsof the spoken words with the media
itself. As stated before, manual alignment is gaesbut requires a great deal of time. A better
solution would be to find algorithms to automatigalign captions with the media. There are,
however, several challenges to overcome in ordebtain accurate caption timestamps. The
first is aligning unrecognized utterances. No mod&RS is 100% perfect, and therefore, any
system for caption alignment must deal with thispem. The second challenge is determining
what techniques to apply if the text does not dyantatch the spoken words of the media. This
problem arises if the media creators edit trangctipremove grammatical errors or other types
of extraneous words spoken during the course ofdterded media (e.g., frequent use of the
non-word “uh”). The third challenge is to align tteption efficiently. For indexing large
archives of media, time is important. Thereforg; solution should balance how much time it
takes with the greatest possible accuracy.

The work discussed in this paper is part of a ptajalled A);TOCAP. The goal of this
project is to automatically align captured speedh their transcripts while directly addressing
the questions above . UAOCAP includes of two previously available componerdadanguage
model toolkit and a speech recognitions systemcdybining these components with an
alignment algorithm and caption estimator, develloge part of this research, we are able to
achieve accurate timestamps in a timely mannem,Tiigng the longest common subsequence
algorithm and local speaking ratey20CAP can quickly and accurately align long media files
that include audio (and video) with a written tremyst that contains many edits, and therefore,
does not exactly match the spoken words in the aniddi

While other researchers have previously addressadikar problem (Hazen, 2006;
Moreno & Jeorg, 1998; Placeway & Lafferty, 1996;0Rd-Ribes & Mukhtar, 1997), they use
different techniques and do not accomplish the gastast as BToCAP can. The cited projects
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either do more work than is needed, such as asweuapproach (Moreno & Joerg, 1998), or
add more features than are needed (Hazen, 200@xdmple, correcting the transcripts. In
either case, both approaches, while very accuite, real-time or longer to align each piece of
media. And as mentioned previously, for procesknge archives of media, shorter processing
times are critical. Finally, and most importantlyese works do not address the issue of edited
transcripts.

Our research shows that#oCap can accurately and efficiently align edited traips.
AUTOCAP’s accuracy, as measured by how closely alignegpo&en words are with when the
text appears on the screen, is well within two sdswf the ground truth. This two second value
is what other research cites as the minimum levatouracy (Hazen, 2006; Moreno & Jeorg,
1998; Robert-Ribes & Mukhtar, 1997). Furthermonemiost cases, &/woCAP is well below this
two-second threshold. Also, it is capable of algncaptions in faster than real-time. That is to
say, it can align the transcripts in time no gretitan the length of the recorded audio itself. In
most cases, it produces accurate alignments irogppately 25% of real-time. This result is
possible using a system implemented in Java.

The remainder of this paper is organized as folldextion 2 provides more details
about the challenges of caption alignment. Se@idescribes the &roCap architecture and the
tools and algorithms it uses. Section 4 examine<laims about the accuracy and efficiency of
AUTOCAP. Section 5 describes in greater detail the preshjomentioned related work along with
other similar research. Finally, Section 6 providdwief summary of our findings and final
remarks about the .roCAP project.

Aligning Captions

Caption alignment is a specialized problem for m#ttic speech recognition. This
section outlines the specific problems thatrACApP addresses. It also specifies which problems
it does not address. The main functionality ofTACAP is forced alignment. As WroCAP is not
useful for automatic speech recognition training,start by describing the usual purpose of
forced alignment, then differentiate the purpos@wfoCap forced alignment, and finally, offer
details about the real application o P0CAP and how it can be used to enrich media.

The following subsections discuss the major corscapsociated with aligning audio
media and transcripts. Their purpose is to creatmamon understanding of the terms used
throughout this paper for the sake of clarity.

Forced Alignment

Usually forced alignment is associated with SR#itng. By feeding a known collection
of utterances to an SRS, it can learn to propedp otterances from audio signals to text. The
process involves first breaking the known utterarno individual phonemes and then aligning
them with recognized phonemes from the audio soMoeern SRSs uses the Viterbi algorithm
for performing these alignments.

Other applications of forced alignment also exasi] not necessarily at the same
linguistic level. For example, &roCAP aligns audio with written transcripts. For thigplem,
there is no need to match at the phoneme levaldtinthe SRS will still operate at this level),
but instead operates at the word, or even text eeglavel. Here the goal is not to train the SRS,
but rather to align an already transcribed texdrt@udio file for other purposes than SRS
training.

Media and Transcripts

While there are many reasons for alignment of maddhtranscripts, there are three

major reasons we deem important. First is accdiggilitlosed captioning has existed for many
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years. However, in today’s media rich world, capithg is a vital part of maintaining
accessibility for people of differing capabilitiéche problem is, however, that finding the time
that each utterance or transcript segment is spigkiame consuming. Automatic means of
aligning captions and media provide a more scalsdiligtion for this problem. Such techniques
are particularly important as more and more medrdent are produced.

Indexing is also a powerful tool driven by the gmogvavailability of media and the
increasingly varied ways in which it is used. Inagxallows media consumers to search for the
exact content that interests them. Since most cumeexing technologies require some form of
text to associate with the media, alignment of &&xd audio media is a powerful means of
indexing audio media. Other characteristics of rmeday be used in the future, but the textual
content of media will always maintain a basic lesimportance for quickly searching media.

Finally, internationalization is also a major comcas the global economy continues to
expand and evolve. By aligning textual transcnpith media, content providers not only
provide caption and indexing capabilities in thévelanguage of the media, but can also
provide translations for multiple languages. Thided benefit provides access to a larger
audience of consumers for media content.

Edited Transcripts

For the set of media and transcripts on which weeteAJTOCAP, we used edited
transcripts. These were transcripts professiomlited by experts with domain-specific
knowledge in the fields addressed by the media.

Aligning edited transcripts with media has its owmque set of problems. First, unlike
the work by Hazen (2006), the transcripts were ictemed correct and no additional editing was
necessary. However, because the transcripts wéesl gthey often did not match verbatim what
was said in the audio media. This fact imposedpvadlems for the normal forced alignment
problem. First, not every word spoken in the awdis reflected in the transcript. Mistakes by
the speaker, such as stuttering or using fillerwonds such as “um”, were removed from the
transcript. Second, not every word in the transerigs necessarily spoken in the audio. For
example, if the speaker used the wrong word, titectranscript instead included the correct
phrasing. For these two reasons, aligning the twdianat a lower linguistic level is not only a
much harder problem but also unnecessary.

Aligning Edited Transcripts with Media

The application for which BToCAP is intended is very specific. When content prodsice
wish to take edited transcripts and align them &iidio or video content, .)woCAP can
accomplish this task not only accurately, but stéathan real-time. Also, because/®Cap
allows for edited transcripts, the basic problemeduced to edit distance, and therefore the
longest common subsequence algorithm is useddn ailidio and text. The following two
sections discuss howuAoCAP accomplishes this task and describes hawdCap is able to
perform it accurately.

AUTOCAP

AuTOCAP employs five processing steps that are necessatygn a transcript with its
audio. First, the audio file, sometimes as pa# ofedia file that includes video, must be
transcoded into a Sphinx compatible codec. Se@fahguage model is built using the
Carnegie-Mellon University Cambridge Statisticahgaage Modeling Language toolkit (CMU-
CAM). Third, both the audio and language modelthem used as input to the Sphinx SRS. The
SRS produces a list of utterances. FourthtdCap aligns these recognized utterances with the
transcript and, where unable to use exact timestaagtimates the timestamp instead. Finally, a
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Figure 1. AuToCAP System Architecture
transcript file is produced that contains all tbgreents used for captioning and the necessary
timestamps to synchronize with the audio/video medi
AUTOCAP is not simply a software program, but rather sbtiware system integrated
with a Java program that performs alignment. Thpp@se of this section is to describe the entire
AUTOCAP system as well as the software itself and how th&yact to accomplish caption
alignment and audio indexing. Upon reading thigisec¢he reader should expect to have a good
understanding of how ¥roCap accomplishes this task. Figure 1 illustrates fthe
components that make up the®CAP architecture.
Architecture
The architecture of BToCAP is composed of two levels: the system and theveoét
levels. The system level represents the colleaifdools, both previously available and those
developed as part of this effort, used to perfdietask of caption alignment. Figure 1 outlines
this level and illustrates the flow of media thrbuge system. The media starts as a file and a
transcript file. Once all processing is completeuitputs the same transcript used as input, with
time codes for each transcript segment. The soft\esel represents the actual programming
code written as part of this research project leyahthors. Its entire contents are original to the
project. Figure 2 outlines this level and illustsathe flow of media through it. Figure 2 is an
expanded view of the &woCapP element shown in the middle of Figure 1. Thewafe takes as
its input both the original transcript and the augortion of the original media file. The
transcript is normalized to remove capitalizationdlignment later in the process, and the SRS
to retrieve as many recognizable utterances assisifpie from the audio portion of the original
media. As in the system level, the output of thigel is the time coded transcript file. The rest
of this section describes the various processeas lms@UTOCAP to align transcripts and audio
media.
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Media Transcoding
Before alignment can begin, the media must be atedé¢o an appropriate format.

Furthermore, if the media includes videos, the B@ech APl (JSAPI) (Sun Microsystems,
2009) requires that the video be stripped fronntieelia. Once the video is removed, the audio
must be encapsulated in a header readable by J8ARlappropriate sampling rate and in a
suitable codec. To accomplish this task, AutoCags W8Player (The MPlayer Project, 2008).
This general-purpose media player can transcoddeanange of audio and video formats as
well as change frame rates and sampling ratesgulis freely available open source tool, we
found that we were able to convert just about aedimnfile to suit the requirements of the

JSAPI.

Untime Coded
Captions
- Caption :
XML Reader > ,p » XML Writer
Transcript Aligner Timed Captions
Segments
A A l
Time Coded
Utterances W Captions
: Caption
Sphin :
— Estimator
Audio File

Figure 2. A)ITOCAP Software Architecture

Building the Language Model

In order to decrease the word error rate of autmensaeech recognition, it is first
necessary to create a language model. Since ifeel éidnscript file contains the exact language
model of the media, &roCAP uses it instead of a larger, static language matielhave
observed a reduction in the Word Error Rate (WER)he order of 25% to 40% by using the
transcript to build the language model. For thigopge, A)ITOCAP uses the CMU-CAM
Statistical Language Modeling Toolkit (Clarkson &s$enfeld, 1997).

First, the text is stripped from the transcriptnaving all XML tags. Then the raw text is
fed into a pipeline of tools that create a languagelel for use with automatic speech
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recognition. The language model is saved in theaded Research Project Agency (ARPA) file
format.
Recognizing Speech

Once the media is extracted, transcoded, and tigeidge model is built, the SRS takes
caption and media files to begin the process ghalg the captions. The SRS provides two
pieces of information necessary for alignment.tFitsecognizes as many utterances as it can.
Second, it provides timestamps for each of the woedognized in each utterance. Each
utterance is made up of consecutive recognizedsvamd is retained for alignment during the
next stage of processing.

AUTOCAP uses the Sphinx SRS (Huang & Hon, 1992) from Gaeaslellon University.
This SRS was selected for several important readdost importantly, Sphinx is open source
and provides an intuitive API. Second, becauseiinplemented in Java, it runs on multiple
platforms with no modification. Finally, Sphinxasspeaker-independent SRS. Because the
corpus of media we acquired for testing pre-exist@ihing the SRS would have been
impossible. Furthermore the speaker independemteréeallows for multiple speakers during a
media presentation.

The result of this phase is a collection of utteemn This collection represents a set of
anchor points for the alignment phase to match thi¢htranscript during the next phase.

Aligning Speech

The process of aligning utterances with the traptcrs actually a longest common
subsequence problem. The application of this algori however, cannot begin until the entire
media file has been processed. Using the classiardic programming algorithm,uAoCapr
aligns as many words from the transcript as itwhite using a minimum burst size. This burst
size prevents misalignments, which is especiallsgie in small utterances of function words,
or other common short utterances.

Once the alignment is complete, timings are catedlfor each of the segments provided
in the transcript. At this point, one of two posiiies occurs. If the first word of the segment
was part of a recognized utterance, an exact tangsfor that segment is already available. If,
however, the first word is not recognized, an estiom of when the time first word of the
segment was spoken must be provided. Providingtmation of any unrecognized segment
start, based on the local speaking rate, is theajdhe next phase of the architecture.

Estimating Captions

At this point in the process,,A0CAP has recognized as many words as it can and
matched those recognized words with the transdffthin the words, AToCAP has indentified
“islands” (Huang & Hon, 1992) of recognized wordighaanchor points at the edges of
recognized and unrecognized bursts of words. Ibdganning of transcript segments (captions)
is within these islands, no more work is requirBde timestamp for the word returned by the
SRS is used as the timestamp of the caption. Weler, the beginning of the segment is not
within an island, then other techniques are necg$sdind that timestamp. While Moreno
(1998) used a recursive approach to recognize aradanore utterancesUAOCAP uses an
estimation scheme that results in similar accueay/less processing time. Rather than spending
more time attempting to do more recognition, itsuseo adjacent anchor points and the speaking
rate between the two corresponding islands to estitne timestamp of the first word of a
caption.

The estimation technique used iDTOCAP is simple and uses local speaking rate to
make estimations. To calculate the estimationadion, A)TOCAP counts the number of
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words between two adjacent anchor points and fiferelnce between their corresponding
timestamps. From these two values, a local speakitegs computed in terms of words per
second. Next, it finds the distance from the ndamshor point to the beginning of the caption.
This distance is then multiplied by the speakirtg emd added to the closest anchor timestamp
to estimate the actual time the first word of aticapis spoken. The formula for this calculation
is then:
DAnchori (TAnchori - TAnchori+1 ) /(AnChohl - AnChOD + TA
Outputting Captions

Once all alignments are made, the timestamps asglsalong with the segmented
transcripts, producing a caption file. For thedilesed in developing and testing®CaPp, the
original transcript and that produced by®CaApP were the same, except for the timestamps,
missing from the original. Other applications a§f ®CAP need not follow this same pattern.

The resulting caption files are then used to predumore media rich experience. Figure
3 shows an example of this richer experience. Mot is the video and audio displayed, but
captions are as well.

nChorcIosest

But we've been able to apply them
iwith a vengeance because Toyota
had thought through so well some
of the concepts of Lean
production. This is a fairly
standard representation of the
Toyota Production System.

I =
Figure 3. Example of using caption files to enleatie richness of a media experience.

Evaluation
Using forced alignment for the purpose of align@agtions is not only possible but also
efficient. The following analysis shows that 20CAP is capable of accurately aligning captions
using open source technology. FurthermorgT@CAP achieves this alignment using currently
available computing hardware in less than real-tirneally, the transcripts used for the captions
need not match word for word with the audio spoikethe media.
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Establishing these claims takes several stepg.thissdocument discusses the
methodology and equipment used in conducting abusfexperiments. Next, it examines the
makeup of the experiments themselves and desadblesting all the data used in this analysis.
Finally, a discussion of the results and findinfghe experiments shows that forced alignment
for the purposes of automatic captions is possibleg open source tools on commodity PCs.

Methodology

In analyzing the effectiveness obRAOCAP, a single computer with the following
configuration executed all of our experiments:Irgel Core 2 Quad Q6600 running at 2.40 GHz
with 2 GB of RAM and using the Fedora Core 8 Limistribution with kernel version 2.6.23.1-
42.fc8. The operating system ran in a typical gunfation with X-windows and daemons for
SSH and other system functions.

In addition to the hardware and operating systeat,0£AP and other aspects of the
experiments used the following software applicatiand libraries: ATOCAP builds with and
runs on the standard Java HotSpot Server Virtuahife build 1.5.0_15-b04 (Sun
Microsystems, 2009) and uses the Sphinx4 betasele® (Carnegie Mellon University, 2004)
for its speech recognition engine. For media prsiogs two utilities were necessary. For
language model creationuAoCAP used the CMU-Cambridge Statistical Language Modeli
toolkit version 2 (Clarkson, 1999) from Carnegielldie University. We used this toolkit
because it produces language models in the ARRAdband are directly usable by Sphinx. To
extract audio and transcode it for use with Javapaiible codecs, all experiments used MPlayer
version dev-SVN-r26936-4.1.2.

These experiments used all videos from a colleaid?t involving a single speaker with
good audio quality. In total, these videos repre4&2 minutes of audio, 673 captions and
26,049 words. Altogether, our system spent apprateiy 501 minutes conducting all of the
experiments, excluding the time to transcode anld$languages models.

The source of these videos is a manufacturing dtamgy and the content is very domain
specific. Experts with the proper domain knowleddéed the produced transcript, which are
therefore considered to be completely accurate nggpect to their language usage. The experts
also created timestamps for the captions manudlg.used these manually determined
timestamps as the ground truth to compare agaimsiwwomatically generated timestamps to
judge the accuracy of our system. The manualleggad timestamps given with the captions,
are, however, naturally prone to error. We dis@arss$ quantify this error in the results section.

Experiments

Execution of these experiments involved transcodiagh video, creating an appropriate
language model for each and then using the SpHR&t8 align the transcripts. The alignment
phase took the bulk of processing time. This pgeaecurred nine times for varying values of
the Absolute Beam Width (ABW) parameter used byii3phrhe ABW directly affects both the
amount of work done by the SRS and the accuraepgiecognition. As we discuss this
parameter we are using it as a means of gaugintnleerequired to perform the speech
recognition phase of the caption alignment andximdeprocess. We further describe this
parameter to give the reader a better idea of haffdcts processing time.

As the recognition progresses, the number of ples¥iiberbi paths increases. Each of
these paths represents potential matches for igydartutterance. As the number of paths
increases, however, so too does the amount of nyeamok work required to perform the match.
By limiting the number of paths, the SRS can mareldy find possible text matches for the
audio. As a consequence of this pruning actionreaematch may be pruned, negatively
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impacting the accuracy of the SRS. The goal, tiseto, find a balance between accuracy and the
required time for processing. In order to identtig proper balance, the experiments used the
following ABW values: 100, 250, 500, 750, 1000, @23000, and 3000. As the ABW increases,
the number of Viterbi paths also increases andetbee, the amount of processing time also
increases, while the WER decreases. The resulisisetiscusses the degree to which these
parameters are related. For each experiment wel $hgecaption file, statistics about the
resources used, and the accuracy of the experiment.

Results

To discuss the accuracy of the alignments foundbyoCapP, we require a ground truth.
Fortunately, the videos provided to us alreadyudet manual caption times. The problem then
is how accurate the manual captions are if theyabe used as ground truth.

The media files provided to us contained a videodnd a caption file with pre-
segmented caption text with timestamps for eack.cHallenge, then, is to determine the
accuracy of each timestamp, specifically, when eagiment actually begins. Human
determination of these times is precisely the mohlso having another human measure this
metric simply adds another source of error. Instegdused for this study the timestamps from
the first word of a caption segment, if recognibgdhe SRS. These timestamps are accurate to
the tenths of seconds, but rounded to the nea¥eshd because the manual timestamps are only
accurate to the nearest second. Therefore, tondiegethe overall accuracy of the manually
determined timestamps within the ground truth, esmgared all ground truth timestamps to
those of the recognized segment starts. The captror is the absolute value of the distance of
the manual timestamps from the actual timestampletesmined by the SRS. Table 1 shows the
findings of this phase of the analysis.

Table 1. Results of measuring the accuracy ofrgtdruth.

Total Caption Segments 673
Recognized Caption Segments 408
Percentage of Caption Segments Recognized 60.6%
Total Caption Error in Ground Truth 149 s
Average Caption Error per Caption Segment 04s

The results from Table 1 show that, overall, thenn@ caption timestamps are within
0.4s of the correct time. For future discussioncae say that our system is at least as accurate
as manual timestamps if they are within the samgaaAs our later results show, not all
alignments achieved this accuracy. However, thagaaatically generated timestamps led to
errors with which people were comfortable. In aéity, people are able to tolerate even longer
errors. While we have not found any usability stsdhat directly address this issue, we believe
that caption time stamps within 2 seconds of theadd¢ext being spoken is more than accurate
enough.

With regard to the actual accuracy of AutoCap, Fegtiillustrates the results of the
experiments performed. The objectives of the evmnavere threefold. First, our goal was to
show that AutoCap exhibited tolerable error rateschption alignments. Second, accurate
alignments should be obtainable in less than read-tThird, more processing (i.e., higher ABW
values) should reduce error rates, but only toiatpbeyond which, increased accuracy is
minimal and unnecessary. Further discussion oktbegectives and the corresponding results
follows.
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The graph in Figure 4 explores the relationshipveenh the WER and the ABW. Along
the X-axis are the varying ABW values, from 0 t®30The Y-axis records the corresponding
WER values and can vary from 0.0 to 1.0. Each symdmresents a different media file. As
there are 26 different media files, a completeidistot given. As the ABW increases, the WER
decreases. Put another way, as the number of poss$ibrances tracked increases (and thereby
the amount of work for the SRS), the less likely 8RS is to make a mistake. As the SRS makes
fewer and fewer mistakes, there should be a casreBpg drop in the caption error. Figure 5
verifies this prediction.

Figure 5 is similar to Figure 4. Along the X-axie dahe ABW values. Along the Y-axis is
the Average Caption Error. We define the averagéi@aerror as the absolute value of the
timestamp for each caption as found byrACAP minus the timestamp from the ground truth.
For clarity, a caption timestamp is for the begnmgnof a caption segment, not for each individual
word. For this graph, the average per media file eadculated and recorded. The results confirm
our predictions. As the ABW is increased, thera corresponding drop in the average caption
error rate.

The question still remains, though; about how mmncine processing can be done in
order to further decrease the caption error. Fggérand 7 address this question. Figure 6 shows
the relationship between the word error rate aeptiocessing time required to align captions.
The X-axis records the ratio of processing timentxlia length time. We use this measure as a
means of normalizing the metric over all the mdiigs. The Y-axis records the WER. The
individual points also indicate the ABW values us&de graph is similar to the graph from
Figure 6, and similar conclusions can be drawn fitotdowever, there are other trends
observable in the graph.
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First, the obvious trend that can be inferred fiféigure 6 is that more processing time
means lower WER. Second, as the ABW is increakedvdriance in the processing ratio also
increases. This observation is clear as the chisfemedia processed with the same ABW value
become more spread out as the ratio tends towarldnally, the returns on extra processing
time also diminish as more processing time is dgditto each media file. The main idea behind
this graph is that obtaining a WER suitable fortmapalignment with AutoCap requires less that
real-time. Other systems we have looked at requredter than real-time to align captions.

Lastly, Figure 7 gives more insight into the dirsiming return of longer and longer
processing times. This graph displays the changeenage caption error with changes in the
WER. The X-axis records the average caption emdrthe Y-axis records the WER. While the
WER varies from 0.0 to 1.0, the average captioareqaries from less than 1.0s to 2.5s. What is
observable in this graph is that, as the WER dseea0 too does the average caption error,
however, by smaller and smaller amounts. At théolbobf the graph around the point (0.5, 0.2),
the results start to bunch up and there is no thatde difference in effectiveness, even with
more processing time. This behavior is especiallg for ABW values above 1000. A
reasonable conclusion is that while more procedsimg would result in slightly better caption
timings, it is not enough to justify further incess in processing time.

Next, we address the question of how much accusacgeded. As previously stated, for
a good experience from a usability standpointctiqgions need only be within two seconds of
the ground truth. Therefore, the question is: Inawch processing is required to achieve the
necessary accuracy? The graphs in Figures 8-1&sslthis question. All four figures represent
the histograms of caption errors across all testedia. We varied the ABW to determine an
optimal ABW value, and therefore better estimageamount of time needed to process each
media file.

Figure 8 shows the histogram for an ABW value d.MVhile the amount of processing
required for this setting is about 10% of the léngtt the original media, the overall distribution
of caption errors is not ideal. Caption error fusttest ranged from 5 seconds too early to 10
seconds too late. Overall, the number of captiotis &rors less than or equal to two seconds
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(the agreed upon threshold) is 83% of the totalicap. To achieve more accurate captions, the
SRS needs to do more work to increase its ovetallracy, and therefore, generate more
captions within the acceptable range.
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Here we see that the distribution is closer totéinget. First, the number of caption errors
within two seconds represents 99.7% of all theioaptaligned. Only two captions of the 673
had a caption error greater than two seconds, armdption errors were greater than four
seconds. Also, the number of caption errors lems tin equal to one second represents 94% of
all captions.

The question still remains, however, of whetherarmocessing leads to even better
accuracy. Figures 10 and 11 directly addresgjinestion. For these two histograms, the ABW
values were 2000 and 3000, respectively. These ABNes represent approximately 2 to 3
times more processing than an ABW value of 100@, Wkat we see is that they do not yield
any more accuracy than with an ABW value of 10Gf.dach, the number of captions aligned to
within the two-second threshold is also 99.7%. &fae, nothing is really gained, in terms of
accuracy, by increasing the processing times loy2times. The ABW value of 1000 seems
ideal since it requires less than real-time (apmpnately 25% of the actual media length) to
process and still maintains a high accuracy level.
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Table 2 lists all the accuracy results from eactheftest runs. The interesting finding is

that for this set of media, the ABW value of 108&lightly more accurate than for higher ABW
values. This anomaly is due either to the inacguodi¢he ground truth (because of human
error), or the fact that there may exist more inectrViterbi paths with higher scores than for the
actual spoken words. Either way, the differenaseigligible and unlikely to occur in other
collections of media.

Table 2. Processing time and resultant error rates

ABW | % Time Error>1s| Error>2$ %Ermets | % Errox2s

100 ~5 215 121 68 82
500 ~13 50 3 93 99.6
1000 ~25 38 2 95 99.7
1250 ~33 34 1 95 99.9
1500 ~40 35 2 95 99.7
2000 ~50 33 3 95 99.6
3000 ~80 34 3 95 99.6

Related Work

We have found six projects similar in nature anidtsjo AuTOCAP. First, Moreno

suggests a similar technique for transcript alignini®oreno & Joerg, 1998). However, this
work uses recursion to re-process portions unrazedrby automatic speech recognition, and
using a more constrained speech domain, recogaideast part of the unrecognized portions.
The recursion process ends once no more wordeeogmized for all of the unrecognized
portions. While this work represents a similar goabur efforts, it does more work than is
necessary for our goals. Aligning pre-segmentatstiapts does not require that all words be
recognized, just those at the beginning of a seggnr@inthermore, our technique gives similar
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accuracy scores, with in 1 or 2 seconds of theahtie actual time, but with less work overall as
ours runs in at most real-time, and usually less.

Second, Hazen (2006) suggest techniques similaut@CaP, but adds correction to the
technique. Under this system, it corrects the givanscripts based on processing done by the
SRS. Our work specifically deals with edited traips from domain experts, and the transcript,
therefore, represents the correct textual repratientof the spoken words. Therefore, there
exists no need for transcript editing. Adding tieiature to ATOCAP would unnecessarily
increase processing time and would not lead to raocerate captioning information.

Third, Placeway and Lafferty (1996) use imperfeahscripts, generated in real-time for
the purpose of closed captioning, to improve wardreates. The goal of this research,
however, is to improve speech recognition, andmalign transcripts and audio for the
purposes of captioning. Also, recent advances irgrecognition without the necessity of the
suggested techniques.

Fourth, Robert-Ribes and Mukhtar (1997) also disessvork that has a similar overall
objective to ours. The goal of their project idhgerlink text to audio recordings. The key here
is to find the exact times that the first word dfanscript segment is spoken. Our work similarly
finds the beginning of segments, but in a veryedéht way. The major difference between this
work and ours is that we use the transcripts themsé¢o improve recognition. Our system also
has the goal of completing a video in real-timéess. Robert-Ribes and Mukhtar ignore the
need for real-time processing, which makes prongsany large corpus of material overly time
consuming.

Finally, two projects use a technique similar tosoior aligning the captions with the
audio. Both of the works by Martone et al. (200dd &luang (2003) use automatic speech
recognition and the longest common subsequencédi@ss the alignment problem. Huang uses
a slightly different technique: using closed captf€C) timings to eliminate certain path in their
dynamic programming approach. While this techniagse works without CC, it loses some
accuracy. Martone’s work is very similar to oursisfwork, however, does not provided much
in the way of analysis of the accuracy of the tégha. Both projects also do not address the
problem of edited transcripts and how they impactisacy. Nor do they use the transcripts they
do have to build language models to increase tharacy of speech recognition.

Conclusions

In this paper we have described and evaluatetb&ap. We have shown thatiAoCapP
is capable of accurately and efficiently aligniregptons with all sorts of media. Furthermore,
with a proper ABW setting that takes into accousthlspeed and accuracyyPO0CAP can do so
in less than real-time and within a tolerable amairerror. And while other projects have
similar goals, they do so with more processing ikarecessary. While the other works used
disparate corpora, making direct comparison imgssnone had the stated goal or conclusion
of doing caption alignment in real-time. Also, tledated work does not address the issue of
edited transcripts. Instead, these other projegie exact transcriptions of the exact words
spoken. Using a tool such agPoCAP can lead to more and easier integration of mesliaedl
as better and faster indexing of more media ty{gesg similar techniques as described in this
work, researchers and owners of large corpora diarean efficiently and accurately
incorporate media into their productions and malesrt searchable.
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