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Abstract

This paper studies the problem of im-
posing a known hierarchical structure
onto an unstructured spoken document,
aiming to help browse such archives.
We formulate our solutions within a

dynamic-programming-based alignment
framework and use minimum error-

rate training to combine a number of
global and hierarchical constraints. This
pragmatic approach is computationally
efficient. Results show that it outperforms
a baseline that ignores the hierarchical
and global features and the improvement
is consistent on transcripts with different
WERs. Directly imposing such hierar-

chical structures onto raw speech without
using transcripts yields competitive

results.
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text, i.e., the automatic speech recognition (ASR).
Research along this line has implicitly changed
the traditional speaking-for-hearing and writing-
for-reading construals: now speech canread
through its transcripts, though it was not originally
intended for this purpose, which in turn raises a
new set of problems.

The efficiency and convenience of reading spo-
ken documents are affected by at least two facts.
First, the quality of transcripts can impair brows-
ing efficiency, e.g., as shown in (Stark et al., 2000;
Munteanu et al., 2006), though if the goal is only
to browse salient excerpts, recognition errors on
the extracts can be reduced by considering the
confidence scores assigned by ASR (Zechner and
Waibel, 2000; Hori and Furui, 2003).

Even if transcription quality is not a problem,
browsing transcripts is not straightforward. When
intended to be read, written documents are al-
most always presented as more than uninterrupted
strings of text. Consider that for many writ-

Though speech has long served as a basic meth§ documents, e.g., books, indicative structures
of human communication, revisiting and brows-SUch as section/subsection headings and tables-of-
ing speech content had never been a possibili§PNtents are standard constituents created manu-
before human can record their own voice. Re@lly to help readers. Structures of this kind, how-
cent technological advances in recording, conVer are rarely aligned with spoken documents.
pressing, and distributing such archives have led In this paper, we are interested in addressing

to the consistently increasing availability of spothe second issue: adding hierarchical browsable
ken content.

structures to speech transcripts. We define a hi-
Along with this availability comes a demand forerarchical browsable structure as a set of nested

better ways to browse such archives, which is inlabelled bracketing which, when placed in text,
herently more difficult than browsing text. In re-partition the document into labeled segments. Ex-
lying on human beings’ ability to browse text, aamples include the sequence of numbered sec-
solution is therefore to reduce the speech browsion headings in this paper, or the hierarchical
ing problem to a text browsing task through techslide/bullet structure in the slides of a presenta-
nologies that can automatically convert speech tion.
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An ideal solution to this task would directly in- recordings by finding repeated acoustic patterns.
fer both the hierarchical structure and the labelblone of this work, however, has involved hierar-
from unstructured spoken documents. Howeveghical structures that exist at different levels of a
this is a very complex task, involving the analysisdocument.

of not only local but also high-level discourse over |n addition, researchers have also analyzed
large spans of transcribed speech. Specifically f@jther multimedia channels, e.g., video (Liu et al.,
spoken documents, spoken-language characterig|o2; Wang et al., 2003; Fan et al., 2006), to de-
tics as well as the lack of formality and thematiect slide transitions. Such approaches, however,
boundaries in transcripts violate many conditiongre unlikely to find semantic structures that are
that a reliable algorithm (Marcu, 2000) relies onmore detailed than slide transitions, e.g., the bullet
and therefore make the task even harder. hierarchical structures that we are interested in.

In this paper, we aim at a less ambitious but )
naturally occurring problem: imposing a knownBuilding tables-of-contents on written text A
hierarchical structure, e.g., presentation slide§0table effort going further than topic segmenta-
onto the corresponding document, e.g., presention is the work by Branavan et al. (2007), which

tion transcripts. Given an ordered, nested set GiMS at the ultimate goal of building tables-of-
topic labels, we must place the labels so as tBontents for written texts. However, the authors

correctly segment the document into appropriat@ssumed the availability pf the hierarchical struc-
units. Such an alignment would provide a usefufires and the corresponding text spans. Therefore,
tool for presentation browsing, where a user coultheir problem was restricted to generating titles for
easily navigate through a presentation by clicking2ch span. Our work here can be thought of as the
on bullets in the presentation slides. The solutioffVerse problem, in which the title of each section

to this task should also provide insights and tecHS Known, but the corresponding segments in the

niques that will be useful in the harder structureSPOken documents are unknown. Once the corre-

inference task, where hierarchies and labels afPondence is found, an existing hierarchical struc-
not given. ture along with its indicative titles is automatically

We present a dynamic-programming-basea‘nposed on the speech recordings. Moreover, this

alignment framework that considers global docuP2P" studies spoken documents instead of writ-

ment features and local hierarchical features. Thgn text. V\]{eihbelleve It 'f m?Le attrgctlve nl:) tonly
pragmatic approach is computationally efficient ecta_use orthe nf(?_cgss;y N t)ro;/vsllng tshpo en COT'
and outperforms a baseline alignment that ignoregn In"a more efticient way but aiso Ihe genera

the hierarchical structure of bullets within slides."’lb“:":“nCe of helpful browsing structures that are of-

We also explore the impact of speech recognitiogf\n ava”?jbli In written text, as we have already
errors on this task. Furthermore, we study th IScussed above.
feasibility of directly aligning a structure to raw Rhetoric analysis In general, analyzing dis-

speech, as opposed to a transcript. course structures can provide thematic skeletons
(often represented as trees) of a document as well
2 Related work as relationship between the nodes in the trees. Ex-

amples include the widely known discourse pars-
Topic/dide boundary detection The previous ing work by Marcu (2000). However, when the
work most directly related to ours is research thatask involves the understanding of high-level dis-
attempts to findflat structures of spoken docu- course, it becomes more challenging than just
ments, such as topic and slide boundaries. Fdinding local discourse conveyed on small spans of
example, the work of (Chen and Heng, 2003text; e.g., the latter is more likely to benefit from
Ruddarraju, 2006; Zhu et al., 2008) aims to findhe presence of discourse markers. Specifically
slide boundaries in the corresponding lecture trarfer spoken documents, spoken-language charac-
scripts. Malioutov et al. (2007) developed an apteristics as well as the absence of formality and
proach to detecting topic boundaries of lectur¢hematic boundaries in transcripts pose additional
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difficulty. For example, the boundaries of sentence pairs is an essential step in training ma-
tences, paragraphs, and larger text blocks like sechine translation models. In text summarization,
tions are often missing. Together with speeclhe correspondence between human-written sum-
recognition errors as well as other speech charamaries and their original texts has been identified
teristics such as speech disfluences, they will im(ding, 2002), too. In speech recognition, forced
pair the conditions on which an effective and reli-alignment is applied to align speech and tran-
able algorithm of discourse analysis is often builtscripts. In this paper, we keep the general frame-
work of alignment in solving our problem.
3 Problem formulation Our solution, however, should be flexible to
consider multiple constraints such as those con-
h _ 5 veyed in hierarchical bullet structures and global
U1, U2, -, Um, WHEre u; IS an utterance.  De- -4 gistribution. Accordingly, the model pro-
pending on the appllca_tlomz- can either stand posed in this paper depends on two orthogonal
for the au_d|o or transcript O_f the_ utterapce. Westrategies to ensure efficiency and richness of the
are also given a corre_sp_ondlng hierarchical Strucrhodel. First of all, we formulate all our solutions
tu.re. In our vyork, this is a sequence of IEECtun?Nithin a classic dynamic programming framework
slides containing a set of' sllde_ titles and buIIetsto enforce computational efficiency (section 4.1).
? ; ;{lexilb% r; bn}gqugar?lzed N ?tLee structhure On the other hand, we explore the approach to in-
(R, R, 0), w ere Is the root o t_e tree t at_ corporating hierarchical and global features into
concatenates all slides of a lecture; i.e., each sli fe alignment framework (Section 4.2). The as-

is a child of the rootit and each slide’s bullets ¢, a10 parameters are then optimized with Pow-
form a subtree. In the rest of this paper, the worg”,S algorithm (Section 4.3)

bullet means both the title of a slide (if any) and
any bullet in it. X is the set of nodes of the treeq1 A pre-order walk of bullet trees
(both terminal and non-terminals, excluding the

root i), each corresponding to a bullgtin the \o/lve for_mulate our _solut;uonsd W|t|h|n the c:tassm
slides. ¥ is the edge set. With the definitions, our ynamic-programming-based alignment frame-

task is herein to find the triplé;, ux, u;), denot- work, dynamic time V\{ar_plng (DTW)' To f[h's engl,
ing that a bulleth; starts from thekth utterance we need to sequentialize the given hierarchies,

u, and ends at théth. Constrained by the tree i.e., bullet trees. We propose to do so through a

structure, the text span corresponding to an aip_re-order walk of a bullet tree; i.e., at any step

cestor bullet contains those corresponding to 8l @ Fecursive traversal of the tree, the alignment
descendants: i.e., if a bulléf is the ancestor of model always visits the root first, followed by its

another bullet; in the tree, the acquired bound-,Ch”(_jren in a left-to-right order. This sequential-

ary triples (b, w1, 1) and (bj, wge, w) should |zat|on' actually correspc_Jnds to_ a reaso_nable as-
satisfyug, < uge andu;; > u. In implemen- sumption: words_ appearing earlier on a given slide
tation, we only need to find the starting point of £re spoken earlier by the speaker. The pre-order

bullet, i.e., a paib, uz ), since we know the tree walk is also used by (Branavan et al., 2007) to

structure in advance and therefore we know thg{educe the search space of their discriminative

the starting position of the next sibling bullet iStable-of-contents generation. Our sequentializa-

the ending boundary for the current bullet. tion 'straFegy can be intuitively thought of as re-
moving indentations that lead each bullet. As

shown in Figure 1, the right panel is a bullet array
resulting from a pre-walk of the slide in the left
Our task is to find the correspondence betwegpanel. In our baseline model, the resulted bullet
slide bullets and a speech sequence or its trapfray is directly aligned with lecture utterances.
scripts. Research on finding correspondences be-Other orders of bullet traversal could also be
tween parallel texts pervades natural languageonsidered, e.g., when speech does not strictly fol-
processing. For example, aligning bilingual senlow bullet orders. In general, one can regard our

We are given a speech sequendé

4 Our approaches
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task here as a tagging problem to allow furtheis now represented as 6 vectors of words (we do
flexibility on bullet-utterance correspondence, imot discriminate between its left and right siblings
which bullets are thought of as tags. Howeverand put these words in the same vector). Simi-
considering the fact that bullets are created to ofarity between the bullel; and an utterance; is
ganize speech and in most cases they correspocalculated by taking a weighted average over the
to the development of speech content monotonsimilarities between each of the 6 vectors and the

cally, this paper focuses on addressing the proluterance:;. A linear combination is used and the
lem in the alignment framework.

Method of ...
Demonstrate ...
Any “warm body” ...
Management, ...
Potential, ...
Potential business ...
Take detailed notes
Role
Elicit reactions to ...
Advantages/disadvantages
Get feedback early ...
You're going to have ...
System still rough, ...

Method of ...
Demonstrate system ...
Any “warm body” ...
Management, ...
Potential, ...

Potential business ...
Take detailed notes
Role

Elicit reactions to ...
Advantages/disadvantages
Get feedback early ...
You're going to have ...
System still rough, ...

Figure 1: A pre-order walk of a bullet tree.

4.2 Incorporating hierarchical and global

features

Our models should be flexible enough to consider
constraints that could be helpful, e.g., the hierarsim(w;, w;) =
chical bullet structures and global word distribu-

weights are optimized on a development set.

Global property of word distributions could be
helpful, too. A general term often has less dis-
criminative power in the alignment framework
than a word that is localized to a subsection of
the document and is related to specific subtopics.
For example, in a lecture that teaches introductory
computer science topics, aligning a general term
“computer” should receive a smaller weight than
aligning some topic-specific terms such as “au-
tomaton.” The latter word is more likely to appear
in a more narrow text span. It is not straightfor-
ward to directly calculatédf scores unless a lec-
ture is split into smaller segments in some way.
Instead, in our models, the distribution property
of a word is considered in word-level similarity
matrices with the following formula.
{ 0 ci A

1- )\ var(w;)

maxyg (var(wy)) ri=

tion. We propose to consider all these constraints Aligning different words receives no bonus,
in the phase of estimating similarity matrices. Tovhile matching the same word between bullets
this end, we use two levels of similarity matricesand utterances receives a score of 1 minus a dis-
to capture local tree constraints and global worttibution penalty, as shown in the formula above.
distributions, respectively.

First of all, information conveyed in the hierar-ance of the positions where the waig appears.
chies of bullet trees should be considered, such &svided by the maximal standard variance of word
the potentially discriminative nature between twgositions in the same lecture, the score is normal-
sibling bullets (Branavan et al., 2007) and the reized to [0,1]. This distribution penalty is weighted
lationships between ancestor and descendant bbly A, which is tuned in a development set. Again,
lets. We incorporate them in the bullet-utterance general term is expected to have a larger posi-
similarity matrices. Specifically, when estimatingtional variance.

the similarity between a bullét and an utterance

The functionvar(w; ) calculates the standard vari-

Once a word-level matrix is acquired, it is com-

uj, we consider local tree constraints based obined with the bullet-utterance level matrix dis-

where the node; is located on the slide. We do cussed above. Specifically, when measuring the
so by accounting for first and second-order tresimilarity between a word vector (one of the 6

features. Given a bullety;, we first represent it vectors) and the transcripts of an utterance, we
as multiple vectors, one for each of the following:sum up the word-level similarity scores of all

its own words, the words appearing in its parentmatching words between them, normalize the re-
bullet, grandparent, children, grandchildren, andulted score by the length of the vector and ut-
the bullets immediately adjacent b That is,b; terance, and then renormalize it to the range
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[0, 1] within the same spoken document. Theussed earlier; the rest data are used as our test
final bullet-utterance similarity matrix is incor- set.
porated into the pre-order-walk suquentialization . )
discussed above, when alignment is conducted. >-2 Evaluation metric

We evaluate our systems according to how well
4.3 Parameter optimization the segmentation implied by the inferred bullet

Powell’s algorithm (Press et al., 2007) is used t&/ignment matches that of the manually anno-
find the optimal weights for the constraints we inated gold-standard bullet alignment. Though one
corporated above, to directly minimize the objec@y consider that different bullets may be of dif-
tive function, i.e., theP, and WindowDiff scores €rent importance, in this paper we do not use
that we will discuss later. As a summary, we hav@ny heuristics to judge this and we treat all bul-
7 weights to tune: a weight for each of the fol-€tS €qually in our evaluation. We evaluate our
lowing: parent bullet, grandparent, adjacent sibSyStéms with theP; and WindowDiff metrics

lings, children, grandchildren, and the current bul{Malioutov et al., 2007; Beeferman et al., 1999;
let, plus the word distribution penalty. The val- Pevsner and Hearst, 2002). Note that for both

ues of these weights are determined on a develoP"—etriCS’ the lower a score is, the better the per-
ment set. ormance of a system is. Th@, score computes
Note that the model we propose here does ndf€ Probability of arandomly chosen pair of words
exclude the use of further features; instead, marfjfing inconsistently separated. The WindowDiff
other features, such as smoothed word similarity @ vVariant ofP; it penalizes false positives and
scores, can be easily added to this model. Wear misses equally.
are conservative on our model complexity her
in terms of number of weights need to be tuned,
for the consideration of the size of data that wé&.1 Alignment performance

can used to estimate these weights. Finally, withypje 1 presents the results on automatic tran-
all the 7 weights being determined, we apply thecripts with a 39% WER, a typical WER in realis-
standard dynamic time warping (DTW). tic and uncontrolled lecture conditions (Leeuwis
. et al., 2003; Hsu and Glass, 2006). The tran-
5 Experimental set-up scripts were generated with the SONIC toolkit
51 Data (Pellom, 2001). The acoustic model was trained
on the Wall Street Journal dictation corpus. The
We use a corpus of lectures recorded at a larggnguage model was trained on corpora obtained
research university. The correspondence betwegidm the Web through searching the words ap-

bullets and speech utterances are manually aBearing on slides as suggested by (Munteanu et
notated in a subset of this lecture corpus, whicg 2007).

contains approximately 30,000 word tokens in

Experimental results

its manual transcripts. Intuitively, this roughly Pk | WindowDiff
equals a 120-page double-spaced essay in length. UNI 0.481 0.545
The lecturer's voice was recorded with a head- TT 0.469 0.534
mounted microphone with a 16kHz sampling rate B-ALN 0.283 0.376
and 16-bit samples. Students’ comments and HG-ALN | 0.266 0.359

guestions were not recorded. The speech is split

into utterances by pauses longer than 200ms, rgable 1: TheP, and WindowDiff scores of uni-
sulting in around 4000 utterances. There are 11f8rm segmentation (UNI), TextTiling (TT), base-
slides that are composed of 921 bullets. A sulline alignment (B-ALN), and alignment with hier-
set containing around 25% consecutive slides argtchical and global information (HG-ALN).

their corresponding speech/transcripts are used as

our development set to tune the parameters dis- From Table 1, we can see that the model that
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utilizes the hierarchical structures of slides and P under different WERs
k

global distribution of words, i.e., the HG-ALN 0.32
model, reduces botl?, and WindowDiff scores —+— B-ALN
over the baseline model, B-ALN. As discussed 0.3 —H&—HG-ALN
earlier, the baseline is a re-implementation of P[L———AUDIO /D
standard dynamic time warping based only on a o
pre-order walk of the slides, while the HG-ALN o 028
model incorporates also hierarchical bullet con-
straints and global word distribution. 0.26

Table 1 also presents the performance of a g
typical topic segmentation algorithm, TextTiling 0.240 51 02 03 o2
(Hearst, 1997). Note that similar to (Malioutov et "Word error rate
al., 2007), we force the number of predicted topic ] _ _
segments to be the target number, i.e., in our task, WindowDiff under different WERs
the number of bullets. The results show that both 0.4l| — B-ALN
the P, and WindowDiff scores of TextTiling are —H&—HG-ALN
significantly higher than those of the alignment al- = —___AUDIO /]
gorithms. Our manual analysis suggests thatmany S 0.38
segments are as short as several utterances and the §
difference between two consecutive segments is = 0-36
too subtle to be captured by a lexical cohesion- |
based method such as TextTiling. For compari- 0.344

son, We also present the results of uniform seg-
mentation (UNI), which simply splits the tran-

script of each lecture evenly into segments with
same numbers of words.

0 0.1 02 03 04
Word error rate

Figure 2: The impact of different WERs on the
alignment models. The performance of an audio-

based model (AUDIO) is also presented.
Speech recognition errors within reasonable

ranges often have very small impact on many spo-

ken language processing tasks such as spoken lanent performance is sensitive to recognition er-

guage retrieval (Garofolo et al., 2000) and speeators, particularly when the WER is in the range of

summarization (Christensen et al., 2004; Maske®0%—-45%, suggesting that the problem we study

2008; Murray, 2008; Zhu, 2010). To study thehere can benefit from the improvement of current

impact of speech recognition errors on our tashSR systems in this range, e.g., the recent ad-

here, we experimented with the alignment modvance achieved in (Glass et al., 2007).

els on manual transcripts as well as on automatic _ _ _

transcripts with different WERS, including a 39%6-3 Imposing hierarchical structures onto

and a 46% WER produced by two real recogni- ~ aw speech

tion systems. To increase the spectrum of our olWe can actually impose hierarchical structures di-

servation, we also overfit our ASR models to obrectly onto raw speech, through estimating the

tain smaller WERs at the levels of 11%, 19%, andimilarity between bullets and speech. This en-

30%. ables navigation through the raw speech by using
From Figure 2, we can see that at all levels o§lides; e.g., one can hear different parts of speech

these different WERs, the HG-ALN model con-by clicking a bullet. We apply keyword spotting to

sistently outperforms the B-ALN system (the AU-solve this problem, which detects the occurrences

DIO model will be discussed below). Thg, of each bullet word in the corresponding lecture

and WindowDiff curves also show that the align-audio.

6.2 Performanceunder different WERSs
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In this paper, we use a token-passing based ahnge of WERs confirm that the improvement is
gorithm provided in the ASR toolkit SONIC (Pel- consistent, and show that both types of models
lom, 2001). Since the slides are given in advancere sensitive to speech recognition errors, partic-
we manually add into the pronunciation dictio-ularly when WER increases to 30% and above.
nary the words that appear in slides but not iMMoreover, directly imposing hierarchical struc-
the pronunciation dictionary. To estimate sim+iures onto raw speech through keyword spotting
ilarity between a word vector (discussed earlieachieves competitive performance.
in Section 4.2) and an utterance, we sum up all
keyword-spotting confidence scores assigned be-
tween them, normalize the resulted score by th
length of the vector and the duration of the utterBeeferman, D., A. Berger, and J. Lafferty. 1999.
ance, and then renormalize it to the range [0, 1] Statist_ical models for text segmentatioMachine
within the same spoken lecture. Learning 34(1-3):177-210.

We present the performance of our bullet-audi®ranavan, S., Deshpande P., and Barzilay R. 2007.
alignment model (AUDIO) in Figure 2 so that one Generating a table-of-contents: A hierarchical dis-
can compare its effectiveness with the transcrip- g?mg‘fg’s%g‘igﬁg%af%?'C'c')ﬁ)nzgﬁ'tgt‘; QZTE?}!Q“SZ?QZQ
tion based methods. The figure shows that the
performance of the AUDIO model is comparableChen, Y. and W. J. Heng. 2003. Automatic synchro-
to the baseline transcription-based model, i.e., B- Nization of speech transcript and slides in presenta-
ALN, when the WERs of the transcripts are in the gﬂg' Slcsfé?ncs' International Symposium on Circuits
range of 37%—-39%. The performance is compara-
ble to the HG-ALN model when WERSs are in theChristensen, H., B. Kolluru, Y. Gotoh, and S. Re-

range of 42%—44%. Also, this suggests that incor- N&iS- 2004. From text summarisation to style-
specific summarisation for broadcast newsPitac.

porating hierarchical and global features compen- of the 26th European Conference on Information
sates for the performance degradation of speechRetrieval pages 223-237.

o . o
recognition in this range when the WER is 4/oFan, Q., K. Barnard, A. Amir, A. Efrat, and M. Lin.

6% higher. ) 2006. Matching slides to presentation videos using
Note that we did not observe that the perfor- sift and scene background. Rroc. of ACM Inter-

mance is different when incorporating hierarchi- national Workshop on Multimedia Information Re-
cal information and global word distributions into ~ fieval, pages 239-248.

the AUDIO model, so the AUDIO results in Fig- Garofolo, J., G. Auzanne, and E. Voorhees. 2000.
ure 2 are the performance of both types of meth- The trec spoken document retrieval track: A success
ods. The current keyword Spotting Component story. InProc. of Text Retrieval Conferen,qeages
yields a high false-positive rate; e.g., it incorrectly B

reports many words that are acoustically similar tGlass, J., T. Hazen, S. Cyphers, |. Malioutov,
parts of other words that really appear in an utter- D. Huynh, and R. Barzilay. 2007. Recent progress
ance. This happened even when a high threshold " the mit spoken lecture processing projeetoc.

. o . . . . of Annual Conference of the International Speech
is set. The noise impairs the benefit of hierarchical ¢ommynication Associatiopages 2553—2556.
and distribution features.
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