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Abstract

Quickly converting speech to text allows deaf and hard
of hearing people to interactively follow along with live
speech. Doing so reliably requires a combination of percep-
tion, understanding, and speed that neither humans nor
machines possess alone. In this article, we discuss how our
Scribe system combines human labor and machine intel-
ligence in real time to reliably convert speech to text with
less than 4s latency. To achieve this speed while maintain-
ing high accuracy, Scribe integrates automated assistance in
two ways. First, its user interface directs workers to different
portions of the audio stream, slows down the portion they
are asked to type, and adaptively determines segment length
based on typing speed. Second, it automatically merges the
partial input of multiple workers into a single transcript
using a custom version of multiple-sequence alignment.
Scribe illustrates the broad potential for deeply interleaving
human labor and machine intelligence to provide intelligent
interactive services that neither can currently achieve alone.

1. INTRODUCTION AND BACKGROUND
Real-time captioning converts speech to text in under 5s to pro-
vide access to live speech content for deaf and hard of hearing
(DHH) people in classrooms, meetings, casual conversation,
and other events. Current options are severely limited because
they either require highly-skilled professional captionists
whose services are expensive and not available on demand,
or use automatic speech recognition (ASR) which produces
unacceptable error rates in many real-world situations.'* We
present an approach that leverages groups of non-expert cap-
tionists (people who can hear and type, but are not specially
trained stenographers) to collectively caption speech in real-
time, and explore this new approach via Scribe, our end-to-
end system allowing on-demand real-time captioning for live
events." Scribe integrates human and machine intelligence in
real time to reliably caption speech at natural speaking rates.
The Word Health Organization (WHO) estimates that
around 5% of the world population, that is, 360 million peo-
ple, have disabling hearing loss.?* They struggle to under-
stand speech and benefit from visual input. Some combine
lip-reading with listening, while others primarily watch
visual translations of aural information, such as sign lan-
guage interpreters or real-time typists. While visual access
to spoken material can be achieved through sign language
interpreters, many DHH people do not know sign language.
This is particularly true of the large (and increasing) number

of DHH people who lost their hearing later in life, which
includes one third of people over 65.'2 Captioning may also
be preferred by some to sign language interpreting for tech-
nical domains because it does not involve translating from
the spoken language to the sign language, but rather trans-
literating an aural representation to a written one. Finally,
like captionists, sign language interpreters are also expen-
sive and difficult to schedule.

People learn to listen and speak at a natural rate of 120-180
words per minute (WPM)."” They acquire this skill effortlessly
without direct instruction while growing up or being immersed
in daily linguistic interaction, unlike text generation, which is
a trained skill that averages 60-80 WPM for both handwriting®
and typing.** Professional captionists (stenographers) can keep
up with most speakers and provide captions that are accurate
(95%+) and real-time (within a few seconds). But they are not
on-demand (need to be pre-booked for at least an hour), and
are expensive ($120-200 per hour).*® As a result, professionals
usually cannot provide access for last minute lectures or other
events, or for unpredictable and ephemeral learning opportu-
nities, such as conversations with peers after class.

Automatic speech recognition (ASR) is inexpensive and
available on-demand, but its low accuracy in many real set-
tings makes it unusable. For example, ASR accuracy drops
below 50% when it is not trained on the speaker, caption-
ing multiple speakers, and/or when not using a high-quality
microphone located close to the speaker.* ® Both ASR and
the software used to assist real-time captionists often make
errors that can change the meaning of the original speech.
As DHH people use context to compensate for errors, they
often have trouble following the speaker.®

Our approach is to combine the efforts of multiple non-
expert captionists. Because these non-expert captionists can
be drawn from more diverse labor pools than professional
captionists, they are more affordable and more easily avail-
able on demand. Recent work has shown, for instance, that
workers on Mechanical Turk can be recruited within a few sec-
onds,">! and engaged in continuous tasks.?!?* %28 Recruiting

Sign languages, such as American Sign Language (ASL) are not simply codes
for an aural language, but rather entirely different languages with their own
vocabulary, grammar, and syntax.

The original version of this paper is entitled “Real-Time
Captioning by Groups of Non-Experts” and was published
in (UIST, 10/2012, ACM.)
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from a broader pool allows workers to be selectively chosen
for their expertise not in captioning but in the technical
areas covered in a lecture. While professional stenographers
are able to type faster and more accurately than most crowd
workers, they are not necessarily experts in the field they are
captioning, which can lead to mistakes that distort the mean-
ing of transcripts of technical talks.*® Scribe allows student
workers to serve as non-expert captionists for $8-12 per hour
(a typical work-study pay rate). Therefore, we could hire sev-
eral students for much less than the cost of one professional
captionist.

Scribe makes it possible for non-experts to collabora-
tively caption speech in real time by providing automated
assistance in two ways. First, it assists captionists by mak-
ing the task easier for each individual. It directs each
worker to type only part of the stream audio, it slows down
the portion they are asked to type so they can more easily
keep up, and it adaptively determines the segment length
based on each individual’s typing speed. Second, it solves
the coordination problem for workers by automatically
merging the partial input of multiple workers into a single
transcript using a custom version of multiple-sequence
alignment.

Because captions are dynamic, readers spend far more
mental effort reading real-time captions compared to
static text. Also, regardless of method, captions require
users to absorb information that is otherwise consumed
via two senses (vision and hearing) via only one (vision).
In classroom settings, this can be particularly common,
with content appearing on the board and being refer-
enced in speech. The effort required to track both the
captions and the material they pertain to simultaneously
is one possible reason why deaf students often lag behind
their hearing peers, even with the best accomodations.*®
To address these issues, we also explore how captions
can be best presented to users,'® and show that control-
ling bookmarks in caption playback can even increase
comprehension.*

This paper outlines the following contributions:

« Scribe, an end-to-end system that has advantages over
current state-of-the-art solutions in terms of availabil-
ity, cost, and accuracy.

« Evidence that non-experts can collectively cover speech
at rates similar to or above that of a professional.

+ Methods for quickly merging multiple partial captions
to create a single, accurate stream of final results.

+ Evidence that Scribe can produce transcripts that both
cover more of the input signal and are more accurate
than either ASR or any single constituent worker.

» The idea of automatically combining the real-time
efforts of dynamic groups of workers to outperform
individuals on human performance tasks.

2. CURRENT APPROACHES
We first overview current approaches for real-time caption-
ing, introduce our data set, and define the evaluation met-
rics used in this paper. Methods for producing real-time cap-
tioning services come in three main varieties:
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Computer-Aided Real-time Transcription (CART): CART
is the most reliable real-time captioning service, but is
also the most expensive. Trained stenographers type in
shorthand on a “steno” keyboard that maps multiple key
presses to phonemes that are expanded to verbatim text.
Stenography requires 2-3 years of training to consistently
keep up with natural speaking rates that average 141 WPM
and can reach 231 WPM."

Non-Verbatim Captioning: In response to the cost of
CART, computer-based macro expansion services like
C-Printwere introduced.* C-Print captionists need less train-
ing, and generally charge around $60 an hour. However, they
normally cannot type as fast as the average speaker’s pace,
and cannot produce a verbatim transcript. Scribe employs
captionists with no training and compensates for slower
typing speeds and lower accuracy by combining the efforts
of multiple parallel captionists.

Automated Speech Recognition: ASR works well in ideal
situations with high-quality audio equipment, but degrades
quickly in real-world settings. ASR is has difficulty recogniz-
ing domain-specific jargon, and adapts poorly to changes,
such as when the speaker has a cold.® ASR systems can
require substantial computing power and special audio
equipment to work well, which lowers availability. In our
experiments, we used Dragon Naturally Speaking 11.5 for
Windows.

Re-speaking: In settings where trained typists are not
common (such as in the U.K.), alternatives have arisen. In
re-speaking, a person listens to the speech and enunci-
ates clearly into a high-quality microphone, often in a spe-
cial environment, so that ASR can produce captions with
high accuracy. This approach is generally accurate, but
cannot produce punctuation, and has considerable delay.
Additionally, re-speaking still requires extensive training,
since simultaneous speaking and listening is challenging.

3. LEGION: SCRIBE

Scribe gives users on-demand access to real-time caption-
ing from groups of non-experts via their laptop or mobile
devices (Figure 1). When a user starts Scribe, it immediately
begins recruiting workers to the task from Mechanical Turk,
or a pool of volunteer workers, using LegionTools.'»2* When
users want to begin captioning audio, they press the start
button, which forwards audio to Flash Media Server (FMS)
and signals the Scribe server to begin captioning.

Workers are presented with a text input interface
designed to encourage real-time answers and increase
global coverage (Figure 2). A display shows workers their
rewards for contributing in the form of both money and
points. In our experiments, we paid workers $0.005 for
every word the system thought was correct. As workers type,
their input is forwarded to an input combiner on the Scribe
server. The input combiner is modular to accommodate dif-
ferent implementations without needing to modify Scribe.
The combiner and interface are discussed in more detail
later in this article.

The user interface for Scribe presents streaming text
within a collaborative editing framework (see Figure 3).
Scribe’s interface masks the staggered and delayed format
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Figure 1: Scribe allows users to caption audio on their mobile device. The audio is sent to multiple amateur captionists who use Scribe’s Web-based
interface to caption as much of the audio as they can in real-time. These partial captions are sent to our server to be merged into a final output stream,
which is then forwarded back to the user’s mobile device. Crowd workers are optionally recruited to edit the captions after they have been merged.

Scribe

System overview

server

—»
/v
> M —» we have a crystal
Flash media M —> have a crystal that has
[ ]
[ ]

i e
1 |a€ 7' |
W
Speech source

we have a crystal that has a two-fold axis...

Merging
has a two-fold axis server
_—»
P Merged
Crowd corrections captions

Output
we have a crystal that has a two-fold axis

Figure 2: The original worker interface encourages captionists

to type quickly by locking in words soon after they are typed. To
encourage coverage of specific segments, visual and audio cues are
presented, the volume is reduced during off periods, and rewards
are increased during these periods.

© O O /3 audio Transcription ¢
€ 5 C |® scribe/rcoverage=fixed ol X

type the words that you hear as quickly as possible You have eamed ~§0.536
type complete phrases then press ENTER 27663
+800  +400+400 +400 +400 +400+400 —

the rotattion confirms its orienntation

[so suppose we have a cryst| |

double points for what you hear now

Figure 3: The Web-based interface that shows users the live caption
stream returned by Scribe.

() Scribe Transcription

€ C|a Q
chloride because it would
dissolve. The composition is

important and atomic
arrangement is equallyl a

factor —as well | integrally

60.11_Walter.indd 3

of real-time captions with a more natural flow that mimics
writing. In doing this, the interface presents the merged
inputs from the crowd workers via a dynamically updating
Web page, and allows users to focus on reading, instead of
tracking changes. We have also developed methods for let-
ting users have more control over their own caption play-
back, which can improve comprehension.” When users are
done, pressing stop will end the audio stream, but lets work-
ers complete their current transcription task. Workers are
asked to continue working on other audio for a time to keep
them active so that response time is reduced if users need to
resume captioning.

Though this article focuses on captioning speech from
a single person, Scribe can handle dialogues using auto-
mated speaker segmentation techniques. We use a standard
convolution-based kernel method to first identify distinct
segments in a waveform. We then use a one-class support
vector machine (SVM) to classify each segment and assign
a speaker ID.* Prior work has shown such segmentation
techniques to be accurate even in the presence of severe
noise, such as when talking on a cell phone while driving.*?
The segmentation allows us to decompose a dialogue in real-
time, then caption each part individually, without burden-
ing workers with the need to determine and annotate which
person is currently speaking.

Our solution to the transcription problem is two-fold.
First, we designed an interface that facilitates real-time cap-
tioning by non-experts and encourages covering the entire
audio signal. Second, we developed algorithms for merging
partial captions to form one final output stream. The inter-
face and algorithm have been developed to address these
problems jointly. For instance, because determining where
each word in a partial caption fits into the final transcript
is difficult, we designed the interface to encourage work-
ers to type continuous segments during specified periods.
In the following sections, we detail the co-evolution of the
worker interface and algorithm for merging partial captions
in order to form a final transcript.
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4. COORDINATING CAPTIONISTS

Scribe’s non-expert captioning interface allows contributors
to hear an audio stream of the speaker(s), and provide cap-
tions with a simple user interface (UI) (Figure 2). Captionists
are instructed to type as much as they can, but are under no
pressure to type everything they hear. If they are able, work-
ers are asked to separate contiguous sequences of words by
pressing [enter]. Knowing which word sequences are likely to
be contiguous can help later when recombining the partial
captions from multiple captionists.

To encourage real-time entry of captions, the interface
“locks in” words a short time after they are typed (500ms).
New words are identified when the captionist types a space
after the word, and are sent to the server. The delayis added to
allowworkers to correct theirinputwhile adding as little addi-
tional latency as possible to it. When the captionist presses
(or following a 2s timeout during which they have not
typed anything), the line is confirmed and animates upward.
During the 10-15s trip to the top of the display (depending
on settings), words that Scribe determines were entered cor-
rectly (based on either spell-checking or overlap with another
worker) are colored green. When the line reaches the top, a
point score is calculated for each word based on its length
and whether it has been determined to be correct.

To recover the true speech, non-expert captions must
cover all of the words spoken. A primary reason why the par-
tial transcriptions may not fully cover the true signal relates
to saliency, which is defined in a linguistic context as “that
quality which determines how semantic material is distrib-
uted within a sentence or discourse, in terms of the relative
emphasis which is placed on its various parts”.” Numerous
factors influence what is salient, and so it is likely to be dif-
ficult to detect automatically. Instead, we inject artificial
saliency adjustments by systematically varying the volume
of the audio signal that captionists hear. Scribe’s captionist
interface is able to vary the volume over a given a period with
an assigned offset. It also displays visual reminders of the
period to further reinforce this notion.

Initially, we tried dividing the audio signal into segments
that we gave to individual workers. We found several prob-
lems with this approach. First, workers tended to take lon-
ger to provide their transcriptions as it took them some time
to get into the flow of the audio. A continuous stream avoids
this problem. Second, the interface seemed to encourage
workers to favor quality over speed, whereas streaming con-
tent reminds workers of the real-time nature of the task. The
continuous interface was designed in an iterative process
involving tests with 57 remote and local users with a range
of backgrounds and typing abilities. These tests showed that
workers tended to provide chains of words rather than dis-
joint words, and needed to be informed of the motivations
behind aspects of the interface to use them properly.

A non-obvious question is what the period of the volume
changes should be. In our experiments, we chose to play the
audio at regular volume for 4s and then at a lower volume for
6s. This seems to work well in practice, but it is likely that it
is not ideal for everyone (discussed below). Our experience
suggests that keeping the in period short is preferable even
when a particular worker was able to type more than the
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period because the latency of a worker’s input tended to go
up as they typed more consecutive words.

5. IMPROVING HUMAN PERFORMANCE

Even when workers are directed to small, specific portions of
the audio, the resulting partial captions are not perfect. This is
due to several factors, including bursts of increased speaking
rates being common, and workers mis-hearing some content
due to a particular accent or audio disruption. To make the
task easier for workers, we created TimeWarp,?® which allows
each worker to type what they hear in clips with a lower play-
back rate, while still keeping up with real time and maintain-
ing context from content they are not responsible for.

5.1. Warping time

TimeWarp manages this by balancing the play speed dur-
ing in periods, where workers are expected to caption the
audio and the playback speed is reduced, and out periods,
where workers listen to the audio and the playback speed is
increased. A cycle is one in period followed by an out period.
At the beginning of each cycle, the worker’s position in the
audio is aligned with the real-time stream. To do this, we first
need to select the number of different sets of workers N that
willbe used in order to partition the stream. We call the length
of the in period P, the length of the out period P, and the play
speed reduction factor r. Therefore, the playback rate during
in periods is % The amount of the real-time stream that gets
buffered while playing at the reduced Ispeed is compensated
for by an increased playback speed of N :} during out periods.
The result is that the cycle time of the modified stream equals
the cycle time of the unmodified stream.

To set the length of P, for our experiments, we conducted
preliminary studies with 17 workers drawn from Mechanical
Turk. We found that their mean typing speed was 42.8 WPM
on a similar real-time captioning task. We also found that
aworker could type at most 8 words in a row on average before
the per-word latency exceeded 8s (our upper bound on accept-
able latency). Since the mean speaking rate is around 150 WPM,**
workers will hear 8 words in roughly 3.2s, with an entry time
of roughly 8s from the last word spoken. We used this to set
P,=3.255,P, =9.75s,and N=4. We chose r=21in our tests so that
the playback speed would be %= 0.5 times for in periods, and
the play speed for out periodsis /=1 =3=1.5 times.

To speed up and slow down the play speed of content
being provided toworkers without changing the pitch (which
would make the content more difficult to understand for the
worker), we use the Waveform Similarity Based Overlap and
Add (WSOLA) algorithm.* WSOLA works by dividing the sig-
nal into small segments, then either skipping (to increase
play speed) or adding (to decrease play speed) content, and
finally stitching these segments back together. To reduce
the number of sound artifacts, WSOLA finds overlap points
with similar wave forms, then gradually transitions between
sequences during these overlap periods.

5.2. Integrating ASR into crowd captioning

Combining ASR into human captioning workflows can also
help improve captioning performance. By using the sugges-
tions from an ASR system to provide an initial “baseline”
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answer that crowd workers can correct, we can reduce
latency. However, above an error rate of > ~ 30% error, the
ASR input actually increases latency because of the cost of
finding and repairing mistakes.® The opposite integration
is also possible: by using sparse human input to provide
corrections to the word lattice of an ASR system, it is pos-
sible to reduce the error rate.®

6. AGGREGATING PARTIAL CAPTIONS
The problem of aligning and aggregating multiple par-
tial transcripts can be mapped to the well-studied Multiple
Sequence Alignment (MSA) problem. The basic formulation of
the problem involves some number of ordered sequences that
include at least some similar elements (coming from the same
“dictionary” of possible terms plus a “gap” term). Finding the
alignment that minimizes total distance between all pairs of
sequences is a non-trivial problem because, in the worst case,
all possible alignments of the content of each sequence—
including all possible spaces containing a gap term—may
need to be explored. This optimization problem has been
shown to be NP-complete,* and exact algorithms have time
complexity that is exponential in the number of sequences.
As aresult, itis often necessary to apply heuristic approxima-
tions to perform MSA with in a reasonable amount of time.
In practice, MSA is a well-studied problem in the bio-
informatics literature that has long been used in aligning
genome sequences, butalso hasapplicationsinapproximate
text matching for information retrieval, and in many other
domains. Tools like MUSCLE Edgar® provide extremely pow-
erful solvers for MSA problems. Accordingly, our approach
is to formulate our text-matching problem as MSA.

6.1. Progressive alignment algorithms

Most MSA algorithms for biological sequences follow a
progressive alignment strategy that first performs pair-
wise alignment among the sequences, and then merges
sequences progressively according to a decreasing order of
pairwise similarity. Due to the sequential merging strategy,
progressive alighment algorithms cannot recover from the
errors made in the earlier iterations, and typically do not
work well for the caption alignment task.

6.2. Graph-based alignment

We first explored a graph-based incremental algorithm to com-
bine partial captions on the fly.” The aggregation algorithm
incrementally builds a chain graph, where each node repre-
sents a set of equivalent words entered by the workers, and the
links between nodes are adjusted according to the order of the
input words. A greedy search is performed to identify the path
with the highest confidence, based on worker input and an
n-gram language model. The algorithm is designed to be used
online, and hence has high speed and low latency. However,
due to the incremental nature of the algorithm and the lack of
a principled objective function, it is not guaranteed to find the
globally optimal alignment for the captions.

6.3. Weighted A” search algorithm
We next developed a weighted A* search based MSA algo-
rithm to efficiently align the partial captions.?” To do this, we

formulate MSA as graph-traversal over a specialized lattice.
Our search algorithm then takes each node as a state, allow-
ing us to estimates the cost function g(n) and the heuristic
function A(n) for each state.

At each step of the A* search algorithm, the node with the
smallest evaluation function is extracted from the priority
queue Q and expanded by one edge. This is repeated until a
full alignment is produced (the goal state). While weighted
A significantly speeds the search for the best alignment, it
is still too slow for very long sequences. To counteract this,
we use fixed-size time windows to scope the exploration to
the most-likely paths.

7. EXPERIMENTAL RESULTS

We have tested our system with non-expert captionists drawn
from both local and remote crowds. As a data set, we used lec-
tures freely available from MIT OpenCourseWare. These lec-
tures were chosen because one of the main goals of Scribe is
to provide captions for classroom activities, and because the
recording of the lectures roughly matches our target as well—
there isamicrophonein the room that often captures multiple
speakers, for example, students asking questions. We chose
four 5 min segments that contained speech from courses in
electrical engineering and chemistry, and had them profes-
sionally transcribed at a cost of $1.75 per minute. Despite the
high cost, we found a number of errors and omissions. We
corrected these to obtain a completely accurate baseline.

7.1. Core system study results

Our study used 20 local participants. Each participant cap-
tioned 23 min of aural speech over a period of approximately
30 min. Participants first took a standard typing test and
averaged a typing rate of 77.0 WPM (SD=15.8) with 2.05%
average error (SD=2.31%). We then introduced participants
to the real-time captioning interface, and had them caption
a 3 min clip using it. Participants were then asked to caption
the four 5 min clips, two of which were selected to contain
saliency adjustments. We measure coverage (recall within a
10s per-word time bound), precision, and WER.

We found that saliency adjustment made a significant
difference on coverage ranges. For the electrical engineer-
ing clip, the difference was 54.7% (SD=9.4%) for words in the
selected periods as compared to only 23.3% (SD=6.8%) for
words outside of those periods. For the chemistry clips, the
difference was 50.4% (SD=9.2%) of words appearing inside
the highlighted period as compared to 15.4% (SD=4.3%) of
words outside of the period.

To see if workers on Mechanical Turk could complete this
task effectively—which would open up a large new set of work-
ers who are available on-demand—we recruited a crowd to
caption the four clips (20 min of speech). Our tasks paid $0.05
and workers could make an additional $0.002 bonus per word.
We provided workers with a 40s instructional video to beign
with. In total, 18 workers participated, collectively achieving
78.0% coverage. The average coverage over just three work-
ers was 59.7% (SD=10.9%), suggesting we could be conservative
in recruiting workers and cover much of the input signal.

http://ocw.mit.edu/courses/.
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In our tests, workers achieved an average of 29.0% cover- | clip. Again, we ran our experiments with both local partici-
age, ASR achieved 32.3% coverage, CART achieved 88.5% cov- | pants and workers recruited from Mechanical Turk. Tests
erage and Scribe reached 74% out of a possible 93.2% coverage | were divided into two conditions: time warping on or off,
using 10 workers (Figure 4). Collectively, workers had an aver- | and were randomized across four possible time offsets: 0s,
age latency of 2.89 significantly improving on CART’s latency | 3.25s, 6.5s, 9.75s.
of 4.38s. For this example, we tuned our combiner to balance Local participants were again generally proficient (but
coverage and precision (Figure 5), getting an average of 66% | non-expert) typists and had time to acquaint themselves
and 80.3% respectively. As expected, CART outperforms the | with the system, which may better approximate student
other approaches. However, our combiner presents a clear | employees captioning a classroom lecture. We recruited

improvement over both ASR and a single worker. 24 volunteers (mostly students) and had them practice with
our baseline interface before using the time warp interface.

7.2. Improved combiner results Each worker was asked to complete two trials, one with

We further improved alignment accuracy by applying anovel | TimeWarp and one without, in a random order.

weighted-A* MSA algorithm.” To test this, we used the same We also recruited 139 Mechanical Turk workers, who

four 5 min long audio clips as before. We tested three con- | were allowed to complete at most two tasks and were
figurations of our algorithm: (1) no agreement needed with | randomly routed to each condition (providing 257 total
a15ssliding window, (2) two-person agreement needed with | responses). Since Mechanical Turk often contains low qual-
a 10s window, and (3) two-person agreement needed with a | ity (or even malicious workers),'s we first removed inputs
15s window. We compare the results from these three con- | which gotless than 10% coverage or precision or were outli-
figurations to our original graph-based method, and to the | ers more than 20 from the mean. A total of 206 tasks were

MUSCLE package (Figure 6). approved by this quick check. Task payment amounts were
The with agreement and a 15s window (the best perform- | the same as for our studies described above.
ing setting), our algorithm achieves 57.4% average (1-WER) Our student captionists were able to caption a majority

accuracy, providing 29.6% improvement with respect to the | of the content well even without TimeWarp. The mean cov-
graph-based system (average accuracy 42.6%), and 35.4% | erage from all 48 trials was 70.23% and the mean precision
improvement with respect to the MUSCLE-based MSA sys- | was 70.71%, compared to the 50.83% coverage and 62.23%
tem (average accuracy 41.9%). On the same set of audio clips, | precision for workers drawn from Mechanical Turk. For stu-
we obtained 36.6% accuracy using ASR (Dragon Naturally | dent captionists, total coverage went up 2.02%, from 69.54%
Speaking, version 11.5 for Windows), which is worse than | to 70.95%, and precision went up by 2.56% from 69.84% to
all the crowd-powered approaches. We intentionally did not | 71.63%, but neither of these differences were detectably sig-
optimize the ASR for the speaker or acoustics, since DHH stu- | nificant. However, there was a significant improvement in

dents would also not be able to do this in realistic settings. mean latency per word, which improved 22.46% from 4.34s
to 3.36s (¢(df) = 2.78, p < .01). Mechanical Turk workers’
7.3. TimeWarp results mean coverage (Figure 7) increased 11.39% (t(df) = 2.19, p <

To evaluate TimeWarp, we ran two studies that asked par- | .05), precision increased 12.61% (¢(df) = 3.90, p < .001), and
ticipants to caption a 2.5 min (12 captioning cycles) lecture | latency was reduced by 16.77% (¢(df) = 5.41, p < .001).

Figure 4: Optimal coverage reaches nearly 80% when combining the input of four workers, and nearly 95% with all 10 workers, showing
captioning audio in real-time with non-experts is feasible.
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Figure 5: Precision-coverage curves for the electrical engineering (EE)
and chemistry (Chem) lectures using different combiner parameters
with 10 workers. In general, increasing coverage reduces accuracy.
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Figure 6: Evaluation of different systems on using (1-WER) as an
accuracy measure (higher is better).

06 toss 057
A*-10-t
h? O . 5 (c=10s, threshold=2)
& 044 g4 1o
gl 0.4 . (c=15s, threshold=2)
= A*-15
:" 03 . (c=15s, no threshold)
=4
Z 02 [ Graph-based
01 Bl MuscL
0.0

Figure 7: Relative improvement from no warp to warp conditions

in terms of mean and median values of coverage, precision, and
latency. We expected coverage and precision to improve. Shorter
latency was unexpected, but resulted from workers being able to
consistently type along with the audio instead of having to remember
and go back as the speech outpaced their typing.
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8. CONCLUSION AND FUTURE WORK

Scribe is the first system capable of making reliable, afford-
able captions available on-demand to deaf and hard of hearing
users. Scribe has allowed us to explore further issues related

to how real-time captions can be made more useful to end
users. For example, when captions are used, we have shown
that students’ comprehension of instructional material sig-
nificantly improves when they have the ability to control when
the captions play, and track their position so that they are not
overwhelmed by using one sensory channel to absorb content
that is designed to be split between both vision and hearing.
To help address this problem, we built a tool that lets students
highlight or pause at the last position they read before looking
away from the captions to view other visual content.?

While we have discussed how automation can be used to
effectively mediate human caption generation, advances in
ASR technologies can aid Scribe as well. By including ASR
systems as workers, we can take advantage of the affordable,
highly-scalable nature of ASR in settings where it works,
while using human workers to ensure that DHH users
always have access to accurate captions. ASR can eventually
use Scribe as an in situ training tool, resulting in systems
that are able to provide reliable captions right out of the
box using human intelligence, and scale to fully automated
solutions quicker than would otherwise be possible.

More generally, Scribe is an example of an interactive sys-
tem that deeply integrates human and machine intelligence
in order to provide a service that is still beyond what com-
puters can do alone. We believe it may serve as a model for
interactive systems that solve other problems of this type.
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