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ABSTRACT to do with users’ objective of finding relevant search result

We introduce a novel metric for speech recognition succed®r their queries. Similarly to the examples above, even if
in voice search tasks, designed to reflect the impact of spee@utomatic transcriptions produced by ASR contain erraes, t
recognition errors on user's overall experience with the sy quality of the search results found by the downstream search
tem. The computation of the metric is seeded using intuitivé€ngdine is not doomed to degrade. For instance, misrecogniz-
labels from human subjects and subsequently automated yd “the home depot’as“home depot”has no effect on the
replacing human annotations with a machine learning algdfound web pages. Similarly, misrecognition“ahother one
rithm. The results show that search-based recognition-accites the dust’as“another one bites the duskShould not
racy is significantly higher than accuracy based on sentenc&0p any search engine from finding the right sites.

error rate computation, and that the automated systemys ver  On the other hand, it is well known that human transcrip-
successful in replicating human judgments regarding seardions, though expected to deliver a gold standard for speech

quality results. transliteration, are also prone to errors or controvesal
Index Terms— voice search, semantic accuracy cisions. However, many of these errors are of pure lexical
nature and do not affect semantics. For instance, a tréescri
1. INTRODUCTION could spell“Facebook” as“face book”. Many other tran-

There is a well established set of success criteria for ASRSCTIPtion errors are mere typos that do not affect our under-
Among them, word error rate (WER) and sentence error rateianding either (e.gGooogle”).
(SER) are the two most commonly used. However, these met- Good evaluation methods need to be able to disregard
rics (as well as others such as perplexity of language mpdel#hese irrelevant misrecognitions and only focus on thespart
often fail to reflect the real usefulness of the speech reeognthat matter. We started off by experimenting with various no
tion system to the user. Except for the dictation task, wheréalization options trying to address lexical variationsmed
speech recognition is the means and purpose of the task, mggmantically irrelevant. For instance, instead of conmgti
other systems avail themselves of ASR to achieve highef leveER, we would remove spaces from both references and hy-
goals, for instance, execute a spoken command or connecpPgtheses, and then see whether the two obtained strings are
call to the right operator. As a result, perfect speech recoggual. Other normalization options included removing apos
nition and ultimate task success cannot be considered intéfophes and even ignoring plurals. While this normalizatio
changeable quantities any longer. A command can be recofelped ignoring insignificant differences in some cases, it
nized but not understood:; similarly recognized text does noailed in many others. The above case‘ttle home depot”
have to be exactly what the user has said to turn into a desité ©ne example. On the contrary, recognizigigu r good”
able meaningful interpretation. instead of'your good” or “who” instead of‘the who” leads

Because of this, a number of alternative task-specific met0 clearly bogus search results.
rics have found their applications across the field. Spoken Another common approach to address the inadequacy of
dialog systems realized via context-free grammars [1]. (e.gnetrics such as WER is to give greater weight to information
early call routers) typically reduce the language of the enbearing words. In [4, 5] alternative error metrics were pro-
coded word sequences to an enumerable set of semantic vaRsed that incorporated word salience into the computation
ues. Open-ended dialog systems allow for practically uncorfor the document retrieval task, the metric in [4] relied on
strained language but end up internally representing it as iastances of named entities, stop words, and salient query
finite hierarchy of pre-defined topics (e.g. call types) jidgs words, and exhibited better correlation with the retrieae
accompanied by a number of topic specific parameters [2, 3guracy. The metric from [5] assigned IDF-based salience
Another example is the directory assistance systems that aweighting to individual words. Our preliminary experimsnt
successful as long as they correctly recognize the locatity ~ indicated that even these approaches would still not be able
business names parts of the requests. to solve many of the issues in voice search.

\oice search applications demand their own task specific Thus it became obvious that one does indeed need to in-
success criteria, and it is clear that these criteria mugt ha clude search engine in the ASR evaluation loop. One exam-



ple of how this can be done is the Web Score, described itexts. The labelers agreed on 85% of all queries, with the
[6] where speech recognition is considered a success whamnter-labelers = 0.7. However, merging labels 0 and 1, and
the top search results for reference and hypothesis aré-iden2 and 3 respectively, resulted in= 0.86. Agreement was

cal. However, our experiments indicated that this metric cathe easiest to achieve on the ends of the spectrum (that were
be insufficient, especially in cases where there is no olsvioualso best represented). Most of the disagreements could be
best result or where there are several of them. In the remaimitributed to only a 1-grade difference (O vs. 1, 1 vs. 2, or 2
der of this paper we describe our approach to a search-basesl 3), and in these cases we took the mean as the final label.
speech recognition accuracy metric that is based on humadnly 36 cases were due to a difference by two or more grades,
intuition. First, in Section 2 we explain the motivation lreh  and the labelers were asked to adjudicate them.

it and describe the process of obtaining gold standard-refer

ences for search-based ASR evaluation. Then, in Section 3 a labelerl) labeler2| 0 1 2 3
regression method for replicating these references witlése 0 956 74 5 3
scribed. Section 4 is dedicated to analysis of the new metric 1 16 41 9 3
and how it compares to other success criteria. We complete g 130 fg gg 21718

the paper with a discussion section.

2. INTUITIVE ERROR METRIC FOR SEARCH

RESULTS 2.1. Using Annotations to Judge Recognition Accuracy
In search engine tuning, it is common to rely on the dis- . . . "
counted cumulative gain (DCG) and its normalized variants\.Ne then introduced the obtained labels in the recognition

. . evaluation framework. First, we linearly normalized the
DCG is essentially an average of human graded relevance y

scores of search results, weighted by the position of each r%nnr?r]taatoré%r?(;/lfe()d g;zdgsntootetﬁhg orgtnagr?efjgrzt?aeejrcze_
sult [7]. Similarly, for the task of assessing impact of sgiee INg Mapp 0) : v

recognition errors on the end-to-end user experience, we d%ﬂzhtﬁgﬁ:ﬁié;?h?{ é_aeér:hrzrfogﬁi]tigieirsle;clgotr:i);iiség%; its
cided to start by relying on human intuition. Our applicatio " o . .
y reying PP confidence, and that recognition result will be accepted iff

domain is Bing Voice Search for Mobile where users run a . . o .
s confidence is greater than some pre-specified confidence

L . I
smart phone application to type or speak search queries th%1 . . .
P PP P P q % resholdd, we define two corpus-level metrics as functions

will be passed to Bing search engine, with search results di i
played on screen. We compiled a training set of 3K voiceOf 0- correct accept rate (CA) and false accept rate (FA).

queries to have roughly equal number of correctly and incor- 1 N SQs, if conf; > 0
rectly recognlzegl utterancgs (i.e. 50% SER)._ CA = N X Z { 0 otherwise (1)
Instead of using DCG directly, for each voice search query i=1

Table 1. Inter-labeler agreement search-based scores.

in our training set, we took its manual transcriptioafér- N )

encg and recognition outpuhf/pothesisand sent both to the FA — 1. Z { 1-5Q8; if Confi,z 0 )
Bing search engine retrieving up to 20 top-ranked search re- N o 0 otherwise

sults for each. We would thgn present the two sets of rgsultg,ve can then plot &Voice Search Quality”(VSQ) curve as
to two human labelers, asking them to grade the quality o& dependency of A on FA subject to changing. In Sec-
the search results for the hypothesis given the searchisesution 4 we will show how this evaluation criterion compares to
for the reference. In order to solicit intuitive judgment&  the more traditional sentence error rate (SER) based cimves
provided the labelers with only a minimum amount of instruc-which CA andFA are also computed according to (1) and (2)
tions, asking them to issue one of the four possible grades: except that a binary match metric is used instead of (gegeral

({; searcﬂ resuIts ar% _\éery differe_nt_I . real-valuedBQS. We will also note the differences between
3: Search resuits ex k/(latr?()smlglrml arity reference and hypothesis word strings for which VSQ curves
3: search results are identical (or nearly identical) show different sensitivity than SER.

If sea_rch results for the reference were of ins_,ufficient tyal 3. REPLICATING SEARCH SCORES

we still recommended the labelers to make judgments soleli;_/| ] o

based on search result comparison. aving humans evaluate similarities of sets of search tesul

After the first 100 queries, we let the labelers discuss theilé Nt only very expensive but also time consuming. For in-
annotations with each other to facilitate calibration. eft Stance, our two annotators spent between 30 seconds and 2
that, they proceeded to annotate the remaining queriks minutes per query. Obviously, this is not acceptable for an
ble 1 shows the confusion matrix for the two labelers anno€valuation procedure that is supposed to be run every time

tations on utterances with different reference and hymishe there is a change in the test set or in the system. Therefore,
our next goal is to remove humans from this annotation3oop

1in reality, only half of the queries required manual anriotet for refer-
ences and hypotheses were identical in the rest of the cases. 2We would still use human annotators to produce utteranosdriptions.




To do that, we decided to extract a plurality of observalde fe In Figure 1 these two curves appear virtually identical for
tures from the pairs of search results sets and use statistiall confidence thresholds, meaning that we have successfull
learning to map these features onto the space of SQS scoresxcluded humans from the annotation loop and can conduct

31. Classification Features our further analysis based on the predicted SQS values. It

There are several groups of features that we included in our 0.7 " manual annotations
experiments: 06FS regression model

« absolute numbers of search results for reference and |
hypothesis

e can reference and hypothesis be reduced to one another
using Bing spell checking mechanisms 03 e

o weighted recall and precision of found page titles on g,| |
both lists with weights reflecting source and target

o 7

ranks. For instance, the exact formula for recall is: 0'1f FA i
N . 0 [ | | | | | | |
1 1 N —max(H; —1,0 ) ) ) ) ) ) :
R:=—><Z—.>< (Hi ) 3) 0 005 01 015 02 025 03 035
A i N

Fig. 1. VSQ curves based on regressed SQS values replicate

. . nearly perfectly the curves based on manual labels.
whereN is the maximum number of search results to yp y

consider,i iterates over ranks of all reference searchshould be noticed that the features from the ranking group
results,H; is the rank of the!” reference search result contributed to classification accuracy about 1.5% absolute
among the search results found for the hypothesis (andowever, since obtaining these features is time consuming,
is set equal taV + ¢ if hypothesis search results do not in some practical settings we would also experiment without
contain it), andZ is a normalization coefficier’, 1/i.  them. Fortunately, it appeared that absence of these ésatur

e similar metrics for word 1/2/3-grams in the titles did not introduce any bias in the VSQ metric.
¢ we also took advantage of theARKER tool developed 4. VSQ CURVES VS TRADITIONAL ERROR
by the BNG search team to automatically evaluate METRICS

appropriateness of an arbitrary page for an arbitrary, this section we compare voice search quality curves with

query. The tool is trained _to produc_:g SCOres Compargg., jitional criteria used to evaluate speech recogniticality,
ble across query/page pairs. Specifically, we CompUtchh as sentence error rates and variations thereof.

four measurements: average score of hypothesis searc There are two dimensions to direct our investigations

results for the hypothesis query (weighted by pagealong. First, we provide a quantitative analysis of the num-

ranks), average score of reference search results_for t'E)eers, and then dive into individual cases that explain the
hypothesis query, as well as analogous two metrics fo&iﬁerences in corpus-based metrics

the reference query. For 3K voice search queries, Figure 2 plots the VSQ curve
Thus, atotal of 15 features were extracted for each of th® 15Q against regressed labels) and three baselines:

queries for which ASR misrecognized at least one word. 1. SER-based curve: each utterance contributing either

3.2. Results 1.0 (if reference and hypothesis are the same) or 0.0;

2. similar but both reference and hypothesis are normal-

We trained a linear SVM regression model to approximate ized to remove spaces, apostrophes etc.

SQS values via features above. To compensate for a small ] N
sample size (consequence of a laborious labeling prodess), 3+ Search-based evaluation approach from [6]: recognition
fold cross-validation was employed. With target values all is considered a success iff the first top-ranked search
lying between 0 and 1 (cf. Section 2.1; average of 0.26; stan-  results for reference and hypothesis agree.

dard deviation of 0.39) the mean square error of the regiless&Ve see that the VSQ curves (that we consider a direct deriva-
values was measured to be 0.038. Alternatively, casting thiéve from human intuition and, therefore, the most reliable
problem as classification (with four classes correspontting way of estimating misrecognition impact on user experience
the original categories suggested to labelers) and usiogtbo with the search application) are conveying a different mes-
ing to compute classification accuracy, we obtained classifisage than other baselines. At zero confidence threshold, the
cation accuracy of about 90%. Most confusions happenesearch-based accuracy rates are about 15% absolute higher
between neighbor classes. To put this numbers in perspetttan measured sentence accuracy, and more than 10% abso-
tive, we plotted two VSQ curves: one for SQS derived fromlute higher than sentence accuracy after text normalizalio
manual annotations, and another from predicted SQS valuefact, the VSQ accuracy is closer to the word accuracy (67%



0.8F - V‘SE%‘— R clusion that helped us re-allocate resources to focus &y tru
0.7-0 SE%QQLT?%&R: i relevant ASR improvements.
0.6 - b 5. DISCUSSION
0-5 ~— We have presented a novel metric for search-based evaluatio
04r - ) of speech recognition systems in a voice search scenario. Un
0.31 / b like traditional figures-of-merit, this metric is motivatdy
0.2 . the real user experience, and captures how this experience i
01l A i affected by various recognition errors. We have shown that

B ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ true impact of many recognition errors on the search quiality

0 005 0.1 015 0.2 025 0.3 0.38.4 045 0. significantly smaller than what measured sentence erres rat

might suggest, and that the new metric is more robust against
transcription errors and “forgivable” ASR errors such aeral
native spellings or function words. Several caveats shbeld
kept in mind while using this metric. First, quality of selarc

in this case) than to sentence accuracy. Moreover, the survEesults is not the only factor that contributes to a good user
indicate that identity of top-rank search results does pat ¢ €Xperience. Displaying correctly recognized text can akso
stitute a good estimate of user experience with the systetn, bimportant as some users would not wait for the search en-
underestimates it by a significant margin. gine to return, if they do not like the recognized text. Set,on
To better understand differences between normalize®€ currently lack an empirical confirmation that comparing
SER and search-based accuracy, we analyzed the quer&arch results for cases where these results are not satisfa
whose normalized-SER and search-based evaluations diry even for the reference texts is the right approach. We
fered. There were 472 such queries, and only for 6 of therRlan on extending our investigation in both of these direc-
the search-based evaluation assigned a lower score than n#ns. Finally, since search engines evolve, it is posshue
malized SER. For instanctincase” was recognized a$n the same recognition results will be judged differently rove
case”. We therefore focused on the cases where high SQ&ne. Nonetheless, this methodology proved to be very ben-
corresponded to SER-based FA (60% of all cases). Of thegdicial for our ASR. While not improving speech recognition
(purported) misrecognitions, 15% were due to plural formsPer S& it aIIovyed us to focus on those directions of improve-
additional 20% were caused by errors in one-letter and/gient that are important for the end-user.
function words, and further 20% were accounted by syn-
onyms, alternative spelling variants or typos. The reshef t
misrecognitions could be ascribed to miscellaneous causes
such as missing content words that did not stop the sear fh
engine from finding good hits.

Fig. 2. VSQ curves reflecting human intuition are quite dif-
ferent from all other baselines.
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