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(57) ABSTRACT 
A computer-implemented method can include identifying a 
first set of text samples that include a particular potentially 
offensive term. Labels can be obtained for the first set of text 
samples that indicate whether the particular potentially offen 
sive term is used in an offensive manner. A classifier can be 
trained based at least on the first set of text samples and the 
labels, the classifier being configured to use one or more 
signals associated with a text sample to generate a label that 
indicates whether a potentially offensive term in the text 
sample is used in an offensive manner in the text sample. The 
method can further include providing, to the classifier, a first 
text sample that includes the particular potentially offensive 
term, and in response, obtaining, from the classifier, a label 
that indicates whether the particular potentially offensive 
term is used in an offensive manner in the first text sample. 
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CLASSIFICATION OF OFFENSIVE WORDS 

TECHNICAL FIELD 

0001. This document generally relates to text classifica 
tion. 

BACKGROUND 

0002 With the proliferation of computing devices such as 
smartphones, tablets, and other mobile devices that have 
become an integral part of people's daily lives, countless 
opportunities are presented for users to read and interact with 
different forms of electronic content. With great ease, a single 
device can be used as a portal to Social media content, per 
Sonal messaging systems, online discussion groups, web 
sites, games, productivity Software, and more. Much of this 
accessible content, whether authored by someone who is 
familiar or unknown to a particular user, may include offen 
sive content such as profane words. Software can be used to 
redact (or obfuscate) potentially offensive words. Some soft 
ware performs redaction before the offensive content is 
served to end users, while some software redacts terms from 
unfiltered content that is received at an end user's device. For 
example, an offensive termina text message may be redacted 
before being delivered to the recipient, or may be redacted 
from a received message at the recipient’s device before the 
message is presented to a user. Offensive terms may also be 
redacted from the output of a speech recognizer. Some redac 
tion systems are configured to delete all instances of an offen 
sive term if the offensive term is found in a pre-defined list of 
offensive terms. 

SUMMARY 

0003. This document generally describes techniques for 
training a classifier to determine whether a potentially offen 
sive term in a text sample is likely being used in an offensive 
or non-offensive manner. The output from such an offensive 
words classifier can then be used to redact the potentially 
offensive term from offensive text samples, without removing 
the term if it is not being used offensively. The classifier can 
be trained to analyze one or more signals (e.g., features) from 
the content of the text sample as a whole in order to determine 
whether the term is being used in a profane, derogatory, or 
otherwise offensive manner in the text sample. In some 
implementations, the classifier may also be trained to use 
extrinsic, non-content based information that indicates addi 
tional context about a text sample when determining a degree 
of offensiveness or category of the text sample. For example, 
the word “shag' may be offensive in certain contexts, but not 
in others. Thus, “I hope we can shag tonight' may be offen 
sive, whereas “This great wool shag has a beautiful pattern' 
likely is not. The offensive words classifier may evaluate the 
context of the word “shag from the content of each text 
sample to determine that the first sample is offensive and that 
the second sample is non-offensive. Extrinsic context infor 
mation, such as whether the samples were submitted by a 
customer at a rug retailer, may also indicate to the classifier 
relevant information about the offensiveness of a text sample. 
0004. This document further describes that the classifier 
can be trained using semi-supervised machine learning tech 
niques. A first set of training samples that include a poten 
tially offensive term can be manually labeled as being either 
offensive or non-offensive. The first set of samples can be 
used to initially train the offensive words classifier. Thereaf 
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ter, using the expectation-maximization algorithm, for 
example, the classifier can be repeatedly re-trained in mul 
tiple training iterations to improve the accuracy of the classi 
fier. In each iteration, a larger set of training samples can be 
used to train the classifier by training the classifier on text 
samples that were labeled by the classifier in a previous 
iteration. For example, after the first iteration in which a 
classifier is trained on the manually labeled samples, a second 
set of text samples can then be labeled by the initially trained 
classifier rather than by human users. All or some of the 
labeled second set of text samples can then be used to re-train 
the classifier in a Subsequent training iteration. The iterative 
process can continue in some implementations until the per 
formance of the classifier converges and no longer improves 
by a threshold amount after each iteration. 
0005. In some implementations, a computer-implemented 
method can include obtaining a plurality of text samples. A 
first set of text samples can be identified, from among the 
plurality of text samples, where each text sample in the first 
set of text samples includes a particular potentially offensive 
term. Labels can be obtained for the first set of text samples 
that indicate whether the particular potentially offensive term 
is used in an offensive manner in respective ones of the text 
samples in the first set of text samples. The method can 
include training, based at least on the first set of text samples 
and the labels for the first set of text samples, a classifier that 
is configured to use one or more signals associated with a text 
sample to generate a label that indicates whetherapotentially 
offensive term in the text sample is used in an offensive 
manner in the text sample. The method can further include 
providing, to the classifier, a first text sample that includes the 
particular potentially offensive term, and in response, obtain 
ing, from the classifier, a label that indicates whether the 
particular potentially offensive term is used in an offensive 
manner in the first text sample. 
0006. These and other implementations may include one 
or more of the following features. A second set of text samples 
can be identified, from among the plurality of text samples, 
that each includes the particular potentially offensive term. 
The second set of text samples can be provided to the classi 
fier, and in response, labels can be obtained for the second set 
of text samples that were generated by the classifier and that 
indicate whether the particular potentially offensive term is 
used in an offensive manner in respective ones of the text 
samples in the second set of text samples. Training the clas 
sifier can be further based on the second set of text samples 
and the labels for the second set of text samples that were 
generated by the classifier. 
0007. The classifier can be iteratively trained by perform 
ing multiple training iterations, each training iteration includ 
ing providing a particular set of text samples to the classifier, 
obtaining labels for the particular set oftext samples that were 
generated by the classifier in response, and re-training the 
classifier based at least on the particular set of text samples 
and the labels for the particular set of text samples that were 
generated by the classifier. 
0008. A particular set of text samples in a first of the 
training iterations can include more text samples than the 
particular set of text samples in a training iteration that pre 
ceded the first of the training iterations. 
0009. The method can further include, for each of at least 
Some of the multiple training iterations, determining a mea 
Sure of accuracy of the classifier by comparing the labels 
generated by the classifier for a subset of the particular set of 
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text samples with a control set of labels for the subset of the 
particular set of text samples that are known to be accurate. 
0010 Training the classifier can include using information 
from the first set of text samples in the expectation-maximi 
Zation algorithm. Training the classifier can include using the 
expectation-maximization algorithm. 
0011. The method can further include obtaining, in 
response to providing the first text sample to the classifier, a 
label confidence score that indicates a confidence that the 
label correctly indicates whether the particular potentially 
offensive term is used in an offensive manner in the first text 
sample. 
0012. The one or more signals associated with the text 
sample used by the classifier to generate the label can include 
information determined based on content of the text sample. 
0013 The information determined based on content of the 
text sample can include n-gram data for an n-gram in the text 
sample that includes the particular potentially offensive term. 
0014. The information determined based on content of the 
text sample can include bag-of-words data that indicates a 
distribution of terms in the text sample. 
0015 The one or more signals associated with the text 
sample and used by the classifier to generate the label can 
include contextual data associated with the text sample that is 
not determined based on content of the text sample. 
0016. The text sample can be a transcription of an utter 
ance, and the contextual data associated with the text sample 
can include an indication of user satisfaction with the tran 
scription of the utterance. 
0017. The text sample can be a transcription of an utter 
ance, and the contextual data associated with the text sample 
can include a transcription confidence score that indicates a 
likelihood that the text sample is an accurate transcription of 
the utterance. 
0018. The one or more signals associated with the text 
sample used by the classifier to generate the label can include 
both information determined based on content of the text 
sample and contextual data associated with the text sample 
that is not determined based on the content of the text sample. 
0019. The plurality of text samples can include text 
samples obtained from at least one of records of transcribed 
speech and records of search queries. 
0020. The labels for at least some of the first set of text 
samples that indicate whether the particular potentially offen 
sive term is used in an offensive manner in respective ones of 
the text samples in the first set of text samples can be manually 
determined by one or more users. 
0021. In some implementations, one or more computer 
readable devices can have instructions stored thereon that, 
when executed by one or more processors, cause performance 
of operations. The operations can include obtaining a plural 
ity of text samples; identifying, from among the plurality of 
text samples, a first set of text samples that each includes a 
particular potentially offensive term; obtaining labels for the 
first set of text samples that indicate whether the particular 
potentially offensive term is used in an offensive manner in 
respective ones of the text samples in the first set of text 
samples; training, based at least on the first set of text samples 
and the labels for the first set of text samples, a classifier that 
is configured to use one or more signals associated with a text 
sample to generate a label that indicates whetherapotentially 
offensive term in the text sample is used in an offensive 
manner in the text sample; and providing, to the classifier, a 
first text sample that includes the particular potentially offen 
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sive term, and in response, obtaining, from the classifier, a 
label that indicates whether the particular potentially offen 
sive term is used in an offensive manner in the first text 
sample. 
0022. These and other implementations can include one or 
more of the following features. A second set of text samples 
can be identified, from among the plurality of text samples, 
that each includes the particular potentially offensive term. 
The second set of text samples can be provided to the classi 
fier, and in response, labels can be obtained for the second set 
of text samples that were generated by the classifier and that 
indicate whether the particular potentially offensive term is 
used in an offensive manner in respective ones of the text 
samples in the second set of text samples. Training the clas 
sifier can be further based on the second set of text samples 
and the labels for the second set of text samples that were 
generated by the classifier. 
0023 The operations can further include iteratively train 
ing the classifier by performing multiple training iterations, 
each training iteration comprising providing a particular set 
of text samples to the classifier, obtaining labels for the par 
ticular set of text samples that were generated by the classifier 
in response, and re-training the classifier based at least on the 
particular set of text samples and the labels for the particular 
set of text samples that were generated by the classifier, 
wherein different particular sets of text samples can be used 
among particular ones of the multiple training iterations. 
0024. In some implementations, a system can include one 
or more computers configured to provide a repository of 
potentially offensive terms, a repository of labeled text 
samples, a repository of non-labeled text samples, a classifier, 
and a training engine. The repository of labeled text samples 
can include a first set of labeled text samples for which one or 
more potentially offensive terms from the repository of 
potentially offensive terms have been labeled in the first set of 
text samples so as to indicate likelihoods that the potentially 
offensive terms are used in offensive manners in particular 
ones of the text samples in the first set of labeled text samples. 
The repository of non-labeled text samples can include a first 
set of non-labeled text samples that include one or more 
potentially offensive terms from the repository of potentially 
offensive terms. The classifier can label the one or more 
potentially offensive terms in the first set of non-labeled text 
samples to generate a second set of labeled text samples that 
are labeled so as to indicate a likelihood that the one or more 
potentially offensive terms in the text samples are used in 
offensive manners. The training engine can train the classifier 
based at least on the first set of labeled text samples and the 
second set of labeled text samples that were labeled by the 
classifier. 
0025. Some implementations of the techniques described 
herein may achieve one or more of the following advantages. 
A classifier that labels text samples having one or more poten 
tially offensive terms can be trained with a relatively small 
number of pre-labeled text samples. In some implementations 
where the pre-labeled text samples have been manually evalu 
ated and labeled by users, the training techniques described in 
this paper can be used to train a highly accurate offensive 
words classifier with a minimal number of manually labeled 
text samples. A classifier may be trained with a large number 
of text samples more efficiently by reducing the number of 
text samples needed in the training set that are manually 
labeled. In some implementations, output from the trained 
classifier can be used to selectively redact offensive terms 
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from one or more text samples. As such, potentially offensive 
terms that are not actually offensive in the context of a par 
ticular text sample may avoid redaction. Unlike systems that 
are configured to redact all instances of a potentially offensive 
term if the term is found in a profanity list, for example, the 
classifier may prevent non-offensive terms from being 
redacted unnecessarily. The classifier can determine a likeli 
hood that a particular term in a text sample is or is not used in 
an offensive manner in the text sample based on the content of 
the text sample as a whole rather than considering the term in 
isolation. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0026 FIG. 1 is a schematic diagram of an example system 
for selectively redacting an offensive word from a text 
sample. 
0027 FIG. 2 is a flowchart of an example process for 
iteratively training an offensive words classifier using labeled 
and unlabeled text samples. 
0028 FIG.3 is a flowchart of an example process for using 
a classifier to selectively redact offensive words from text 
samples. 
0029 FIG. 4 depicts an example system for iteratively 
training an offensive words classifier using labeled and unla 
beled text samples. 
0030 FIG. 5 depicts an example of a computing device 
and a mobile computing device that can be used to implement 
the techniques described herein. 
0031. Like reference numbers and designations in the 
various drawings indicate like elements. 

DETAILED DESCRIPTION 

0032. This document generally describes techniques for 
training a classifier to label offensive terms in text. By using 
a classifier to label offensive terms, such terms can be 
redacted or otherwise modified before the text is displayed. 
The classifier can be statistically trained on a large corpus of 
text samples in order to learn various features that can be 
associated with a sample of text that may indicate whether a 
term in the text sample, or the text sample as a whole, is 
offensive. The labels or other output of the classifier can thus 
be used to redact words from a text sample that are determined 
to be offensive. For example, the classifier may be trained to 
determine whether any one or more profane words, deroga 
tory terms, violent expressions, or sexually explicit words in 
a sample of text are used in an offensive manner so that action 
may be taken to automatically filter such terms out of the text. 
Unlike programs that reference a blacklist of offensive terms 
to simply redact each instance of a blacklisted term from a 
text sample, the classifiers described in this paper can evalu 
ate the context of a potentially offensive term in a text sample, 
as well as extrinsic context information about the text sample, 
to make an informed decision as to whether a term is actually 
being used in an offensive manner in the text sample. If the 
term is in fact benign, then the term can avoid being redacted. 
In some implementations, the classifier may thus be used to 
reduce the number of redactions of potentially offensive 
terms that are in fact benign. 
0033. In some implementations, the classifier can be 
trained on a large quantity of text samples that include a 
potentially offensive term in order to capture a sufficient 
breadth and depth of features in the text samples needed to 
produce a highly accurate classifier. The classifier can be 
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trained and re-trained over multiple training iterations. The 
initial training iteration can be based on a first set of text 
samples that have been pre-labeled for supervised training of 
the classifier. The first set of text samples may be manually 
evaluated and labeled by one or more human users, whose 
complex judgment and experiences may be best able to ini 
tially determine the respective offensiveness of the text 
samples. However, manual labeling can be an inefficient pro 
cess, and there is a practical limit to the number of Samples 
that can be used to initially train the classifier. Accordingly, 
after the initial training iteration of the classifier, additional 
unlabeled text samples can be provided to the classifier and 
labeled (and/or scored) by the classifier to indicate whether 
respective potentially offensive terms in the text samples are 
used in an offensive manner in the text samples. The addi 
tional text samples labeled by the classifier can then be used 
as training samples in a Subsequent training iteration. The 
classifier can be repeatedly re-trained in this manner until the 
accuracy of the classifier reaches a desired level or until the 
performance of the classifier converges. 
0034. An example use of an offensive words classifier is 
shown in FIG. 1, which depicts a schematic diagram of a 
system for selectively redacting an offensive word from a text 
sample. In particular, FIG. 1 depicts selective redaction of a 
potentially offensive term from the output of a speech recog 
nizer 106. Generally, three users 102a-care shown uttering 
three respective speech samples 104a-c. Each of the speech 
samples 104a-c includes a potentially offensive term, 
“bloody.” In some contexts, the term “bloody’ can be a pro 
fane word that may cause people to take offense, while in 
other contexts, “bloody' may be non-offensive. As such, 
“bloody’ should only be redacted when it is actually offen 
sive, but should be undisturbed in a text sample when it is 
non-offensive. This system 100 can use offensive words clas 
sifier and redactor 108 to this end. In some implementations, 
the offensive words classifier and the redactor can be separate 
modules. 

0035. As shown in FIG.1, user 102a utters a non-offensive 
speech sample 104a, “His tissue was bloody as a result of the 
incision.” The user 102a may be speaking into a personal 
device Such as a Smartphone or other computer to transcribe 
notes or to quickly communicate a message without typing. 
The speech sample 104a is processed by an automatic speech 
recognizer, which generates a textual transcription of the 
speech sample 104a. For example, the output of the speech 
recognizer 106 may be the text “His tissue was bloody as a 
result of the incision.” The output of the speech recognizer 
106 can be processed by offensive words classifier and redac 
tor 108. The offensive words classifier can evaluate both 
content-based signals (features) and non-content based sig 
nals of the transcription from the speech recognizer 106 to 
determine whether the text sample most likely uses “bloody' 
in an offensive or non-offensive manner. In this example, the 
classifier determines that “bloody” as used in the transcrip 
tion of utterance 104a, is non-offensive. Accordingly, the 
transcription itself or the term “bloody' in the transcription 
may be labeled non-offensive by the offensive words classi 
fier 108 and not redacted from the transcription that is ulti 
mately displayed on computing device 110a. The classifier, 
for example, may recognize that when “bloody' is used with 
words like “tissue' and “incision, it is most likely being used 
in a medical or physiological sense rather than an offensive, 
profane manner. 
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0036 By contrast to the non-offensive use of “bloody' in 
speech sample 104a, user 102c utters an offensive instance of 
“bloody' in speech sample 104a: "Stay away from here, you 
bloody old man!' The speech sample 104a is transcribed to 
text by speech recognizer 106, and then the offensive words 
classifier 108 can recognize from the context of the transcrip 
tion that “bloody' is used offensively in this example. 
Accordingly, “bloody' is redacted in the display of the tran 
Scription on computing device 110c. 
0037 Speech sample 104b, “That bloody movie gave me 
nightmares!', is less clearly offensive or non-offensive than 
samples 104a and 104c. In speech sample 104b, for example, 
the term “bloody' may be a literal description of a gruesome 
movie portraying bloody scenes, or may be a profane excla 
mation about the movie. In some implementations, the offen 
sive words classifier and redactor 108 may be configured to 
redact the term in this borderline case to protect users’ eyes 
from content that is not clearly non-offensive. However, as 
shown in FIG. 1, the classifier 108 determines that “bloody' 
in this instance is most likely non-offensive, and the term is 
not redacted. This may be determined based on extrinsic 
context information associated with the speech sample 104b 
(or its transcription). For example, because the speech sample 
104b was uttered on Halloween, Oct. 31, 2013, the classifier 
may identify a strong likelihood that user 102b was referring 
to a gruesome horror movie. Other extrinsic context signals 
that may affect the output of the classifier are described fur 
ther below. 

0038. With reference to FIG. 2, an example process 200 is 
shown for training an offensive words classifier. In some 
implementations, the process 200 may be carried out by the 
system 400 described with respect to FIG. 4, and by other 
techniques described throughout this paper. 
0039. The process 200 begins at stage 202, in which a 
plurality of text samples is obtained. Generally, the text 
samples can each include one or more terms. The text samples 
may be obtained from one or more corpora of data. For 
example, text samples may be identified and collected from 
logs of search queries, transcription logs of speech samples 
that have been converted to text by a speech recognizer, 
messaging logs (e.g., e-mail, SMS, chat sessions), and infor 
mation obtained from publicly available documents such as 
web pages, books, news articles, and the like. In some imple 
mentations, the process 200 may use text samples from just 
one or more particular corpora, or may select a determined 
distribution of text samples from among multiple corpora. 
For example, the process 200 may seek to maximize the 
relative number of text samples from speech transcription 
logs over text samples from other corpora since speech tran 
Scription logs may include the closest examples of vocabulary 
and grammar in a language to that which is expected to be 
received by the offensive words classifier trained by this 
process 200. In some implementations, the process 200 may 
determine an age associated with all or some of the text 
samples, and may select text samples that are determined to 
be associated with a particular period of time or that are less 
than a maximum age. Thus, for example, only text samples 
that were generated within a recent time period may be 
selected so as to train the classifier with text samples that 
reflect a current usage of the language. 
0040. At stage 204, a first set of text samples are identified 
that include a potentially offensive term. In some implemen 
tations, a filtering algorithm can be performed on the text 
samples obtained at stage 202 to select all or a portion of the 
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text samples that are determined to include a particular poten 
tially offensive term. The first set of text samples may include 
only text samples that include a particular potentially offen 
sive term, or may include text samples that include at least one 
of multiple different potentially offensive terms. Thus, the 
process 200 may train a classifier for a particular potentially 
offensive term using only text samples that include the par 
ticular potentially offensive term at one time, or may train the 
classifier on multiple different potentially offensive terms at a 
time. In some implementations, potentially offensive terms 
can be identified from a pre-determined list of offensive terms 
(e.g., in a repository of offensive terms). The list of offensive 
terms may be language-specific and may be geographic-spe 
cific. For example, some terms may be offensive in English 
but not Chinese, or vice versa. Some terms may be offensive 
as used in English in the United States, but non-offensive as 
used in English in Great Britain, as another example (e.g., 
bloody, shag). 
0041. In some implementations, the first set of text 
samples can include text samples that are determined to 
include a substantially equivalent representation of the poten 
tially offensive term. A slang or shorthand version of a poten 
tially offensive term may be detected as if it was the full 
potentially offensive term itself, or may be replaced with the 
full potentially offensive term in the text sample. For 
example, text samples that originated from text messages or 
other sources in which shorthand communications are com 
mon may use abbreviated spellings of words and concise 
grammars that less frequently occur in more formal contexts 
such as published documents. The process 200 may deter 
mine that a particular term in a text sample is an equivalent 
shorthand or misspelling of a potentially offensive term in the 
list of offensive terms so that the text sample may be included 
in the first set of text samples even though the term is not 
identical to a term in the list of offensive terms. 

0042. At stage 206, the process 200 identifies labels that 
indicate whether the potentially offensive term(s) in each of 
the text samples in the first set of text samples is used in an 
offensive manner. The labels may be applied to the particular 
potentially offensive term(s) within the text samples, or the 
labels may be associated with the text sample itself without 
specific reference to the particular potentially offensive term 
(s) within the text samples. For example, the text sample 
“That’s a bloody mess” may be labeled as “That’s a 
<offensive-bloody</offensive mess.” or the offensiveness 
label may be an attribute of the text sample as a whole. 
0043. In some implementations, the first set of text 
samples and their respective labels can be used as a starting 
set to initially train the classifier. The first set of text samples 
may be used by a training engine to determine initial prob 
abilities for particular signals that indicate whether a poten 
tially offensive term in a given text sample is or is not offen 
sive in that text sample. The accuracy of the labels for the first 
set of text samples may be verified or otherwise trusted. In 
some implementations, all or some of the labels for the first 
set of text samples can be manually provided by one or more 
human users. For example, one or more people retained by an 
organization may manually evaluate text samples one-by-one 
and determine whether each instance of the potentially offen 
sive term(s) in the text samples is actually used offensively or 
is non-offensive. In some implementations, a plurality of 
people may submit the labels for the first set of text samples, 
Such as through a crowdsourcing process. The crowdsourcing 
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may be direct, for example, by formally enlisting a disparate 
group of people to evaluate the offensiveness of terms in text 
samples. 
0044. In some implementations, labels or other indica 
tions of offensiveness of text samples in the first training set 
may be determined based on voluntary user interactions with 
particular text samples. User reviews, comments, or other 
feedback may be used to determine labels oftext samples. For 
example, some text samples may be harvested from user 
Submitted text on a discussion board, from product reviews, 
or online article comments. Such text samples may be subject 
to review by other users who may report inappropriate con 
tent. Such reports may be used as an indication that the 
potentially offensive term in a text sample is used in an 
offensive manner. In some examples, reports of offensive 
content can be manually reviewed to determine the trustwor 
thiness of the report before labeling the text sample as offen 
sive, or reports may be trusted ifa threshold number of reports 
are received that indicate a text sample is offensive. 
0045. In some implementations, labels may be associated 
with an offensiveness score that indicates a degree of offen 
siveness of a term in a particular text sample. For example, 
although in some implementations a label may simply indi 
cate a category (e.g. offensive or non-offensive) of a poten 
tially offensive term in a text sample, in other implementa 
tions, a label may be represented by a score that more finely 
indicates how offensive or non-offensive a term is being used 
in a text sample. For example, a particular potentially offen 
sive term that is used near a racial term or other highly 
offensive term in a text sample may be assigned a highly 
offensive score, whereas a more commonly used phrase that 
may not be offensive to some but that may be offensive to 
others may be assigned a more neutral score near the bound 
ary between offensive and non-offensive. Such offensiveness 
scores may be determined manually by one or more human 
users for the first set of text samples. 
0046. At stage 208, an offensive words classifier is trained 
using the labeled first set oftext samples. Stage 208 can be the 
first of multiple training iterations in training the classifier. In 
this first iteration, initial rules and signals may be determined 
So as to configure the classifier to be able to recognize one or 
more signals (or features) associated with a text sample and to 
generate an offensiveness label for the text sample. The first 
training iteration using the labeled first set of text samples can 
train the classifier with a relatively limited knowledge base 
that may not be capable of accurately labeling the offensive 
ness of a wide variety of text samples. However, the classifier 
can be refined and its accuracy improved through additional 
training cycles that re-train the classifier using increasingly 
larger and diverse sets of text samples. The initial training 
iteration may be limited by the size of the first set of text 
samples in some implementations. For example, the first set 
of text samples may be manually labeled by human users. 
Manual labeling of the first set of text samples may allow 
users to train the classifier initially based on labels that were 
determined based on Sophisticated reasoning rooted in human 
judgment and experience. In some implementations, Super 
vised machine learning techniques using the manually 
labeled first set of text samples may be used to initially train 
the offensive words classifier. However, manually labeling 
text samples can be an inefficient process. Scarcity of human 
resources available to label training samples may impose a 
practical cap on the number of text samples that are manually 
labeled, which may be far less than the overall number of text 
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samples that are available to train the classifier or that would 
be desired to train the classifier with sufficient depth and 
breadth. Accordingly, the first set of text samples may include 
only a small portion of all obtained samples that include a 
particular potentially offensive term, because users may only 
be able to label a limited portion of the text samples in a given 
time. The manual labeling process can be somewhat ineffi 
cient, but still an effective means for initially training the 
offensive words classifier. In Subsequent iterations, as 
described below, the classifier may be refined by training with 
additional text samples that may not be manually labeled. 
0047 Training the classifier can include determining one 
or more signals associated with a text sample that tend to 
indicate whether a potentially offensive term in the text 
sample is more or less likely being used in an offensive 
manner in the text sample. Accordingly, when the trained 
classifier later receives a text sample at runtime, the presence 
of particular ones of the signals may be used by the classifier 
to determine whether or not a potentially offensive term in the 
text sample is being used in an offensive manner or to other 
wise determine a degree of offensiveness (e.g., an offensive 
ness score) of the term. In some implementations, each train 
ing iteration of the classifier in the process 200 can employ 
Supervised learning using increasingly larger training sets. In 
Some implementations, the process 200 can determine from a 
training set of text samples that particular signals are more 
indicative of the offensiveness of a term than other signals. 
The more indicative signals may be weighted in the classifier 
higher than the less indicative signals so that the presence or 
absence of a more indicative signal influences the offensive 
ness score of a term in a text sample more than a less indica 
tive signal. 
0048 For example, the first set of text samples may 
include the following three text samples: (i) “Get away from 
me, you bloody old man.” (ii) “That bloodied man had better 
get some help fast,” and (iii) “That bloodied man was quickly 
heading toward unconsciousness. The potentially offensive 
term “bloody' and its related term “bloodied are pre-labeled 
as being offensive in the first two samples, but non-offensive 
in the third sample. The process 200 may determine that a 
trigram of three consecutive words with the adjective “old” 
between terms “bloody” and “man” is a stronger signal of 
offensiveness than the trigram “That bloodied man.” which is 
used in both an offensive and non-offensive context in differ 
ent training samples. Therefore, the presence of the phrase 
“bloody old man” may be a higher weighted signal in the 
trained classifier than the phrase “that bloodied man.” In some 
implementations, where the training samples are not only 
labeled but also have a quantitative offensiveness score, the 
process 200 can adjust how much impact particular features 
of a text sample will have when training the classifier. For 
example, the first text sample noted above, “Get away from 
me, you bloody old man may have a high offensiveness 
score, e.g.9/10, whereas the second text sample, “That blood 
ied man had better get some help fast, may have a relatively 
lower offensiveness score of e.g., 6/10. Therefore, signals 
Such as trigrams identified from the first text sample may be 
determined, based on the respective offensiveness scores, to 
be more indicative of offensiveness than signals identified 
from the second text sample. 
0049. The process 200 can identify different types of sig 
nals associated with the first set of text samples to train the 
classifier. The signals may include content-based signals and 
non-content context signals. Content-based signals may be 
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determined intrinsically from the content of the text samples 
themselves. Non-content context signals may be determined 
from extrinsic information associated with the text samples 
that are not directly determined from the text of the text 
samples. Some examples of content-based signals include 
n-grams and bag-of-words representations of text samples. 
Some examples of non-content context signals include offen 
siveness scores, transcription confidence scores, information 
that characterizes user interaction with a text sample, an iden 
tity or categorization of an application associated with the text 
sample, and information about a user associated with the text 
sample. 
0050 Text within the text samples can be used to train the 
classifier on one or more content-based signals. In some 
implementations, the content of a text sample may provide 
the strongest indicator of whether a potentially offensive term 
is being used in an offensive manner in the text samples. Thus, 
the influence of content-based signals may be weighted rela 
tively high in the trained classifier. By training the classifierto 
recognize content-based signals of a text sample, the classi 
fier may be configured to make better judgments about the 
offensiveness of a term in a text sample than simply detecting 
that a term in isolation is included in a blacklist of offensive 
terms, for example. 
0051. In some implementations, the process 200 may train 
a classifier based on n-gram signals determined from the first 
set of text samples. Trigrams of three consecutive terms that 
include the potentially offensive term may be used as a signal 
that indicates whether the potentially offensive term in a text 
sample is used offensively. In some implementations, 
n-grams of other sizes may be used. The process 200 can 
determine, based on the labeled first set of text samples, a 
probability that an instance of a potentially offensive term in 
a text sample is or is not offensive given the presence of a 
particular trigram in the text sample. For example, if one or 
more text samples which include the sequence of terms “that 
bloody old have been labeled offensive, the process 200 may 
record the trigram “that bloody old as a signal that increases 
the probability that a text sample is offensive. The weight of 
the signal may be influenced based on the number of text 
samples encountered that include “that bloody old for which 
the text sample is labeled as being offensive. For example, if 
the first set of text samples includes multiple text samples 
with the phrase “that bloody old, and each of the multiple 
samples is offensive, then the strength of the signal may be 
relatively strong. On the other hand, counter-instances of text 
samples including the same phrase “that bloody old which 
are labeled non-offensive may decrease the strength of the 
signal. Similar logic may apply to other signals—e.g., for any 
given signal, the greater number of training samples that 
include a particular signal and that are labeled in the same 
way may increase the strength of the signals. Signals may be 
weaker where there are fewer samples available that include 
the signal, or where different text samples that include the 
signal inconsistently map to different labels. 
0052. The classifier can also be trained based on bag-of 
words models of the text samples in a training set of text 
samples. A bag-of-words model of a text sample can be a 
vectorized representation of the text sample that disregards 
the grammar and order of words in the text sample. For 
example, each term in a large set of terms in a language may 
be indexed and assigned an index value that corresponds to a 
vector location for the term. The bag-of-words model for a 
text sample can be generated by increasing, for each term in 
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the text sample, the vector value at the vector location (index 
value) that corresponds to the term. Thus, the bag-of-words 
model of a text sample can indicate the distribution of terms 
in the text sample. The process 200 can statistically analyze 
the bag-of-words models of all or some of the first set of text 
samples to determine signals from the bag-of-words models 
that indicate whether a potentially offensive term is likely 
used in an offensive manner in a particular text sample. One or 
more classifier signals may be determined based on an aggre 
gate analysis of the bag-of-words models of text samples. For 
example, the process 200 may recognize, using the bag-of 
words models, that many text samples which included par 
ticular terms or combinations of terms were labeled as being 
offensive. In response, a classifier signal can be trained to 
identify the presence of the particular terms or combinations 
of terms as an indicator that a text sample including the 
potentially offensive term is offensive. 
0053. Non-content context information can also be used to 
train one or more signals of the classifier. Non-content con 
text information is generally information associated with a 
text sample that is extrinsic to the content (text) of the sample 
itself, but that may nonetheless still provide a clue as to 
whether a potentially offensive term is or is not in fact used 
offensively. Such non-content context information may be 
any information that tends to show whether a text sample as a 
whole or a potentially offensive term in the text sample is or 
is not offensive. Non-content context information may be 
obtained from a number of Sources. For example, logs that 
were mined to obtain the training text samples may include 
associated data for all or some of the text samples, which can 
be provided to a training engine for use in training the clas 
sifier. As with intrinsic textual content of the text samples, the 
process 200 may perform an aggregated analysis of the non 
content context information of the first set of training text 
samples to generate one or more classifier signals that indi 
cate whether a particular potentially offensive term is used in 
an offensive manner. A particular piece of non-content con 
text information that is found among multiple offensively 
labeled text samples, for example, may be used as a classifier 
signal indicative of offensiveness. Likewise, a particular 
piece of non-content context information that is found among 
multiple non-offensively labeled text samples may be used as 
a classifier signal indicative of non-offensiveness. 
0054. One example of non-content context information 
from which a classifier signal may be determined is informa 
tion that characterizes user interaction with a text sample. In 
Some implementations, the text samples used to train the 
classifier may be obtained from logs of speech recognition 
data. The text samples may be transcriptions of utterances 
received from many different users at respective client 
devices. The logs may include information about whether the 
users were satisfied with the transcription, which may be used 
to train a classifier signal. For example, if a user speaks “Tell 
the lady at the store that I'd like to pick up my shag tonight.” 
and an automatic speech recognizer generates an accurate 
transcription for the utterance, the word “shag may be 
redacted if it was determined to be offensive. If the user then 
manually edits the transcription to insert the word "shag.” 
Such information may be recorded as an indication that the 
user was not satisfied with the transcription provided in 
response to the utterance. Re-insertion of a redacted word 
may indicate that a word is non-offensive. Accordingly, re 
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insertion of a redacted word may be used as a signal in the 
classifier that weighs toward labeling a text sample as being 
non-offensive. 

0055. In some implementations, classifier signals may be 
trained based on whether a user took some action to confirm 
the accuracy of a transcribed text sample. For example, an 
inaccurate transcription that mistakenly interpreted a user's 
utterance as including a profane word may have the profane 
word redacted when presented to a user. If the user then 
manually corrects the redacted word to a different word than 
what the speech recognizer believed the word to be, then the 
text sample for the transcription may be determined to likely 
be non-offensive. Thus, user correction of a redacted word in 
a transcribed text sample may be a signal that the text sample 
was inaccurately transcribed, and therefore likely non-offen 
sive. Moreover, possibly inaccurate transcribed text samples 
may be discarded or discounted when training the classifier So 
as to prevent inaccurate data from influencing how the clas 
sifier signals are trained. In some implementations, the train 
ing text samples may include a transcription confidence score 
determined by the speech recognizer that generated the text 
samples. The transcription confidence score can indicate a 
confidence in the accuracy of the transcription. If the tran 
Scription confidence score for a text sample does not satisfy a 
pre-determined threshold score, then the text sample may be 
excluded from the training set. 
0056. In some implementations, user feedback related to a 
text sample can be used to train a non-content context signal 
of the classifier. For example, for text samples that were 
scraped from Social media posts, online forum discussions, or 
user comments on websites, the text sample may be subjected 
to critique from a community of users. Inappropriate Social 
media posts may be reported, and commentary from websites 
may be reviewed by users to identify inappropriate and offen 
sive content. Such reports of offensive content directed to 
particular text samples in the training set can be used in 
training the classifier. For example, the classifier may be 
trained to increase the offensiveness score of a text sample 
during runtime if the text sample is associated with a report 
that the text sample is inappropriate or offensive. 
0057 The classifier may also be trained to consider infor 
mation about a user who generated the text sample and/or an 
explicit or implied categorization of the text sample. For 
instance, a portion of the first set of text samples used to train 
the classifier may be associated with respective accounts of 
users who authored the text samples. The process 200 may 
obtain information about those users that indicates, for 
example, whether the users have a history of posting offensive 
content or have associations with other groups or users who 
post offensive content. The training engine can determine 
certain characteristics about authors of the text samples that 
tend to indicate whether a given text sample is likely to use a 
potentially offensive term in an offensive or non-offensive 
manner. In some implementations, the process 200 can train 
the classifier by analyzing categories of the text samples. For 
example, the process 200 may determine that text samples 
that relate to certain subject matter or particular topics are 
more or less likely to be labeled as being offensive. The 
Subject matter or topics may be provided to a training engine 
as metadata associated with the text sample, or may be deter 
mined by the training engine based on content of the text 
sample. In some implementations, the Subject matter or topic 
may be determined based on a source of the text sample. For 
example, one or more classifier signals may be trained based 
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on the identity or subject matter of a website or application 
from which a text sample was obtained. Thus, the process 200 
may determine that text samples obtained from adult humor 
websites are more likely to be offensive, and a classifier signal 
can be created to reflect this determined correlation. Gener 
ally, the process 200 can train the classifier by analyzing 
patterns in various non-context context information associ 
ated with text samples in the training set to determine which 
pieces of information tend to be associated with text samples 
that are labeled as being offensive and which pieces of infor 
mation tend to be associated with text samples that are labeled 
as being non-offensive. 
0.058 After the classifier is initially trained at stage 208 to 
use one or more content-based signals and/or non-content 
context-based signals associated with a text sample, the clas 
sifier can then be re-trained in one or more Subsequent train 
ing iterations. The classifier may continue to be re-trained 
through multiple iterations to hone the accuracy or other 
performance metrics of the classifier. However, while the 
classifier may have been initially trained on a relatively small 
number of text samples in the first set that were hand-labeled 
by one or more users, Subsequent re-training stages may use 
increasingly larger and diverse sets of text samples that have 
been labeled by a classifier that was trained in a prioriteration. 
For example, if users manually labeled 1,000 text samples 
that comprised the first set of text samples, and used these text 
samples to initially train the classifier, in Subsequent itera 
tions, progressively larger corpora of training samples—e.g., 
5,000, 50,000, 1,000,000 samples—can be used to re-train 
the classifier that were labeled by a classifier from a preceding 
iteration. The process 200 can implement the expectation 
maximization algorithm in some examples. In some imple 
mentations, the classifier is trained using semi-supervised 
learning techniques in which the initial training iteration is 
Supervised, and Subsequent iterations use labeled data to train 
the classifier that were labeled by the classifier itself as trained 
in a previous iteration. 
0059 Subsequent re-training iterations are depicted in the 
flowchart at stages 210-218. At stage 210, the process 200 
identifies an additional set of text samples that include a 
potentially offensive term. The additional set of text samples 
can include the same particular potentially offensive term as 
the first set of text samples. In some implementations, the 
additional set of text samples can include all or some of the 
text samples from the first set (or any previous set used in a 
prior training iteration), along with additional text samples 
that were not in the first set. In some implementations, the 
additional set of text samples can consist only of new text 
samples that were not included in any set of text samples used 
to train the classifier in a previous iteration. The additional set 
oftext samples can be selected from the text samples obtained 
at stage 202. Although the additional set of text samples may 
include some text samples that have been pre-labeled, gener 
ally the additional set is substantially comprised of unlabeled 
text samples that have not yet been classified as being either 
offensive or non-offensive. 

0060. At stage 212, the additional set of text samples is 
provided to the classifier and the classifier labels all or some 
of the additional set of text samples. In the training iteration 
immediately Subsequent to the initial training iteration, the 
additional set of text samples can be labeled by the version of 
the classifier that was initially trained at stage 208. In subse 
quent training iterations, the additional set of text samples for 
a particular iteration can generally be labeled by the version 
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of the classifier that was trained in an immediately preceding 
iteration. The accuracy of the classifier can improve with each 
training iteration, and therefore the additional set of text 
samples may be labeled by the most accurate version of the 
classifier available, which is generally the classifier trained in 
the previous iteration. If the classifier accuracy did not 
improve in a previous iteration, then the additional set of text 
samples can be provided to a different version of the classifier 
that is more accurate than the classifier trained in the imme 
diately preceding iteration. If the additional set of text 
samples includes text samples that have previously been 
labeled, such as the first set of text samples, the classifier may 
generate new labels for these text samples, or the process 200 
may withhold a portion of the additional set of text samples 
that have been previously labeled from being re-labeled by 
the classifier. In the latter case, the additional set of text 
samples may include a first portion that is labeled by the 
classifier from the previous iteration, and a second portion 
that has been labeled manually, for example, but that was not 
labeled by the classifier. 
0061 The text samples from the additional set that are 
provided to the classifier can be labeled based on one or more 
features of the text samples. The features of the text samples 
can correspond to the signals on which the classifier has been 
trained. The classifier can identify both content-based signals 
and non-content context-based signals associated with par 
ticular text samples to generate respective labels for the text 
samples. For example, the bag-of-words representation of a 
particular text sample may closely match the bag-of-words 
representations of text samples from a training set that were 
labeled so as to indicate that the potentially offensive term in 
the text samples were deemed to be offensive. Accordingly, 
the classifier may determine that the particular text sample is 
offensive and generate a corresponding label. Likewise, if the 
classifier identifies that the particular text sample originated 
from a particular application from which a high frequency of 
offensive text samples in the training set also originated, this 
too may influence the classifier to label the particular text 
sample as being offensive, consistent with the samples in the 
training set that shared the same feature as the particular text 
sample from the additional set of text samples. In some imple 
mentations, the classifier may generate respective offensive 
ness scores for the text samples that represents a confidence or 
likelihood that a term in a text sample is or is not used in an 
offensive manner. The score can be generated in addition to or 
rather than the label. 

0062. At stage 214, the process 200 re-trains the classifier 
with the labeled additional set of text samples. The classifier 
can be re-trained in each iteration with text samples that were 
labeled by a classifier that was trained in a prior iteration. 
Through this process, classifier signals can be refined and 
re-weighted, and additional signals may be trained on a larger 
set of samples than what was used in a prioriteration. In some 
implementations, the classifier can be re-trained by taking the 
confidence or offensiveness scores of the additional set of text 
samples into consideration. The impact of a text sample that 
the classifier has very confidently determined to be offensive 
may be greater than a text sample with a comparatively lower 
confidence score. For example, consider two text samples 
from the additional set that each include the trigram “that 
bloody man.” One of the text samples has been labeled offen 
sive with a confidencescore of 9/10, while the other of the text 
samples has been labeled non-offensive with a confidence 
score of 2/10. In a re-training stage of the process 200, the 
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re-trained classifier may be configured to recognize the “that 
bloody man' trigram primarily as a signal that tends to indi 
cate that a text sample may be offensive, rather than non 
offensive. The effect of the non-offensive text sample may be 
discounted when training the classifier because of its lower 
confidence score. In some implementations, text samples in 
the additional set of text samples whose confidence score 
does not satisfy a threshold score can be eliminated from the 
training set altogether. For example, the process 200 may 
discard any text samples that have a confidence score less 
than, say, 4/10, so that future generations of classifiers are not 
trained on text samples that may have been incorrectly 
labeled. 

0063. At stage 216, the performance of the re-trained clas 
sifier can be measured. In some implementations, the perfor 
mance of the respective re-trained classifier can be checked 
after each training cycle. With the expectation-maximization 
algorithm, the accuracy of the classifier may improve after 
each training cycle for a number of training cycles. However, 
the marginal improvement may decrease cycle over cycle 
until the accuracy or other performance metric of the classi 
fier converges and fails to improve at least a threshold amount 
after each training cycle. For example, the classifier may be 
60% accurate after an initial training cycle (iteration), 80% 
accurate after a second training cycle, 90% accurate after a 
third cycle, and 92% accurate after a fourth cycle. Additional 
training cycles may not improve the accuracy of the classifier 
an appreciable amount. 
0064. At stage 218, the process 200 determines whether to 
continue training the classifier. If so, an additional training 
iteration can be performed by returning to stage 210, and 
identifying another set of text samples that include a poten 
tially offensive term, using the classifier to label the set, and 
re-training the classifier with the additional set of text 
samples. In some implementations, the determination of 
whether to continue training the classifier with an additional 
iteration can be based on a determined performance metric of 
the particular classifier that is generated after each iteration. 
For example, the classifier may be trained until its accuracy 
reaches a specified level. In some implementations, the clas 
sifier may continue to train until its accuracy converges and 
the marginal improvement in accuracy from one training 
iteration to the next falls below a threshold. In some imple 
mentations, the classifier may be trained a pre-predetermined 
number of cycles without regard to a performance metric. For 
example, the process 200 may be pre-configured to execute a 
total of 5 or 10 training iterations, or any other randomly 
determined or user specified number of iterations. 
0065. A measure of the accuracy of the classifier can be 
determined in a number of ways. In some implementations, a 
statistical cross-validation technique can be performed. In 
Some implementations, the accuracy of the classifier can be 
tested against a verification set of text samples. The text 
samples in the verification set each may include the poten 
tially offensive term that the classifier has been trained on and 
may be associated with a pre-defined label that indicates 
whether the term is being used in an offensive manner in the 
text sample. Each generation of the re-trained classifier can be 
requested to label the text samples in the verification set, and 
the accuracy of the classifier can be scored based on how 
many text samples were correctly labeled so as to match the 
pre-defined label. 
0.066 FIG.3 depicts an example process 300 for determin 
ing whether to redact a potentially offensive term from a 
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sample of text. Redaction can include deleting the offensive 
term from the text sample, substituting the offensive term for 
another term, obscuring the offensive term (e.g., presenting 
random characters (a)if Gr, rather than the original term, 
bloody) or otherwise taking action to change a text sample 
to blocka presentation of the offensive term. The process 300 
is described particularly with respect to redaction of terms 
from the output of a speech recognizer. However, the offen 
sive terms classifiers described throughout this paper can 
generally be used to redact terms from any sample of text, 
regardless of its form or origin. For example, a classifier could 
be used to implement an offensive content filter on a device 
that is programmed to identify potentially offensive terms in 
textual content (e.g., web pages, SMS messages, e-mails, 
etc.), and to redact them if they are determined to actually be 
used in an offensive manner in the context of its use in the text 
sample. Generally, a classifier that is trained, for example, as 
described in FIG. 2, may reduce incidences of over-redaction, 
in which terms that have both offensive and non-offensive 
meanings or connotations are redacted regardless of whether 
the offensive or non-offensive meaning of the term is used in 
a particular case. This may be beneficial, for example, if a 
speech recognizer incorrectly transcribes an utterance and 
mistakenly includes a potentially offensive term. If the con 
text of the entire transcribed utterance does not indicate that 
the term is used in an offensive manner, then the transcription 
may pass through the classifier without being labeled as 
offensive, thereby preventing unnecessary redaction of the 
term that might cause user frustration. For example, if the 
utterance “What a muddy day' was recognized as “What a 
bloody day, the classifier may determine that the term 
“bloody' in this context is not offensive and may not redact it. 
On the other hand, the classifier may also detect that a term 
most likely is offensive in use, even if the term was misinter 
preted by a speech recognizer, so that the term may be 
redacted appropriately. 
0067. The process 300 begins at stage 302, where an utter 
ance is received. The utterance can be spoken input from a 
user of a computing device. For example, a microphone 
coupled to a computing device may detect that a user has 
spoken a command to the device or that the user has spoken 
some text that he or she wishes to be transcribed into a 
message or document. At stage 304, an automatic speech 
recognizer can transcribe the utterance. The speech recog 
nizer may be provided locally on the computing device or 
remotely, Such as a cloud-based speech recognition service, 
for example. The speech recognizer can generally be config 
ured to translate audio data from a speech sample for the 
user's utterance into a transcribed text sample of the words 
uttered by the user. 
0068. At stage 306, the process 300 provides the transcrip 
tion of the utterance to the offensive words classifier. In some 
implementations, the classifier may be trained using the itera 
tive learning techniques described herein, such as by the 
process 200 of FIG. 2. The classifier can be configured to 
label a text sample that includes a potentially offensive term 
with an indication as to whether the term is used in an offen 
sive manner in the text sample. Context data related to the 
transcription of the utterance can also be provided to the 
classifier. Context data may include any extrinsic information 
associated with the utterance beyond the words spoken by the 
user. Examples of Such non-content context information 
include a location of the user at which the utterance was 
spoken, user profile information or historical information 
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about a particular user's propensity to use offensive terms, the 
identity or category of the application into which the utter 
ance was provided, and a transcription confidence score from 
the speech recognizer that indicates the confidence the rec 
ognizer has in the accuracy of the transcription. Later in the 
process 300, any particular one or combination of pieces of 
context data may be used by the classifier to label the tran 
Scription as being either offensive or non-offensive. 
0069. At stage 308, the classifier can identify a potentially 
offensive term in the transcription. In some implementations, 
the classifier may be configured to label text samples that 
include any one or more of multiple different potentially 
offensive terms. For example, the classifier may be trained on 
first sets of data for the term “bloody,” and second sets of data 
for the term "shag. Although some of the signals used by the 
classifier to label a text sample may be the same or similar 
between different potentially offensive terms, some of the 
signals may be distinct. Therefore, process 300 can identify 
the potentially offensive term from the transcription to inform 
the classifier which signals and parameters to apply in its 
analysis of the transcription. 
(0070. At stage 310, the process 300 determines one or 
more content signals based on the textual content of the 
transcription. Content signals can be determined from the text 
of the transcription itself. For example, the process 300 may 
generate a bag-of-words representation of the transcription, 
analyze n-grams in the transcription, or otherwise analyze the 
sentential context of the potentially offensive term as it is used 
in the transcription. At stage 312, one or more context signals 
are determined based on the extrinsic context data identified 
to the classifier at stage 306. For example, the classifier may 
determine a context signal based on a transcription confi 
dence score provided by the speech recognizer that generated 
the transcription. 
0071. At stage 314, the classifier can determine a likeli 
hood that one or more potentially offensive terms in the 
transcription are actually being used in an offensive manner in 
the transcription. In some implementations, the classifier can 
express such a likelihood as a quantitative score whose mag 
nitude corresponds to a degree of offensiveness of the tran 
scription. The classifier can determine the likelihood based on 
one or more signals determined from the transcription. These 
may include the intrinsic content signals that were deter 
mined at stage 310 and the extrinsic content signals that were 
determined at stage 312. For example, the transcription of the 
utterance, “Tell that bloody maid that I’m ready to shag.” can 
be assigned a high offensiveness score reflecting the strong 
likelihood that the utterance is offensive. The trigrams “that 
bloody maid' and “ready to shag' are content signals, for 
example, that signify increased offensiveness to the classifier. 
Moreover, the combination of multiple potentially offensive 
terms (“bloody” and “shag') in the transcription as indicated 
in a bag-of-words representation of the transcription may also 
signify a likelihood that the transcription is offensive. 
0072 At stage 316, the process 300 can generate a label 
for the transcription of the utterance. The label can be selected 
based on the offensiveness score that the classifier determined 
for the transcription. In some implementations, respective 
labels can correspond to different ranges of offensiveness 
scores. For example, assuming that the classifier is configured 
to generate offensiveness scores in the range 0 through 10, 
transcriptions that have an offensiveness score in the range 
0-5 may be labeled “non-offensive, whereas transcriptions 
having an offensiveness score in the range 6-10 may be 
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labeled “offensive.” Other labeling schemes may also be 
implemented. For example, a third category of label, “inde 
terminate.” may indicate that a text sample is neither strongly 
offensive nor clearly non-offensive (e.g. in the offensiveness 
score range 4/10-6/10). The process 300 can apply a label to 
a transcription that reflects the most likely category of the 
transcription as determined by the classifier. 
0073. In some implementations, the label assigned to a 
transcription can be selected based at least in part on the 
transcription confidence score output by the speech recog 
nizer for the transcription. In some implementations, for 
instances in which the confidence score is low and there is at 
least a threshold risk that the transcription does not accurately 
reflect what the user actually spoke, then the classifier may be 
biased toward labeling the transcription offensive rather than 
non-offensive. For example, a classifier may normally be 
configured to label text samples, including high confidence 
transcriptions, “non-offensive” for offensiveness scores in 
the range 0-5, and “offensive” for offensiveness scores in the 
range 6-10. However, if the transcription confidence score for 
a transcription is below a threshold score, the classifier may 
adjust the ranges that apply to each label. For example, the 
classifier may be configured to label low confidence tran 
scriptions as “non-offensive” for offensiveness scores in the 
range 0-3, and "offensive” for offensiveness scores in the 
range 4-10. In some implementations, if the transcription 
confidence score is below a threshold score, the transcription 
may automatically be labeled “offensive' regardless of the 
offensiveness score determined by the classifier. Adjusting 
the labels in this manner can cause the process 300 to err in the 
direction of over-redaction of potentially offensive terms if 
there is a significant likelihood that the transcription is not 
accurate in order to prevent displaying the potentially offen 
sive term to a user. This may be beneficial, for example, if the 
audio of the utterance from which the transcription was gen 
erated includes a Substantial amount of background noise that 
may cause uncertainty in transcribing the utterance. 
0074 At stage 318, one or more offensive terms are 
redacted from a text sample if the classifier has indicated that 
the terms are offensive. In some implementations, a term that 
has been labeled "offensive' can be redacted based on the 
label, and “non-offensive’ labeled terms may not be redacted. 
In some implementations, offensive terms having an offen 
siveness score that satisfies a threshold score may be redacted. 
Redaction includes taking action to block the display of 
offensive portions of a text sample. Redaction may include 
one or more of deleting an offensive term, obscuring an 
offensive term with different characters, or otherwise modi 
fying a text sample so that offensive terms are not displayed in 
their original form. For example, the word “shag' may be 
deleted or may be obscured. 
0075 FIG.4 depicts an example system 400 for iteratively 
training an offensive words classifier using labeled and unla 
beled text samples. In some implementations, the system 400 
may be configured to perform related techniques described in 
this paper, such as the process 400 described with respect to 
FIG. 4. The system 400 can generally include a pre-labeled 
first set of training text samples 402, one or more non-labeled 
additional sets of training text samples 404a-n, a training 
engine 406, an offensive words classifier 408, automatic 
speech recognizer 410, and user console 412. 
0076. The pre-labeled first set of training text samples 402 
can include one or more samples of text that include a poten 
tially offensive term. The text samples in the pre-labeled set 

Oct. 29, 2015 

402 may be manually labeled by one or more users in some 
implementations, such as through individual evaluation of the 
text samples on user console 412. For example, each text 
sample in the pre-labeled set 402 may be labeled either 
“offensive' or “non-offensive.” In some implementations, 
additional or different label categories may be used. In some 
implementations, only offensive text samples may be labeled, 
while it may be inferred that non-labeled text samples are 
non-offensive. 

0077. The one or more non-labeled additional training sets 
of text samples 404a-n can include text samples having the 
same potentially offensive term or terms as the pre-labeled 
training set 402. However, the samples in training sets 404a-n 
are initially unlabeled—i.e., no determination has been made 
as to whether these samples are offensive or not. 
0078. The training engine 406 is configured to analyze text 
samples in a training set to determine one or more signals for 
the classifier 408 that indicate whether a potentially offensive 
term in a text sample is likely being used in an offensive 
manner in the text sample. The training engine 406 can 
include a content signals trainer 414, a context signals trainer 
416, and an offensive words repository 418. The offensive 
words repository 418 can include a list of potentially offen 
sive words or other terms so that the training engine 406 can 
detect which word in a text sample is likely the potentially 
offensive term. In some implementations, different signals 
can be trained for different potentially offensive terms. For 
example, the training engine 406 may determine different 
classifier signals that apply for different potentially offensive 
terms. The content signals trainer 414 is configured to analyze 
the textual content of text samples in a training set 402. 
404a-n to determine content-based signals. The context sig 
nals trainer 416 can statistically analyze extrinsic context 
information outside of the content of text samples to deter 
mine non-content context signals for the classifier 408. 
007.9 The classifier 408 is configured to generate an indi 
cation of the offensiveness of a text sample. In some imple 
mentations, the indication of offensiveness can be an offen 
siveness score that corresponds to a determined degree of 
offensiveness of a potentially offensive term in a text sample. 
For example, a racial or religious slur may be very offensive 
and have a high offensiveness score, whereas a mild profanity 
with less specific meaning may have a lower offensiveness 
score. The offensiveness score may also be biased based on 
the confidence of the classifier's 408 analysis of a text sample. 
For example, if a particular text sample does not correlate 
strongly with any signal on which the classifier 408 is trained 
such that the classifier 408 is unable to confidently determine 
the offensiveness for a text sample, then the offensiveness 
score may be adjusted. In some implementations, the offen 
siveness score can be adjusted higher to indicate a greater 
degree of offensiveness if the confidence of the classifier 408 
decreases. In some implementations, the offensiveness score 
and a classifier confidence score may be determined and 
output separately by the classifier 408. In some implementa 
tions, the indication of offensiveness output by the classifier 
408 can be a label that indicates a category of the text sample 
or a term within the text sample such as an offensive category 
or a non-offensive category. 
0080. The classifier 408 can include one or more of a 
content signals engine 420, context signals engine 422, offen 
sive words repository 424, and label generator 426. The con 
tent signals engine 420 can be configured to identify one or 
more features of a text sample that, based on an analysis of at 
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least one training set of samples 402,404a-in, tend to increase 
or decrease a likelihood that a potentially offensive term in the 
text sample is offensive. The context signals engine 422 can 
be configured to identify one or more pieces of extrinsic 
information related to a text sample that, based on an analysis 
of at least one training set of samples 402, 404a-in, tend to 
increase or decrease a likelihood that a potentially offensive 
term in the text sample is offensive. The list of potentially 
offensive words or other terms on which the classifier 408 is 
trained can be stored in the offensive words repository 424. 
Using the features of the text sample identified by content 
signals engine 420 and context signals engine 422, the label 
generator 426 is configured to generate an offensiveness 
score and/or offensiveness label for a text sample. In some 
implementations, the classifier 408 can generate an offensive 
ness score and/or offensiveness label for a transcription of a 
speech sample that was generated by the automatic speech 
recognizer 410. 
0081. The system 400 can be configured to iteratively train 
and re-train the classifier 408. In a first training cycle, the 
training engine 406 can train the classifier 408 using the 
pre-labeled first set of training samples 402. Once the classi 
fier 408 is initially trained, then a first unlabeled set of text 
samples 404a can be provided to the initially trained classifier 
408 to be labeled or scored to reflect the offensiveness of at 
least one term in the respective text samples. Once this set of 
text samples 404a is labeled by the classifier 408, the set 404a 
is Submitted to the training engine 406, which can then gen 
erate a re-trained second generation classifier 408. The sys 
tem 400 can repeat this iterative training process one or more 
additional cycles until a stopping point is reached, which can 
be based on achieving at least a pre-defined accuracy of the 
classifier 408 in some implementations. 
0082 FIG.5 shows an example of a computing device 500 
and a mobile computing device that can be used to implement 
the techniques described herein. The computing device 600 is 
intended to represent various forms of digital computers. Such 
as laptops, desktops, workstations, personal digital assistants, 
servers, blade servers, mainframes, and other appropriate 
computers. The mobile computing device is intended to rep 
resent various forms of mobile devices, such as personal 
digital assistants, cellular telephones, Smart-phones, and 
other similar computing devices. The components shown 
here, their connections and relationships, and their functions, 
are meant to be exemplary only, and are not meant to limit 
implementations of the inventions described and/or claimed 
in this document. 

I0083. The computing device500 includes a processor 502, 
a memory 504, a storage device 506, a high-speed interface 
508 connecting to the memory 504 and multiple high-speed 
expansion ports 510, and a low-speed interface 512 connect 
ing to a low-speed expansion port 514 and the storage device 
506. Each of the processor 502, the memory 504, the storage 
device 506, the high-speed interface 508, the high-speed 
expansion ports 510, and the low-speed interface 512, are 
interconnected using various busses, and may be mounted on 
a common motherboard or in other manners as appropriate. 
The processor 502 can process instructions for execution 
within the computing device 500, including instructions 
stored in the memory 504 or on the storage device 506 to 
display graphical information for a GUI on an external input/ 
output device, such as a display 516 coupled to the high-speed 
interface 508. In other implementations, multiple processors 
and/or multiple buses may be used, as appropriate, along with 
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multiple memories and types of memory. Also, multiple com 
puting devices may be connected, with each device providing 
portions of the necessary operations (e.g., as a server bank, a 
group of blade servers, or a multi-processor system). 
I0084. The memory 504 stores information within the com 
puting device 500. In some implementations, the memory 
504 is a volatile memory unit or units. In some implementa 
tions, the memory 504 is a non-volatile memory unit or units. 
The memory 504 may also be another form of computer 
readable medium, Such as a magnetic or optical disk. 
I0085. The storage device 506 is capable of providing mass 
storage for the computing device 500. In some implementa 
tions, the storage device 506 may be or contain a computer 
readable medium, Such as a floppy disk device, a hard disk 
device, an optical disk device, or a tape device, a flash 
memory or other similar solid state memory device, or an 
array of devices, including devices in a storage area network 
or other configurations. The computer program product may 
also contain instructions that, when executed, perform one or 
more methods, such as those described above. The computer 
program product can also be tangibly embodied in a com 
puter- or machine-readable medium, Such as the memory 
504, the storage device 506, or memory on the processor 502. 
I0086. The high-speed interface 508 manages bandwidth 
intensive operations for the computing device 500, while the 
low-speed interface 512 manages lower bandwidth-intensive 
operations. Such allocation of functions is exemplary only. In 
some implementations, the high-speed interface 508 is 
coupled to the memory 504, the display 516 (e.g., through a 
graphics processor or accelerator), and to the high-speed 
expansion ports 510, which may accept various expansion 
cards (not shown). In the implementation, the low-speed 
interface 512 is coupled to the storage device 506 and the 
low-speed expansion port 514. The low-speed expansion port 
514, which may include various communication ports (e.g., 
USB, Bluetooth, Ethernet, wireless Ethernet) may be coupled 
to one or more input/output devices, such as a keyboard, a 
pointing device, a scanner, or a networking device Such as a 
Switch or router, e.g., through a network adapter. 
I0087. The computing device 500 may be implemented in a 
number of different forms, as shown in the figure. For 
example, it may be implemented as a standard server 520, or 
multiple times in a group of Such servers. In addition, it may 
be implemented in a personal computer Such as a laptop 
computer 522. It may also be implemented as part of a rack 
server system 524. Alternatively, components from the com 
puting device 500 may be combined with other components 
in a mobile device (not shown). Such as a mobile computing 
device 550. Each of such devices may contain one or more of 
the computing device 500 and the mobile computing device 
550, and an entire system may be made up of multiple com 
puting devices communicating with each other. 
I0088. The mobile computing device 550 includes a pro 
cessor 552, a memory 564, an input/output device such as a 
display 554, a communication interface 566, and a transceiver 
568, among other components. The mobile computing device 
550 may also be provided with a storage device, such as a 
micro-drive or other device, to provide additional storage. 
Each of the processor 552, the memory 564, the display 554, 
the communication interface 566, and the transceiver568, are 
interconnected using various buses, and several of the com 
ponents may be mounted on a common motherboard or in 
other manners as appropriate. 
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0089. The processor 552 can execute instructions within 
the mobile computing device 550, including instructions 
stored in the memory 564. The processor 552 may be imple 
mented as a chipset of chips that include separate and multiple 
analog and digital processors. The processor 552 may pro 
vide, for example, for coordination of the other components 
of the mobile computing device 550, such as control of user 
interfaces, applications run by the mobile computing device 
550, and wireless communication by the mobile computing 
device 550. 

0090 The processor 552 may communicate with a user 
through a control interface 558 and a display interface 556 
coupled to the display 554. The display 554 may be, for 
example, a TFT (Thin-Film-Transistor Liquid Crystal Dis 
play) display or an OLED (Organic Light Emitting Diode) 
display, or other appropriate display technology. The display 
interface 556 may comprise appropriate circuitry for driving 
the display 554 to present graphical and other information to 
a user. The control interface 558 may receive commands from 
a user and convert them for submission to the processor 552. 
In addition, an external interface 562 may provide communi 
cation with the processor 552, so as to enable near area 
communication of the mobile computing device 550 with 
other devices. The external interface 562 may provide, for 
example, for wired communication in Some implementations, 
or for wireless communication in other implementations, and 
multiple interfaces may also be used. 
0091. The memory 564 stores information within the 
mobile computing device 550. The memory 564 can be 
implemented as one or more of a computer-readable medium 
or media, a Volatile memory unit or units, or a non-volatile 
memory unit or units. An expansion memory 574 may also be 
provided and connected to the mobile computing device 550 
through an expansion interface 572, which may include, for 
example, a SIMM (Single In Line Memory Module) card 
interface. The expansion memory 574 may provide extra 
storage space for the mobile computing device 550, or may 
also store applications or other information for the mobile 
computing device 550. Specifically, the expansion memory 
574 may include instructions to carry out or supplement the 
processes described above, and may include secure informa 
tion also. Thus, for example, the expansion memory 574 may 
be provide as a security module for the mobile computing 
device 550, and may be programmed with instructions that 
permit secure use of the mobile computing device 550. In 
addition, secure applications may be provided via the SIMM 
cards, along with additional information, Such as placing 
identifying information on the SIMM card in a non-hackable 
a. 

0092. The memory may include, for example, flash 
memory and/or NVRAM memory (non-volatile random 
access memory), as discussed below. The computer program 
product contains instructions that, when executed, perform 
one or more methods, such as those described above. The 
computer program product can be a computer- or machine 
readable medium, Such as the memory 564, the expansion 
memory 574, or memory on the processor 552. In some 
implementations, the computer program product can be 
received in a propagated signal, for example, over the trans 
ceiver 568 or the external interface 562. 

0093. The mobile computing device 550 may communi 
cate wirelessly through the communication interface 566, 
which may include digital signal processing circuitry where 
necessary. The communication interface 566 may provide for 
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communications under various modes or protocols, such as 
GSM voice calls (Global System for Mobile communica 
tions), SMS (Short Message Service), EMS (Enhanced Mes 
saging Service), or MMS messaging (Multimedia Messaging 
Service), CDMA (code division multiple access), TDMA 
(time division multiple access), PDC (Personal Digital Cel 
lular), WCDMA (Wideband Code Division MultipleAccess), 
CDMA2000, or GPRS (General Packet Radio Service), 
among others. Such communication may occur, for example, 
through the transceiver 568 using a radio-frequency. In addi 
tion, short-range communication may occur, Such as using a 
Bluetooth, WiFi, or other such transceiver (not shown). In 
addition, a GPS (Global Positioning System) receiver module 
570 may provide additional navigation- and location-related 
wireless data to the mobile computing device 550, which may 
be used as appropriate by applications running on the mobile 
computing device 550. 
0094. The mobile computing device 550 may also com 
municate audibly using an audio codec 560, which may 
receive spoken information from a user and convert it to 
usable digital information. The audio codec 560 may likewise 
generate audible sound for a user, Such as through a speaker, 
e.g., in a handset of the mobile computing device 550. Such 
Sound may include Sound from Voice telephone calls, may 
include recorded sound (e.g., voice messages, music files, 
etc.) and may also include sound generated by applications 
operating on the mobile computing device 550. 
(0095. The mobile computing device 550 may be imple 
mented in a number of different forms, as shown in the figure. 
For example, it may be implemented as a cellular telephone 
580. It may also be implemented as part of a smart-phone 582, 
personal digital assistant, or other similar mobile device. 
0096 Various implementations of the systems and tech 
niques described here can be realized in digital electronic 
circuitry, integrated circuitry, specially designed ASICs (ap 
plication specific integrated circuits), computer hardware, 
firmware, software, and/or combinations thereof. These vari 
ous implementations can include implementation in one or 
more computer programs that are executable and/or interpret 
able on a programmable system including at least one pro 
grammable processor, which may be special or general pur 
pose, coupled to receive data and instructions from, and to 
transmit data and instructions to, a storage system, at least one 
input device, and at least one output device. 
0097. These computer programs (also known as pro 
grams, Software, Software applications or code) include 
machine instructions for a programmable processor, and can 
be implemented in a high-level procedural and/or object 
oriented programming language, and/or in assembly/ma 
chine language. As used herein, the terms machine-readable 
medium and computer-readable medium refer to any com 
puter program product, apparatus and/or device (e.g., mag 
netic discs, optical disks, memory, Programmable Logic 
Devices (PLDs)) used to provide machine instructions and/or 
data to a programmable processor, including a machine-read 
able medium that receives machine instructions as a machine 
readable signal. The term machine-readable signal refers to 
any signal used to provide machine instructions and/or data to 
a programmable processor. 
0098. To provide for interaction with a user, the systems 
and techniques described here can be implemented on a com 
puter having a display device (e.g., a CRT (cathode ray tube) 
or LCD (liquid crystal display) monitor) for displaying infor 
mation to the user and a keyboard and a pointing device (e.g., 
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a mouse or a trackball) by which the user can provide input to 
the computer. Other kinds of devices can be used to provide 
for interaction with a user as well; for example, feedback 
provided to the user can be any form of sensory feedback 
(e.g., visual feedback, auditory feedback, or tactile feed 
back); and input from the user can be received in any form, 
including acoustic, speech, or tactile input. 
0099. The systems and techniques described here can be 
implemented in a computing system that includes a back end 
component (e.g., as a data server), or that includes a middle 
ware component (e.g., an application server), or that includes 
a front end component (e.g., a client computer having a 
graphical user interface or a Web browser through which a 
user can interact with an implementation of the systems and 
techniques described here), or any combination of Such back 
end, middleware, or front end components. The components 
of the system can be interconnected by any form or medium 
of digital data communication (e.g., a communication net 
work). Examples of communication networks include a local 
area network (LAN), a wide area network (WAN), and the 
Internet. 
0100. The computing system can include clients and serv 

ers. A client and server are generally remote from each other 
and typically interact through a communication network. The 
relationship of client and server arises by virtue of computer 
programs running on the respective computers and having a 
client-server relationship to each other. 
0101 Although various implementations have been 
described in detail above, other modifications are possible. In 
addition, the logic flows depicted in the figures do not require 
the particular order shown, or sequential order, to achieve 
desirable results. In addition, other steps may be provided, or 
steps may be eliminated, from the described flows, and other 
components may be added to, or removed from, the described 
systems. Accordingly, other implementations are within the 
Scope of the following claims. 

1. A computer-implemented method comprising: 
obtaining a plurality of text samples; 
identifying, from among the plurality of text samples, a 

first set of text samples that each includes a particular 
potentially offensive term; 

obtaining labels for the first set of text samples that indicate 
whether the particular potentially offensive term is used 
in an offensive manner in respective ones of the text 
samples in the first set of text samples: 

training, based at least on the first set of text samples and 
the labels for the first set of text samples, a classifier that 
is configured to use one or more signals associated with 
a text sample to generate a label that indicates whether a 
potentially offensive term in the text sample is used in an 
offensive manner in the text sample; and 

providing, to the classifier, a first text sample that includes 
the particular potentially offensive term, and in 
response, obtaining, from the classifier, a label that indi 
cates whether the particular potentially offensive term is 
used in an offensive manner in the first text sample. 

2. The computer-implemented method of claim 1, further 
comprising: 

identifying, from among the plurality of text samples, a 
second set of text samples that each includes the particu 
lar potentially offensive term; 

providing the second set of text samples to the classifier, 
and in response, obtaining labels for the second set of 
text samples that were generated by the classifier and 
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that indicate whether the particular potentially offensive 
term is used in an offensive manner in respective ones of 
the text samples in the second set of text samples, 

wherein training the classifier is further based on the sec 
ond set of text samples and the labels for the second set 
of text samples that were generated by the classifier. 

3. The computer-implemented method of claim 1, further 
comprising iteratively training the classifier by performing 
multiple training iterations, each training iteration compris 
ing providing a particular set of text samples to the classifier, 
obtaining labels for the particular set oftext samples that were 
generated by the classifier in response, and re-training the 
classifier based at least on the particular set of text samples 
and the labels for the particular set of text samples that were 
generated by the classifier. 

4. The computer-implemented method of claim3, wherein 
the particular set of text samples in a first of the training 
iterations includes more text samples than the particular set of 
text samples in a training iteration that preceded the first of the 
training iterations. 

5. The computer-implemented method of claim 3, further 
comprising, for each of at least some of the multiple training 
iterations, determining a measure of accuracy of the classifier 
by comparing the labels generated by the classifier for a 
subset of the particular set of text samples with a control set of 
labels for the subset of the particular set of text samples that 
are known to be accurate. 

6. The computer-implemented method of claim 1, wherein 
training the classifier comprises using information from the 
first set of text samples in an expectation-maximization algo 
rithm. 

7. The computer-implemented method of claim 1, further 
comprising obtaining, in response to providing the first text 
sample to the classifier, a label confidence score that indicates 
a confidence that the label correctly indicates whether the 
particular potentially offensive term is used in an offensive 
manner in the first text sample. 

8. The computer-implemented method of claim 1, wherein 
the one or more signals associated with the text sample used 
by the classifier to generate the label comprise information 
determined based on content of the text sample. 

9. The computer-implemented method of claim8, wherein 
the information determined based on content of the text 
sample comprises in-gram data for an n-gram in the text 
sample that includes the particular potentially offensive term. 

10. The computer-implemented method of claim 8. 
wherein the information determined based on content of the 
text sample comprises bag-of-words data that indicates a 
distribution of terms in the text sample. 

11. The computer-implemented method of claim 1, 
wherein the one or more signals associated with the text 
sample used by the classifier to generate the label comprise 
contextual data associated with the text sample that is not 
determined based on content of the text sample. 

12. The computer-implemented method of claim 11, 
wherein the text sample is a transcription of an utterance, and 
wherein the contextual data associated with the text sample 
comprises an indication of user satisfaction with the tran 
Scription of the utterance. 

13. The computer-implemented method of claim 11, 
wherein the text sample is a transcription of an utterance, and 
wherein the contextual data associated with the text sample 
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comprises a transcription confidence score that indicates a 
likelihood that the text sample is an accurate transcription of 
the utterance. 

14. The computer-implemented method of claim 1, 
wherein the one or more signals associated with the text 
sample used by the classifier to generate the label comprise 
both information determined based on content of the text 
sample and contextual data associated with the text sample 
that is not determined based on the content of the text sample. 

15. The computer-implemented method of claim 1, 
wherein the plurality of text samples includes text samples 
obtained from at least one of records of transcribed speech 
and records of search queries. 

16. The computer-implemented method of claim 1, 
wherein the labels for at least some of the first set of text 
samples that indicate whether the particular potentially offen 
sive term is used in an offensive manner in respective ones of 
the text samples in the first set of text samples were manually 
determined by one or more users. 

17. One or more computer-readable devices having 
instructions stored thereon that, when executed by one or 
more processors, cause performance of operations compris 
ing: 

obtaining a plurality of text samples; 
identifying, from among the plurality of text samples, a 

first set of text samples that each includes a particular 
potentially offensive term; 

obtaining labels for the first set of text samples that indicate 
whether the particular potentially offensive term is used 
in an offensive manner in respective ones of the text 
samples in the first set of text samples: 

training, based at least on the first set of text samples and 
the labels for the first set of text samples, a classifier that 
is configured to use one or more signals associated with 
a text sample to generate a label that indicates whether a 
potentially offensive term in the text sample is used in an 
offensive manner in the text sample; and 

providing, to the classifier, a first text sample that includes 
the particular potentially offensive term, and in 
response, obtaining, from the classifier, a label that indi 
cates whether the particular potentially offensive term is 
used in an offensive manner in the first text sample. 

18. The one or more computer-readable devices of claim 
17, wherein the operations further comprise: 

identifying, from among the plurality of text samples, a 
second set of text samples that each includes the particu 
lar potentially offensive term; 

providing the second set of text samples to the classifier, 
and in response, obtaining labels for the second set of 
text samples that were generated by the classifier and 
that indicate whether the particular potentially offensive 
term is used in an offensive manner in respective ones of 
the text samples in the second set of text samples, 

wherein training the classifier is further based on the sec 
ond set of text samples and the labels for the second set 
of text samples that were generated by the classifier. 

19. The one or more computer-readable devices of claim 
17, wherein the operations further comprise iteratively train 
ing the classifier by performing multiple training iterations, 
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each training iteration comprising providing a particular set 
of text samples to the classifier, obtaining labels for the par 
ticular set of text samples that were generated by the classifier 
in response, and re-training the classifier based at least on the 
particular set of text samples and the labels for the particular 
set of text samples that were generated by the classifier, 
wherein different particular sets of text samples are used 
among particular ones of the multiple training iterations. 

20. A system comprising: 
one or more computers configured to provide: 

a repository of potentially offensive terms; 
a repository of labeled text samples that includes a first 

set of labeled text samples for which one or more 
potentially offensive terms from the repository of 
potentially offensive terms have been labeled in the 
first set of text samples so as to indicate likelihoods 
that the potentially offensive terms are used in offen 
sive manners in particular ones of the text samples in 
the first set of labeled text samples; 

a repository of non-labeled text samples that includes a 
first set of non-labeled text samples that include one or 
more potentially offensive terms from the repository 
of potentially offensive terms: 

a classifier that labels the one or more potentially offen 
sive terms in the first set of non-labeled text samples to 
generate a second set of labeled text samples that are 
labeled so as to indicate a likelihood that the one or 
more potentially offensive terms in the text samples 
are used in offensive manners; and 

a training engine that trains the classifier based at least 
on the first set of labeled text samples and the second 
set of labeled text samples that were labeled by the 
classifier. 

21. A computer-implemented method comprising: 
obtaining a plurality of text samples; 
identifying, from among the plurality of text samples, a 

first set of text samples that each includes a particular 
potentially offensive term; 

obtaining labels for the first set of text samples that indicate 
whether a particular user considers the particular poten 
tially offensive term to be used in an offensive manner in 
respective ones of the text samples in the first set of text 
samples; 

training, based at least on the first set of text samples and 
the labels for the first set of text samples, a user-specific 
classifier for the particular user, wherein the user-spe 
cific classifier is configured to use one or more signals 
associated with a text sample to generate a label that 
indicates whether a potentially offensive term in the text 
sample is likely to be considered by the particular user to 
be used in an offensive manner in the text sample; and 

providing, to the user-specific classifier, a first text sample 
that includes the particular potentially offensive term, 
and in response, obtaining, from the user-specific clas 
sifier, a label that indicates whether the particular poten 
tially offensive term is likely to be considered by the 
particular user to be used in an offensive manner in the 
first text sample. 
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