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The problem
background

• problem: severe speech impairment, often 
limited motor control

• solution: Augmentative and Alternative 
Communication (AAC) devices



The problem
background



The problem
background

• problem: low communication rate with 
AAC devices (with motor impairment, 10 
wpm or less)

• subproblem: communication divide 
with speech (<10 wpm vs. 150-200 wpm)

• subproblem: fatigue from continual use

• solution: word prediction in AAC
(Alm et al., 92), (Boggess, 88), (Carlberger et al., 97), (Carlberger, 98), (Garay-
Vitoria and Gonzàlez-Abascal, 97), (Garay-Vitoria and Abascal, 06), (Hunnicutt 
and Carlberger, 01), (Lesher and Rinkus, 02), (Lesher et al., 02), (Matiasek et al., 
02),  (Väyrynen, 05), (Wandmacher and Antoine, 06), (Wandmacher and 
Antoine, 07) and many more...



The problem
part 1

• problem: simplistic word prediction methods

• unigrams + recency is common in devices

• trigrams are the top-end (e.g., WordQ)

• subproblem: users tend to ignore poor 
predictors (or worse, distractions)

• evidence that a better predictor will increase 
communication rate
in contrast to (Koester and Levine, 94), (Venkatagiri, 93), (Anson et al., 04)

(NAACL, 2007) (Telehealth/AT, 2008)



The problem
part 2

• background: ngrams sensitive to training 
data

• highly influenced by:

• amount of training data

• similarity of training and testing data

• problem: no conversational AAC corpora, 
only AAC written corpora is very small

• many target domains (e.g., school, homework, 
email)



The proposal
high level

• Design an adaptive language model that:

• utilizes all training data

• focuses on the most similar data

• may be only a small amount of similar 
data; data sparseness must be addressed

(ACL-SRW, 2008) (ISAAC, 2008)



The proposal
details

• Weight chunks of training data based on:

• topical similarity to current text

• stylistic similarity to current text

• Utilize current text (cache or recency 
modeling)

(ACL-SRW, 2008) (ISAAC, 2008)



Outline
 

• Word prediction evaluation methods

• Topic modeling

• Proposed future work

• Style adaptation

• Cache modeling

• Combining topic, style, and cache



Evaluation methods
keystroke savings

• percentage of keystrokes avoided using word 
prediction

• affected by the number of predictions 
(window size) - typically 1-10

KS =
keystrokesnormal − keystrokeswith prediction

keystrokesnormal
∗ 100%



Evaluation methods
simulated usage

• How many keys does predictive entry take?

• simulate a perfect user

• direct selection

• automatically add a space after a word is 
selected



Evaluation methods
interpreting keystroke savings

• How do we interpret keystroke savings?

• Minimum - zero (the desired word was 
never predicted)

• Maximum - much less than 100% (each 
word takes at least one keystroke)

• 80-86% max for our tests (varies by 
corpus)

(ACL short paper, 2008)



Evaluation methods
corpora

• Which corpora for training and testing?

• conversational text is the focus

• AAC devices are also used for writing, 
email, etc, so also use a variety of corpora



Evaluation methods
corpora

Corpus Medium Words
AAC Email email 27,710
Callhome spoken 48,407
Charlotte spoken 187,587
SBCSAE spoken 237,191
Micase spoken 545,411

Switchboard spoken 2,883,774
Total spoken 3,902,380

Slate written 4,178,543



Evaluation methods
corpora

• Which corpora for training and testing?

• Domain-varied evaluation

• In-domain

• Out-of-domain

• Mixed-domain

(ASSETS, 2007)



Topic modeling
goals

• seamlessly adapt to the topic of 
conversation

• boost similar training data, but allow all 
training data to contribute

• worst case, the model should degrade to the 
baseline model

(ISAAC, 2006)



Topic modeling
overview

(pure)

(ISAAC, 2006)



Topic modeling
weighting each topic

Ptopic(w | h) =
∑

t∈topics

P (t | h) ∗ P (w | h, t)

Overall 
model Relevance/similarity score Ngram model 

for topic t



Topic modeling
pure and hybrid modeling

• measuring a full-fledged ngram model for 
each topic - pure topic modeling

• Problem: more sparseness in posterior 
compared to baseline (due to larger 
parameter space)

• Potential solution: measuring an 
impoverished model for each and combining 
with baseline - hybrid topic modeling

(IUI, 2006)



Topic modeling
pure topic modeling

P (w | h) =
∑

t∈topics

P (t | h) ∗ P (w | w−1, w−2, t)

Overall 
model Relevance/similarity score

Trigram 
model for 

topic t



Topic modeling
hybrid topic modeling

Overall 
model

Relevance/
similarity 

score

Unigram 
model for 

topic t

Phybrid(w | h) = Pbaseline(w | w−1, w−2) ∗





∑

t∈topics

P (t | h) ∗ P (w | t)





α

Baseline 
trigram 
model



Topic modeling
pure vs. hybrid modeling

• Evaluating pure vs. hybrid modeling (W=2-10)

• Baseline trigram: 51.1% - 62.5% savings

• Theoretical limit: 82.6% savings

• Pure modeling (bigrams) +1.2-1.5% savings

• Hybrid modeling (trigrams) - +0.3-0.4% savings

• A spectrum of hybridization

(IUI, 2006)



Topic modeling
issues in essentials

• smoothing after interpolation

• dealing with floating-point frequencies for 
smoothing methods

• re-scaling the distribution to reflect true 
total frequencies

• Good-Turing smoothing too finicky, used 
robust approximation



Topic modeling
assessing relevance of a topic

Ptopic(w | h) =
∑

t∈topics

P (t | h) ∗ P (w | h, t)

Overall 
model Relevance/similarity score Ngram model 

for topic t



Topic modeling
assessing relevance of a topic

• Problems in assessing topical relevance

• How to represent the current document?

• How to represent each topic?

• How to compare the two representations?

• Compare unigram-like distributions



Topic modeling
assessing relevance of a topic

• Representing the current document

• frequency

• recency

• topical salience



Topic modeling
assessing relevance of a topic

• frequency

3.2 Topic Identification/Relevance 3 A STUDY IN ADAPTATION: TOPIC MODELING

Relevance scores are computed by comparing the unigram model of each topic with a unigram-like model of the
conversation/document in progress. This model can be called a cache or recency model, and it is not restricted to
pure frequencies. Generally speaking, the cache of the document is mapping of words to weights, where weights
are determined using a combination of frequency, recency, and topical salience to model the topical importance
of each word at the current point of the document. This cache representation of the document is then compared
against the unigram model for each topic and then a relevance score for each topic is determined in order to
compute the overall linear interpolation. This section first describes investigations in the cache representation of
the document and then variations on the relevance score itself.

3.2.1 Document Cache

The cache of the current document is a model that maps individual words to weights, which are functions of each
word’s frequency, recency, and topical salience. In order to illustrate weightings for words, we present weightings
for word occurrences and sum the weights for each occurrence of a term to compute the overall weight of the
term.

The starting point for our investigation of the document cache ignores recency and salience, computing the weight
of word w as the frequency the word in the part of the document encountered so far. The frequency of a word
is computed by iterating over all words and adding one every time the desired term is encountered, illustrated for
an example sentence in Figure 12. In this example, the weight for the term “Kathy” is 2 and the weight for other
terms like “shared” is 1. This model, although simplistic, will weight the importance of words in proportion to

words Kathy shared an office with Kathy in g—
weights 1 1 1 1 1 1 1

Figure 12: The user is currently typing “grad school” in this sentence. The weights are shown for each word
occurrence.

how often the speaker or author uses them. However, the document cache can be improved by taking recency
and topical salience into account.

3.2.1.1 Recency The recency of use of a word contributes to the relevance of the word. If a word was used
somewhat recently, we would expect to see the word again. However, if a word was only used many sentences ago,
we would not expect to see the word again compared to more recent words. These intuitions were confirmed by
Beeferman et al. [4], who found that the probability of lexical repetition could be modeled using an exponential
function of the recency of the word. We follow Bellegarda [7] in using an exponentially decayed cache to model
this effect of recency on importance at the current position in the document. Each word occurrence is weighted
differently in this method, illustrated in Figure 13. In this example, the term “Kathy” has a weight of 1.685 and
“shared” has a weight of 0.774. In an exponential decay model, λ is a tunable decay weight. We chose λ = 0.95

words Kathy shared an office with Kathy in g—
weights λ6 λ5 λ4 λ3 λ2 λ1 λ0

at λ = 0.95 0.735 0.774 0.815 0.857 0.903 0.95 1

Figure 13: The user is currently typing “grad school” in this sentence. The weights are shown for each word
occurrence, using recency. Frequency is implicit, as the weights of occurrences for each term are summed to
weight terms.

following Bellegarda [7]. The effect of this model is that words that occur both frequently and recently are
weighted highest. Words that occur infrequently are weighted lowly unless they occurred very recently, and words

25 March 19, 2008

term normalized score unnormalized score

Kathy 0.286 2

office 0.143 1

an 0.143 1



Topic modeling
assessing relevance of a topic

• frequency + recency

3.2 Topic Identification/Relevance 3 A STUDY IN ADAPTATION: TOPIC MODELING

Relevance scores are computed by comparing the unigram model of each topic with a unigram-like model of the
conversation/document in progress. This model can be called a cache or recency model, and it is not restricted to
pure frequencies. Generally speaking, the cache of the document is mapping of words to weights, where weights
are determined using a combination of frequency, recency, and topical salience to model the topical importance
of each word at the current point of the document. This cache representation of the document is then compared
against the unigram model for each topic and then a relevance score for each topic is determined in order to
compute the overall linear interpolation. This section first describes investigations in the cache representation of
the document and then variations on the relevance score itself.

3.2.1 Document Cache

The cache of the current document is a model that maps individual words to weights, which are functions of each
word’s frequency, recency, and topical salience. In order to illustrate weightings for words, we present weightings
for word occurrences and sum the weights for each occurrence of a term to compute the overall weight of the
term.

The starting point for our investigation of the document cache ignores recency and salience, computing the weight
of word w as the frequency the word in the part of the document encountered so far. The frequency of a word
is computed by iterating over all words and adding one every time the desired term is encountered, illustrated for
an example sentence in Figure 12. In this example, the weight for the term “Kathy” is 2 and the weight for other
terms like “shared” is 1. This model, although simplistic, will weight the importance of words in proportion to

words Kathy shared an office with Kathy in g—
weights 1 1 1 1 1 1 1

Figure 12: The user is currently typing “grad school” in this sentence. The weights are shown for each word
occurrence.

how often the speaker or author uses them. However, the document cache can be improved by taking recency
and topical salience into account.

3.2.1.1 Recency The recency of use of a word contributes to the relevance of the word. If a word was used
somewhat recently, we would expect to see the word again. However, if a word was only used many sentences ago,
we would not expect to see the word again compared to more recent words. These intuitions were confirmed by
Beeferman et al. [4], who found that the probability of lexical repetition could be modeled using an exponential
function of the recency of the word. We follow Bellegarda [7] in using an exponentially decayed cache to model
this effect of recency on importance at the current position in the document. Each word occurrence is weighted
differently in this method, illustrated in Figure 13. In this example, the term “Kathy” has a weight of 1.685 and
“shared” has a weight of 0.774. In an exponential decay model, λ is a tunable decay weight. We chose λ = 0.95

words Kathy shared an office with Kathy in g—
weights λ6 λ5 λ4 λ3 λ2 λ1 λ0

at λ = 0.95 0.735 0.774 0.815 0.857 0.903 0.95 1

Figure 13: The user is currently typing “grad school” in this sentence. The weights are shown for each word
occurrence, using recency. Frequency is implicit, as the weights of occurrences for each term are summed to
weight terms.

following Bellegarda [7]. The effect of this model is that words that occur both frequently and recently are
weighted highest. Words that occur infrequently are weighted lowly unless they occurred very recently, and words

25 March 19, 2008

term normalized score unnormalized score

Kathy 0.279 1.685

office 0.142 0.857

an 0.135 0.815



Topic modeling
assessing relevance of a topic

• topical salience - Inverse Topic Frequency 
(ITF)

• frequency + recency + ITF + stopword 
removal

3.2 Topic Identification/Relevance 3 A STUDY IN ADAPTATION: TOPIC MODELING

words Kathy shared an office with Kathy in g—
weights λ3 ∗ ITF (Kathy) λ2 ∗ ITF (shared) 0 λ1 ∗ ITF (office) 0 λ0 ∗ ITF (Kathy) 0
example 5.165 4.256 0 2.649 0 6.024 0

Figure 15: The user is currently typing “grad school” in this sentence. The weights are shown for each word
occurrence, using recency and ITF. Frequency is implicit, as the weights of occurrences for each term are
summed to weight terms. Stopwords are ignored in processing.

different functions to model P (t | h) and then describe manipulations of the relevance functions to improve topic
modeling.

3.2.2.1 Relevance functions Our initial work in approximating P (t | h) used distributional similarity
measures along with normalization (see [50] for a comparison of several measures of distributional similarity).
Given an arbitrary function of the similarity between the topic unigram model t and the cache of the current
document c, we normalize it to become a probability distribution:

P (t | h) ≈ sim(t, c)∑
t′ sim(t′, c)

We initially used the cosine measure for similarity scoring, shown below. The geometric intuition of the cosine
measure is that the topic unigram model and the cache of the current document are graphed in a V-dimensional
space, where V is the vocabulary and the value of each dimension is the frequency of the corresponding word.
In this representation, cosine is a measure of the angle between the two vectors. This measure accounts for the
potentially different lengths of the two distributions, more akin to comparing probabilities between the distributions
than comparing frequencies. The normalization for length is especially important when comparing a long and
short document. In the long document, many irrelevant words may occur once, as if by chance. In the short
document, even words that occur once may be important topic words.

simcosine(t, c) =
∑

w∈t∩c ft(w) ∗ fc(w)
√∑

w∈t ft(w)2 ∗
√∑

w∈c fc(w)2

where t represents the words in the topic unigram model, c represent the words in the cache, ft(w) is the weight of
w in topic t, and fc(w) is the weight of w in the cache. Like most similarity measures, the cosine measure focuses
on both the overlap between the two distributions as well as the overlap in relation to the size of each distribution.
One of the appealing features of the cosine measure is that similarity is biased more towards matching on frequent
words rather than infrequent ones.

Other researchers have demonstrated that cosine is not the best relevance metric for their applications [70, 50],
so we decided to evaluate two other topic similarity scores: Jacquard’s coefficient, which performed better than
most other similarity measures in selecting the correct verb for an object for Lee [50] and Näıve Bayes, which gave
better results than cosine for Seymore and Rosenfeld [70] for topic modeling.

The Jacquard coefficient is shown below. This method, although simplistic, was found to be the best previously
existing technique by Lee [50] for differentiating between a artificial and natural verb-object pairs.

simJacquard(t, c) =
| t ∩ c |
| t ∪ c |

where t and c are sets of the words that occur in the topic and cache. Like the other methods, this one considers
both the overlap between the two distributions and the non-overlap, but it ignores any weights associated with
the words, instead computing the percentage overlap in the word forms.

27 March 19, 2008

term normalized score unnormalized score

Kathy 0.618 11.189

office 0.146 2.649

an 0 0



Topic modeling
assessing relevance of a topic

• Relevance functions

• cosine

• Jacquard

• Naïve Bayes

• Normalize to probability distribution

3.2 Topic Identification/Relevance 3 A STUDY IN ADAPTATION: TOPIC MODELING

words Kathy shared an office with Kathy in g—
weights λ3 ∗ ITF (Kathy) λ2 ∗ ITF (shared) 0 λ1 ∗ ITF (office) 0 λ0 ∗ ITF (Kathy) 0
example 5.165 4.256 0 2.649 0 6.024 0

Figure 15: The user is currently typing “grad school” in this sentence. The weights are shown for each word
occurrence, using recency and ITF. Frequency is implicit, as the weights of occurrences for each term are
summed to weight terms. Stopwords are ignored in processing.

different functions to model P (t | h) and then describe manipulations of the relevance functions to improve topic
modeling.

3.2.2.1 Relevance functions Our initial work in approximating P (t | h) used distributional similarity
measures along with normalization (see [50] for a comparison of several measures of distributional similarity).
Given an arbitrary function of the similarity between the topic unigram model t and the cache of the current
document c, we normalize it to become a probability distribution:

P (t | h) ≈ sim(t, c)∑
t′ sim(t′, c)

We initially used the cosine measure for similarity scoring, shown below. The geometric intuition of the cosine
measure is that the topic unigram model and the cache of the current document are graphed in a V-dimensional
space, where V is the vocabulary and the value of each dimension is the frequency of the corresponding word.
In this representation, cosine is a measure of the angle between the two vectors. This measure accounts for the
potentially different lengths of the two distributions, more akin to comparing probabilities between the distributions
than comparing frequencies. The normalization for length is especially important when comparing a long and
short document. In the long document, many irrelevant words may occur once, as if by chance. In the short
document, even words that occur once may be important topic words.

simcosine(t, c) =
∑

w∈t∩c ft(w) ∗ fc(w)
√∑

w∈t ft(w)2 ∗
√∑

w∈c fc(w)2

where t represents the words in the topic unigram model, c represent the words in the cache, ft(w) is the weight of
w in topic t, and fc(w) is the weight of w in the cache. Like most similarity measures, the cosine measure focuses
on both the overlap between the two distributions as well as the overlap in relation to the size of each distribution.
One of the appealing features of the cosine measure is that similarity is biased more towards matching on frequent
words rather than infrequent ones.

Other researchers have demonstrated that cosine is not the best relevance metric for their applications [70, 50],
so we decided to evaluate two other topic similarity scores: Jacquard’s coefficient, which performed better than
most other similarity measures in selecting the correct verb for an object for Lee [50] and Näıve Bayes, which gave
better results than cosine for Seymore and Rosenfeld [70] for topic modeling.

The Jacquard coefficient is shown below. This method, although simplistic, was found to be the best previously
existing technique by Lee [50] for differentiating between a artificial and natural verb-object pairs.

simJacquard(t, c) =
| t ∩ c |
| t ∪ c |

where t and c are sets of the words that occur in the topic and cache. Like the other methods, this one considers
both the overlap between the two distributions and the non-overlap, but it ignores any weights associated with
the words, instead computing the percentage overlap in the word forms.
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3.2 Topic Identification/Relevance 3 A STUDY IN ADAPTATION: TOPIC MODELING

words Kathy shared an office with Kathy in g—
weights λ3 ∗ ITF (Kathy) λ2 ∗ ITF (shared) 0 λ1 ∗ ITF (office) 0 λ0 ∗ ITF (Kathy) 0
example 5.165 4.256 0 2.649 0 6.024 0

Figure 15: The user is currently typing “grad school” in this sentence. The weights are shown for each word
occurrence, using recency and ITF. Frequency is implicit, as the weights of occurrences for each term are
summed to weight terms. Stopwords are ignored in processing.

different functions to model P (t | h) and then describe manipulations of the relevance functions to improve topic
modeling.

3.2.2.1 Relevance functions Our initial work in approximating P (t | h) used distributional similarity
measures along with normalization (see [50] for a comparison of several measures of distributional similarity).
Given an arbitrary function of the similarity between the topic unigram model t and the cache of the current
document c, we normalize it to become a probability distribution:

P (t | h) ≈ sim(t, c)∑
t′ sim(t′, c)

We initially used the cosine measure for similarity scoring, shown below. The geometric intuition of the cosine
measure is that the topic unigram model and the cache of the current document are graphed in a V-dimensional
space, where V is the vocabulary and the value of each dimension is the frequency of the corresponding word.
In this representation, cosine is a measure of the angle between the two vectors. This measure accounts for the
potentially different lengths of the two distributions, more akin to comparing probabilities between the distributions
than comparing frequencies. The normalization for length is especially important when comparing a long and
short document. In the long document, many irrelevant words may occur once, as if by chance. In the short
document, even words that occur once may be important topic words.

simcosine(t, c) =
∑

w∈t∩c ft(w) ∗ fc(w)
√∑

w∈t ft(w)2 ∗
√∑

w∈c fc(w)2

where t represents the words in the topic unigram model, c represent the words in the cache, ft(w) is the weight of
w in topic t, and fc(w) is the weight of w in the cache. Like most similarity measures, the cosine measure focuses
on both the overlap between the two distributions as well as the overlap in relation to the size of each distribution.
One of the appealing features of the cosine measure is that similarity is biased more towards matching on frequent
words rather than infrequent ones.

Other researchers have demonstrated that cosine is not the best relevance metric for their applications [70, 50],
so we decided to evaluate two other topic similarity scores: Jacquard’s coefficient, which performed better than
most other similarity measures in selecting the correct verb for an object for Lee [50] and Näıve Bayes, which gave
better results than cosine for Seymore and Rosenfeld [70] for topic modeling.

The Jacquard coefficient is shown below. This method, although simplistic, was found to be the best previously
existing technique by Lee [50] for differentiating between a artificial and natural verb-object pairs.

simJacquard(t, c) =
| t ∩ c |
| t ∪ c |

where t and c are sets of the words that occur in the topic and cache. Like the other methods, this one considers
both the overlap between the two distributions and the non-overlap, but it ignores any weights associated with
the words, instead computing the percentage overlap in the word forms.
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words Kathy shared an office with Kathy in g—
weights λ3 ∗ ITF (Kathy) λ2 ∗ ITF (shared) 0 λ1 ∗ ITF (office) 0 λ0 ∗ ITF (Kathy) 0
example 5.165 4.256 0 2.649 0 6.024 0

Figure 15: The user is currently typing “grad school” in this sentence. The weights are shown for each word
occurrence, using recency and ITF. Frequency is implicit, as the weights of occurrences for each term are
summed to weight terms. Stopwords are ignored in processing.

different functions to model P (t | h) and then describe manipulations of the relevance functions to improve topic
modeling.

3.2.2.1 Relevance functions Our initial work in approximating P (t | h) used distributional similarity
measures along with normalization (see [50] for a comparison of several measures of distributional similarity).
Given an arbitrary function of the similarity between the topic unigram model t and the cache of the current
document c, we normalize it to become a probability distribution:

P (t | h) ≈ sim(t, c)∑
t′ sim(t′, c)

We initially used the cosine measure for similarity scoring, shown below. The geometric intuition of the cosine
measure is that the topic unigram model and the cache of the current document are graphed in a V-dimensional
space, where V is the vocabulary and the value of each dimension is the frequency of the corresponding word.
In this representation, cosine is a measure of the angle between the two vectors. This measure accounts for the
potentially different lengths of the two distributions, more akin to comparing probabilities between the distributions
than comparing frequencies. The normalization for length is especially important when comparing a long and
short document. In the long document, many irrelevant words may occur once, as if by chance. In the short
document, even words that occur once may be important topic words.

simcosine(t, c) =
∑

w∈t∩c ft(w) ∗ fc(w)
√∑

w∈t ft(w)2 ∗
√∑

w∈c fc(w)2

where t represents the words in the topic unigram model, c represent the words in the cache, ft(w) is the weight of
w in topic t, and fc(w) is the weight of w in the cache. Like most similarity measures, the cosine measure focuses
on both the overlap between the two distributions as well as the overlap in relation to the size of each distribution.
One of the appealing features of the cosine measure is that similarity is biased more towards matching on frequent
words rather than infrequent ones.

Other researchers have demonstrated that cosine is not the best relevance metric for their applications [70, 50],
so we decided to evaluate two other topic similarity scores: Jacquard’s coefficient, which performed better than
most other similarity measures in selecting the correct verb for an object for Lee [50] and Näıve Bayes, which gave
better results than cosine for Seymore and Rosenfeld [70] for topic modeling.

The Jacquard coefficient is shown below. This method, although simplistic, was found to be the best previously
existing technique by Lee [50] for differentiating between a artificial and natural verb-object pairs.

simJacquard(t, c) =
| t ∩ c |
| t ∪ c |

where t and c are sets of the words that occur in the topic and cache. Like the other methods, this one considers
both the overlap between the two distributions and the non-overlap, but it ignores any weights associated with
the words, instead computing the percentage overlap in the word forms.

27 March 19, 2008

3.2 Topic Identification/Relevance 3 A STUDY IN ADAPTATION: TOPIC MODELING

We also investigated the Näıve Bayes method for relevance scoring. Whereas the similarity scores are very rough
measures of P (t | h) in conjunction with normalization, Näıve Bayes computes a true probability. The intuition
behind Näıve Bayes is to assign the current document to a topic based on which topic unigram model assigns
the highest probability to the document. In this way, words which are better identifiers of topics contribute more
to topic classification. Therefore, we did not use ITF weighting in conjunction with Näıve Bayes. In addition to
considering how words occur in topics, Näıve Bayes also considers the probability of a topic independent of the
words (some topics may be very common and others very rare). The form of Näıve Bayes used for topic modeling
is shown below (the common form would have a document d rather than a history h).

P (t | h) = P (t) ∗
∏

P (w | t)fh(w)

where t is the topic, h is the history (the document seen so far), and fh(w) is the weight of the word in the cache
representation of the document so far, just as with cosine. P (t) is computed simply as the probability of any
word in the corpus occurring in topic t and P (w | t) is the probability of word w occurring in topic t, measured
as a unigram model over the texts in topic t.

We used logs and scaled it down in order to use standard hardware:

log(P (t | h)) =
log(P (t)) +

∑
f(w) ∗ log(P (w | t))∑
f(w)

We evaluated all three similarity metrics using Switchboard topics as the training data and each of our corpora
for testing. The results were run using our cross-validation setup (11-fold, sets aligned across corpora, where
cross-validation can be thought of as selecting columns of data and the evaluation specification selects the rows
of data for training and testing). The table below shows the results of topic modeling for Switchboard-trained
topics across corpora. Näıve Bayes is shown with and without scaling (which scales the maximum likelihood to 1
and the minimum to 0 before normalizing the scores, see Section 3.2.2.2 for more information).

Testing corpus Cosine Jacquard Naive Bayes Naive Bayes (no scaling)
AAC Emails 43.527% 43.179% 42.099% 42.213%
Santa Barbara 43.902% 43.454% 42.142% 42.385%
Callhome 49.517% 49.170% 48.317% 48.512%
Charlotte 50.070% 49.730% 48.195% 48.385%
Micase 46.990% 46.630% 45.412% 45.577%
Switchboard* 61.478% 60.636% 57.635% 58.089%
Slate* 39.779% 39.510% 38.207% 38.421%

Table 7: Switchboard topic modeling with trigrams compared with different similarity scores. Corpora with
stars were too large to use cross-validation in time. The highest keystroke savings per corpus is shown in
bold.

In our evaluation, we found that cosine is consistently better than both Jacquard’s coefficient and both variants
of Näıve Bayes . The differences between cosine and the other methods are statistically significant at p < .001.

The poor performance of Näıve Bayes was unexpected, especially since Näıve Bayes is commonly accepted as
a baseline method in text classification [41] and was found to reduce perplexity slightly over TF-IDF for topic
modeling for Seymore and Rosenfeld [70]. Even without the negative interaction between score scaling (see
following section), Näıve Bayes still performs worse than cosine. It may be possible that the recency weighting in
the cache also had a negative interaction with Näıve Bayes ; traditionally Näıve Bayes is applied on raw frequencies.

Jacquard performs much closer to cosine than Näıve Bayes did, though Näıve Bayes still performs significantly
better. That Jacquard performs somewhat comparably to cosine is astonishing considering that it completely
ignores all of the knowledge of frequency, recency, and salience and focuses solely on vocabulary overlap for
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Topic modeling
assessing relevance of a topic

• Evaluating similarity scores

• cosine: +0.273 to +1.124% over baseline

• Jacquard: -0.162 to +0.336% over baseline

• Naïve Bayes - -2.265% to -0.947% over 
baseline (with scaling even worse)

• Additional tuning - score scaling, smoothing, 
stemming



Topic modeling
what’s in a topic?

Ptopic(w | h) =
∑

t∈topics

P (t | h) ∗ P (w | h, t)

Overall 
model Relevance/similarity score Ngram model 

for topic t



Topic modeling
granularity

• What’s in a topic?

• Granularity - how general or specific a topic is

• general topics tend to include many 
documents

• specific topics tend to include few documents



Topic modeling
granularity

• medium-grained - typical human-
annotated topics (e.g., sports, weather, 
politics, food)

• fine-grained - treating each document as 
a topic (may be very, very specific)

• coarse-grained - treating each corpus as 
a topic (very, very general topics, like news 
vs. academic texts)



Topic modeling
medium-grained evaluation

3.3 What’s in a topic? 3 A STUDY IN ADAPTATION: TOPIC MODELING

3.3 What’s in a topic?

Our approach to topic modeling requires that the training data be segmented by topic. Documents in some
corpora are manually assigned to topic labels, such as “air pollution” or “fishing” in Switchboard [74], which can
be used for language modeling [77, 52]. Other researchers use topics of a similar type, but rely on automatic
document clustering rather than manual clustering of topics [27]. However, other researchers have used each
individual document as a sort of topic [58, 70]. At the other end of the spectrum, corpora tend to have very
general themes, such as the Callhome corpus, which contains phone conversations between friends and family.
The focus of this section is the difference between different levels of topic granularity, where fine-grained topics
are generally very small, very specific collections of text (we take each document as a topic in this approach). On
the other hand, coarse-grained topics contain a large amount of text and have a very general topic (e.g., news).
Medium-grained topics are the traditional approach, where automatic or manual clustering forms topics that are
reasonably specific (e.g., clothes, computers, sports). We implemented topic modeling at all three granularities,
where we used documents as topics for fine-grained, Switchboard’s topics for medium-grained, and corpora for
coarse-grained (e.g., Switchboard, SBCSAE, Slate, Callhome). We evaluated all three approaches at W = 5 for
a trigram baseline and a trigram-based pure topic model.

Not only do we vary the topic granularity, but we also control for corpus variations using our domain-varied
evaluation of Section 2.2 and [75]. The relationship of the training data to the testing data describes the domain
of the test. In-domain tests report the results of training using the same corpus as the testing data (on held-out
data), which is the common evaluation for research. Out-of-domain tests report the results of training on all
corpora except the testing corpus, approximating the real-world performance of the approach. Mixed-domain
tests report the results of training on all corpora (on held-out data), similar to a real-world evaluation of a model
that integrates testing data into training after processing.

The domain-varied evaluation interacts somewhat with the topic granularity information — not all combinations of
domain and granularity are possible. Coarse-grained modeling takes an entire corpus as a topic, making in-domain
evaluation uninformative. In this case, only one topic exists, reducing the topic model to the trigram baseline.
Also, for medium granularity, we do not perform automatic clustering, so this evaluation is limited to training on
Switchboard data (the only one of our corpora that has been annotated for topic). The medium-grained tests are
an in-domain evaluation when tested on Switchboard and similar to an out-of-domain evaluation when tested on
other corpora (as Switchboard is one of our largest corpora).

3.3.1 Medium-grained topics (human-annotated)

We evaluated medium-grained topic models using the manually annotated topics in Switchboard for training and
each corpus for testing. The baseline method in this experiment is a non-adaptive trigram model trained on
Switchboard. The results are shown in Table 9.

Testing corpus Trigram Medium-grained topic Significance
AAC Emails 43.25% 43.53% (+0.27%) p < 0.05
Santa Barbara 43.49% 43.90% (+0.41%) p < 0.001
Callhome 49.33% 49.52% (+0.19%) p < 0.005
Charlotte 49.64% 50.07% (+0.43%) p < 0.001
Micase 46.52% 46.99% (+0.47%) p < 0.001
Switchboard* 60.35% 61.48% (+1.12%) p < 0.001
Slate* 39.17% 39.78% (+0.61%) p < 0.001

Table 9: Medium-grained, Switchboard-trained Medium-grained topic modeling using human-
annotated topics, trained on Switchboard. The baseline method is a non-adaptive trigram model trained on
Switchboard. *cross-validation not performed due to time constraints
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Topic modeling
granularity

• Evaluation of topic granularity

• Medium-grained
in-domain: +1.12% over baseline
out-of-domain: +0.19% to +0.61% over baseline

• Coarse-grained
out-of-domain: -1.25% to -0.24% over baseline
mixed-domain: -0.30 to +1.11% over baseline

• Fine-grained
in-domain: -0.05% to +1.07% over baseline
out-of-domain: -0.11% to +1.07% over baseline
mixed-domain: +0.26% to +1.67% over baseline



Topic modeling
related work

• Topic modeling
(Lesher and Rinkus, 02), (Seymore and Rosenfeld, 97), (Seymore et al., 
98), (Chen et al., 98), (Mahajan et al., 99), (Florian and Yarowsky, 99), 
(Clarkson and Robinson, 97), (Iyer and Ostendorf, 99), (Adda et al., 99), 
(Kneser and Steinbiss, 93)

• Latent Semantic Analysis models
(Wandmacher and Antoine, 07), (Wandmacher et al., 07), (Bellegarda, 
98), (Bellegarda, 00)

• Trigger pair models
(Li and Hirst, 05), (Li, 06), (Matiasek et al., 03), (Gong, 07), (Lau et al., 
93), (Rosenfeld, 94), (Rosenfeld, 96)



Topic modeling
summary

• Combating data sparseness - pure vs. hybrid, 
smoothing after interpolation, adjusting 
smoothing for the task

• Similarity scores - cosine with tweaks 
worked best

• Granularity - human-annotated topics 
worked best, but fine-grained is promising



Style modeling
motivation

• In-domain vs. out-of-domain is a question of 
both topic and style

• AAC devices are used for many different 
genres (e.g., conversation, speeches, 
homework, papers)



Style modeling
background

• example: written vs. spoken language
(Biber, 88)

• Several researchers use a three-level model
(Hovy, 88), (Kessler et al., 97), (Michos et al., 96)

• top level - genre labels (e.g., news broadcast)

• middle level - features (e.g., formality, conciseness)

• low level - realization (e.g., pronoun usage)



Style modeling
corpus study

• Corpus study of style

• collected 8.8k words of my earlier 
research emails, 15.5k words of my papers

• compared various distributions of the two 
corpora to computationally show stylistic 
differences



Style modeling
corpus study

• compared distributions, focusing on words/
tags/pairs that were frequent but very 
different

• word unigrams

• part of speech (POS) unigrams

• coarse-grained POS bigrams



Style modeling
corpus study

• word unigrams

• pronouns much more likely in email (e.g., 
you, I, it)

• contractions more likely in email

• certain specific nouns more likely in 
papers (e.g., model, language, training)



Style modeling
corpus study

• POS unigrams

• pronouns and wh-pronouns more 
common in emails

• particle verbs more common in emails 
(e.g., write up, figure out)

• comparative adverbs, foreign words more 
common in papers



Style modeling
corpus study

• coarse-POS bigrams

• more modified nouns in papers

• more ADV-N/N-ADV pairs in emails (e.g., 
“so I”, “I just”, “then I”)

• passive voice VBZ-VBN pairs more likely in 
papers (e.g., “has been”, “is shown”)



Style modeling
proposing a model

• Focus: stylistic differences in POS tag usage

• Plan to build on a POS ngram model (often 
used for Markov model POS taggers):

P (w | h) =
∑

tag∈POS(w)

P (tag | tag−1, tag−2, . . .) ∗ P (w | tag)



Style modeling
proposing a model

• Extending the POS ngram model like topic 
modeling:

Pstyle(w | h) =
∑

s∈styles

P (s | h) ∗
∑

tag∈POS(w)

P (tag | tag−1, tag−2, s) ∗ P (w | tag)



Style modeling
expected problems

• Problems to address

• How will we get POS tagged training text?

• How will we determine stylistic relevance/
similarity?

• What set of styles to use?



Style modeling
expected problems

• POS tagged training text

• Initial plan: use the Stanford maxent tagger 
(Toutanova and Manning, 00)

• Potential improvement: iterate using Expectation-
Maximization (EM) algorithm

• Stylistic similarity

• Initial plan: use cosine with both POS unigrams and 
bigrams

• Potential improvement: Naïve Bayes or combine 
separate similarities



Style modeling
expected problems

• What’s in a style?

• Initial plan: treat each corpus as a style

• Potential alternatives: fine-grained style 
modeling, automatic clustering



Style modeling
summary

• Model style using POS ngrams

• Adapt the transition probabilities based on 
POS tag distributional similarity

• Treat each corpus as a style



Cache-based adaptation
related work

• Two major existing approaches

• Jelinek et al. (91) - word ngram model of most 
recent 1000 words

• Kuhn and de Mori (90) - POS ngram emission 
probability of recent words

• Variations: reset cache between documents or not

• Simplistic approaches - named entity cache, unigrams
(Li and Hirst, 05), (Väyrynen, 05), (Carlberger, 98)



Cache-based adaptation
goals

• utilize the most relevant text while 
accounting for the extreme data sparseness

• integrate smoothly with existing model



Cache-based adaptation
the plan

• Kuhn and de Mori better address data 
sparseness

• Problem: unknown words

• Initial plan: let the Viterbi algorithm do it

• Potential alternative: leverage morphology 
(e.g., PC-KIMMO)

P (w | w−1, w−2) =
∑

tag∈POS(w)

P (tag | tag−1, tag−2) ∗ ((1 − λ) ∗ P (w | tag) + λ ∗ Pcache(w | tag))



Combining it all
combining topic and style

• Combining topic and style

• Utilize the POS ngram model and adapt 
emission probabilities to topic

P (w | h) =
∑

s∈styles

P (s | h) ∗
∑

topic∈topics

P (topic | h) ∗
∑

tag∈POS(w)

P (tag | tag−1, tag−2, s) ∗ P (w | tag, topic)



Combining it all
adding cache adaptations

• Adding in cache modeling

P (w | h) =
∑

s∈styles

P (s | h)∗

∑

topic∈topics

P (topic | h)∗

∑

tag∈POS(w)

P (tag | tag−1, tag−2, s) ∗ ((1 − λ)P (w | tag, topic) + λ ∗ P (w | tag, cache))



Existing contributions
 

• Our approach to topic modeling

• Topic modeling for word prediction

• Domain-varied evaluation

• Theoretical limits of word prediction

(IUI, 06) (ISAAC, 06) (NAACL, 07) (ASSETS, 07) (Telehealth/AT, 08) (ACL short, 08)



Expected contributions
 

• Style modeling

• Applying a POS-based cache to word 
prediction

• Tightly integrating multiple adaptive language 
models

• Evaluation of combination models

(ACL-SRW, 08) (ISAAC, 08)



Questions?





Topic modeling
issues in essentials

• Backoff and smoothing

• smoothing before interpolation 
overestimates data sparseness (smoothes 
too much)

• smoothing after interpolation correctly 
estimates sparseness



Topic modeling
issues in essentials



Topic modeling
issues in essentials

• Problem: interpolation turns frequencies 
into floating-point numbers

• Solution: take ceiling of all values

• Problem: interpolation reduces the 
contribution of each word occurrence

• Solution: scale the distribution back to its 
original sum +0.2-0.4% (W=2-10)



Topic modeling
issues in essentials

• Katz’ backoff requires that we smooth an 
entire (unconditional) distribution at once

• Problems: too computationally 
demanding, Good-Turing smoothing 
struggles with sparse conditional 
distributions

• Solution: approximate Good-Turing 
smoothing in a more robust equation

P (w | h) =
f(w | h)

f(w | h) + λ
∗

f(w | h)

f(h)


