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Background Motivation

Adapting to Match the Topic Future: style adaptation

• ngrams sensitive to training data
• multiple uses for AAC devices
• need good (relevant) training data
•adapt to the current text to get 

the most out of training data

P (w | h) =
∑

t∈topics

P (t | h) ∗ P (w | h, t)

•alternative communication, 
slow communication rate

KS =
keysnormal − keysprediction

keysnormal

× 100%

•word prediction speeds up 
communication rate

•evaluation: keystroke savings

Topic ApplicationTopic IdentificationTopic Granularity

The self-test analysis is     affected
DT  JJS         NN          VBZ VBN 

by both the size of  the  corpus
IN  DT   DT  NN   IN  DT  NN 

as well as the diversity of  the corpus 
IN  RB  IN  DT NN           IN  DT NN 

, which explains the trend with Switchboard
, WDT   VBZ      DT    NN     IN    NNP 

: participants in  the corpus collection 
: NNS              IN DT  NN        NN 

were restricted to  one of roughly 70 topics 
VBD  VBN         TO CD  IN RB        CD NNS 

, most of which are represented
, JJS   IN WDT  VBP VBN 

in  every set of Switchboard .
IN  DT     NN IN NNP               .
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• using trigrams

• smooth/backoff after interpolation - 
interpolating frequencies

• rescaling the frequency distribution 
for smoothing (+0.2-0.4%)

•binning frequencies for smoothing

• smoothing extremely sparse 
conditional distributions on-demand

•modeling h and t independently 
(-0.6-1.2%)

Switchboard is      really low .
NNP               VBZ  RB    JJ    .

This could reflect that we   chose
DT    MD     VB       IN   PRP  VBD

a    good corpus originally ,  maybe that
DT JJ      NN        RB           ,  RB       IN 

the cleanup was   more consistent
DT NN          VBD  RBR  JJ

(           I        do    n't   think  it     's     any
-LRB-  PRP  VBP RB  VB     PRP  VBZ DT

more  advanced than the  others  , 
RBR   JJ             IN      DT   NNS     ,

but  I        think I       spent far more time on  it
CC  PRP  VBP  PRP  VBD  RB JJR   NN   IN PRP
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•current document representation: 
frequency, recency, inverse topic freq.

•similarity scores: cosine (best), Jacquard, 
Naïve Bayes (worst)

•polarizing the scores for more 
discrimination

•smoothing to prevent non-zero scores for 
sparse topics

•stemming helps with sparse topics 
(+0.2%) but hurts for normal topics 
(-0.1-0.2%)

•granularity of topic labels: the size of 
topics; specific or general topics

•medium-grained: human-annotated, typical 
clusters (e.g., clothing, weather, jobs)

•fine-grained: document as topic, IR-like 
modeling (e.g., seasonal clothing at work)

• coarse-grained: corpus as topic, very high-
level (e.g., news, chit-chat)

•evaluation (with domain variations)

Phybrid(w | h) = P (w | w−2, w−1) ∗





∑

t∈topics

P (t | h) ∗ P (w | t)





α

f(w | h)

f(w | h) + λ
×

f(w | h)

f(h)

∑

w

f ′

topic(w | h) = α ∗
∑

w

ftopic(w | h) =
∑

t∈topics

∑

w

f(w | h, t)

•style granularity: treat each corpus as a style (e.g., 
Switchboard, Micase)

•style identifications: cosine similarity of POS tags and 
pairs

•style application: condition transition probabilities of 
POS ngram model

Pstyle(w | h) =
∑

s∈styles

P (s | h) ∗
∑

tag∈POS(w)

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

•POS tags and pairs across styles
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sim′(t, h) =
sim(t, h) − mint′(sim(t′, h))

maxt′(sim(t′, h)) − mint′(sim(t′, h))

sim′(t, h) =
sim(t, h) + γ ∗ mint′|sim(t′,h)>0(sim(t′, h))

maxt′(sim(t′, h)) + γ ∗ mint′|sim(t′,h)>0(sim(t′, h))

advised by Kathy McCoy

In-domain
Out-of-

domain
Mixed-domain

Trigram baseline 60.35% 53.88% 59.80%

SWB (medium) 61.48% (+1.12%) - -

Documents (fine) 61.42% (+1.07%) 54.90% (+1.02%) 61.17% (+1.37%)

Corpora (coarse) - 52.63% (-1.25%) 60.62% (+0.82%)


