








polysemy – e.g. the word ‘system’ is generated by both
the ‘space-related’ and ‘cryptographic’ aspects. The
identifiers attached to each cause, shown in the table
header, have intentionally been chosen as adjectives, in
order to emphasize that these lists represent features
that are common to possibly overlapping subsets of the
data.

Finally, we show how we can use the proposed
method to ‘read between the lines’, i.e. to infer a list
of missing words and so expand short text messages.
Table 2 provides the top list of the most probable
words for which P (‘phantom’|n, t, xtn) is highest for
eight randomly selected documents of the corpus. As
expected, these are all words which are not present
in the document under consideration, however their
absence is not explained by topical features as they are
semantically strongly related to the words which are
present in the document. Indeed, the document could
readily be expanded with the list of words obtained.
Investigating the presented model for multiple Bernoulli
query expansion will therefore be an interesting future
work to pursue.

govern secur access scheme system devic

kei 0.99 encrypt 0.99 public 0.98 clipper 0.92 chip 0.91 peopl 0.89
comput 0.84 escrow 0.83 algorithm 0.76

encrypt decrypt tap
system 1.00 kei 1.00 public 1.00 govern 0.98 secur 0.98

clipper 0.97 chip 0.97 peopl 0.96 comput 0.94

algorithm encrypt secur access peopl scheme system comput

kei 0.98 public 0.97 govern 0.92 clipper 0.87 chip 0.85 escrow 0.75
secret 0.63 nsa 0.63 devic 0.62

peopl effect diseas medicin diagnos
medic 0.98 doctor 0.77 patient 0.75 treatment 0.71 physician 0.66

food 0.66 symptom 0.65 med 0.65 diet 0.65

system medicin

effect 0.97 medic 0.96 peopl 0.96 doctor 0.92 patient 0.92
diseas 0.91 treatment 0.91 physician 0.89 food 0.89

peopl secret effect cost doctor patient food pain
medic 0.48 diseas 0.28 treatment 0.27 medicin 0.27 physician 0.24

symptom 0.24 med 0.24 diet 0.24 clinic 0.23

peopl effect doctor
medic 0.98 patient 0.87 diseas 0.85 treatment 0.84 medicin 0.84
physician 0.81 food 0.81 symptom 0.80 med 0.80

peopl sin love christ rutger geneva jesu

god 0.99 christian 0.99 church 0.79 word 0.79 bibl 0.78 faith 0.78
agre 0.74 accept 0.73 scriptur 0.73

Table 2: Expansion of eight randomly selected docu-
ments from the 4 Newsgroups collection. For each docu-
ment, the first line of the cell contains the words present
in the document, followed by the top list of words that
the ’phantom-topic’ is responsible for, along with the
posterior probability of the ’phantom’ given a document
and a word.

4 Conclusions

We have presented a novel probabilistic multiple cause
model for inferring hidden causes behind multivariate
binary observations. As opposed to the multinomial
analogue of the model [4] as well as to previous nonlinear

multiple cause models of binary data — some of which
try to compensate for a binary thresholding of frequency
counts data [10, 11] — the presented model, by its
construction, infers reasons behind both the observed
and the unobserved attributes and we have exploited
this for automatically distinguishing between attributes
which are off and those that are missing. Illustrative
examples on artificially corrupted digit images as well
as binary coded text have been presented and discussed,
and comparisons have been shown.
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