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APPENDIX I
DERIVATION OF THE DECOMPOSITION EQUATIONS

We derive below the forms of eqgs. (4), (6).

By definition of conditional probability, P(X,Y) =
P(X)P(Y|X). A reasonable simplifying assumption is that
the fragments depend only on their parents in the pyramid,
and are independent given the parent’s correct match. In this
case, P(X) can be factored as
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P(X) = P(Xg) (10)

where 7(f) is the parent of f in the pyramid and R is the root
fragment. The product is over all fragments except the root.

Next, we assume that the observations C(f,¢’) involving
some source fragment f are determined by the value of Xy
(its true match) and ¢’. Therefore, given X, the observation
C(f,¢’) is independent of all other observations of the same
fragment, C(f,t') (¢’ # t’), of matches of other fragments
Xp (h # f) and of their observations C'(h,t’) (h # f). This
assumption is standard for similar models [24].

Note that high consistency C(f, ¢’) indicates that f is likely
to match ¢’. This increases the likelihood that X; = ¢’ and
therefore decreases the likelihood that Xy = h’ # ¢’ . This, in
turn, suggests that the consistency value C(f, h') is unlikely to
be high. The observations C(f, ¢’) and C(f, k') are therefore
dependent. The reason for this dependence is that both obser-
vations affect the distribution of X ;. The assumption made
above is that X is the only source of the dependence and
therefore the observations become independent when the value
of X is fixed.

Under this assumption, P(Y'|X) can be rewritten as
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where Y is the set of all observed consistency values that
involve the fragment f:

Y ={C(f.g')|¢" at the same level as f}. (12)

Due to conditional independence,
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where M'( f) is the set of the possible matches of f,i.e. M'(f)
is the set of candidate target fragments g’ at the same level as
I

Combining the assumptions above results in the desired
factorization
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APPENDIX II
ESTIMATING THE MODEL’S PROBABILITIES

Here, we justify in more detail eqgs. (7), (8), (9).
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By Bayes formula,
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Since high consistency is an evidence of a match, a natural
assumption is that P(X; = f'|C(f, f')) is proportional to
C(f, f"), or, more generally, to [C(f, f')]” for some power
. Values of v > 1 make the maxima of C(f, f’) sharper,
while values of v < 1 make the maxima of C(f, f’) wider.
Assuming also that

P ) _
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we arrive at the following estimate:
1
PO Xy = 1) = ik M, (17)

where Z; is an appropriate normalization factor. Note that
the actual distribution P(C(f, f’)) could be estimated dur-
ing training since this does not require examples of correct
matches. However, good performance was obtained simply by
using eq. (17).

Experiments with two different approximations of
P(C(f,9")| Xy = f') were performed. The first approximation
was to use

PC(f,9)1 Xy = [)=1-PC(f.9)NXs =9

(where P(C(f,¢')|X; = ¢') is estimated from eq. (17)).
This assumes that high consistency values are unlikely for
a non-matching pair, while lower consistency values are
more likely. The second approximation assumed a uniform
distribution for P(C(f,¢')|X; = f’). The intuition here
is that two non-matching fragments f, ¢’ are independent;
therefore, all consistency values are equally likely. In par-
ticular, high consistency for a non-matching pair can be
obtained by chance. In the experiments, the performance of
the two approximations was equivalent. However, the second
approximation allows a more efficient implementation: since
the terms P(C(f,¢')| Xy = f') are constant, P(Y¢| X = f’)
can be written simply as

PY/IX; = ') = - C(. 5P

where Z; is adjusted so that P(Yy|X; = f’) is a valid
probability distribution. This approximation was used in the
final scheme.

The distribution P(X; = f'| Xy = fr) implements the
proximity constraint, using the hierarchical structure. Assume
that 7(f) matches f.. By definition, f is a child of = (f).
Similarity of the hierarchical structure requires f’ to be a child
of f. Therefore, P(X; = f'|X:(s) = f;) should be high if
the smaller fragment f’ falls inside the larger fragment f.,
and should decrease when f’ becomes more distant from f!.
Note that the probability P(X; = f'[X.) = f}) should
be defined for all fragments f., even if f! is actually not a
parent of f’. Setting P(X; = f'|X(s) = f;) to a small but
non-zero value if w(f’) # f. allows the scheme to cope with
occasional deviations from the proximity constraint.

(18)

19)



The actual distribution P(X; = f'|X;s) = fr) could
be learned from examples. However, since no observable
examples of correct matches are available in our setting, the
following estimate conforming to the qualitative requirements
listed above was used:

1 1

P(Xy = [ Xns) = fr) = Z A, 1P (20)
Here d(f’, fI) is the distance from the center of f’ to the
center of f/, and Z, is the appropriate normalization factor,
calculated so that the right-hand side in eq. (20) sums to 1.
In our experiments, this estimate was sufficient to obtain good
performance. Experiments with different parameters «, § in
the family

P(X} = ['[Xoip = f1) = Zi exp(—ad? (', 1))

were also done, but resulted in poorer performance.
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