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Inter mediate Features Intermediate Feaﬂg;zsl are gvsagef?l irzlo(igfmbolic Processing
(Ullman ez a/, 2002) y »

We demonstrated the utility of intermediate features in the symbolic domain by

Suppose that you want to identify an image such as a face by comparing it with a da- showing that they facilitate the retrieval of analogs. The graph below shows how
tabase of pre-classified images. Ullman’s strategy was to break the image into well retrieval matches both novice-like and expert-like behavior at various average
subimages (features) ot ditterent sizes and see how often you find those subimages feature sizes. When features of an intermediate size are used, the behavior of the
in a particular class. retrieval algorithm is most like that of experts.
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even in a set of pictures of the same 0.7 W % From (Finlayson & Win-
class. The most informative fea- 06 ston, 2005), which shows
tures, those found most often in pic- S s that when features of an
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In other words, small features are too general, and large features are too specitic. W
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What best identifies an image within a class are features of an intermediate size and
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Bridge Incremental Analogizer

. - , . . . This generic incremental matching algorithm has a number of free param-
Incremental mappers differ from ‘single-shot’ analogical mappers in that they attempt to quickly , ,
. . . eters. To construct our Intermediate-Features-based mapper, which we
narrow the possible field of analogies and produce the best analogies first, rather produce many , , , ,
L N . . . call the Bridge Incremental Analogizer, or BIA, we made the following choices
(or all) analogies in parallel. Algorithmically, incremental mappers can be seen as producing a list < , , ,
. . . . . . for those free parameters within a general implementation of an incre-

of analogies as their output, with analogies deemed best produced earlier, and analogies deemed

poorer produced later. A generic incremental algorithm is shown below:. mental matching algorithm, based closely on Keane’s 1994 implementa-

tion of TAM:
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We implemented both the SME and IAM incremental analogical mappers from their de- 0.8 %
scriptions 1n the literature (Falkenhainer ez 4/, 1989; Keane ¢z a/., 1994). 'To produce the
comparison we used a dataset of our own construction that consists of 14 descriptions of - -
c
international and civil conflicts. As can be seen, the BIA performs on average much better g 06 e
than SME or IAM. o
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o
. . . . . p
Fach mapper was run with all description pairs (except self-selt pairs), for : 0.4
14x13=182 analogies per datapoint. < | |
0.3 —8— Bridge Incremental Analogizer (BIA)
0.2 —&— Incremental Analogy Machine (IAM)
Fach analogy was scored using a standardized rating method (Falkenhainer 01 —8— Structure Mapping Engine (SME)
et al., 1989) and the results were normalized against the highest-rated analogy
for eaCh lndeX from all three queues. 0 | T T T T T T [ e s B B ) B ) B ) B B B E Y B B
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Comparison of the first forty analogies produce by BIA, IAM, and
y y ; ;
SME, averaged and normalized for 182 analogies.
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