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Background:
Two Types of  Retrieval

This work applies to a model of  analogical reasoning 
reviewed in French (2002) and outlined in Fig. 1.  Ac-
cording to this model, before items from memory 
can be structurally mapped à la Structure-Mapping 
Theory (Gentner, 1983), those items must be re-
trieved via a computationally efficient process.

Contributions
• Formulated a feature-based model to account for 
both superficial and structural retrieval.

• Implemented the model and tested it on a dataset 
of  our own construction.

• Demonstrated the value of  intermediate features 
for analogical retrieval. 

Intermediate Features
Maximize Information

Ullman discovered that small features, like those in Fig. 2, are found in 
nearly all images, regardless of  class.  Large features, on the other hand, 
are rarely found even in the set of  pictures of  the same class. 

Future Work
Run the model on other datasets from the literature, 
including: 

• Gentner & Forbus’s Karla the Hawk dataset 
(Forbus et al, 1994)

• Thagard & Holyoak’s ARCS dataset (Thagard et al, 
1990)
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Results
We ran our model on a set of  56 representations of  particular in-
ternational conflicts.  Fourteen of  these representations were 
stimuli, and the other 42 representations were automatically gener-
ated from the stimuli to be either superficially-related to that 
stimulus, structurally-related, or both.  Results are shown in Fig. 5.

Inspiration: Image Classification
(Ullman et al, 2002)

Ullman’s technique was intended for visual classification.  Suppose that you want to identify an image such as a face by com-
paring it with a database of  pre-classified images.  Ullman’s strategy was to break the image into subimages (features) of  differ-
ent sizes (Fig. 2) and see how often you find those subimages in a particular class.

Fig 2: Breaking an 
image into features of  
small (left), intermedi-
ate (middle) and large 
(right) sizes.

Fig 3: Breaking a representation into features of  small 
(left), intermediate (middle) and large (right) sizes.

Fig 5: Results of  a simulation on our dataset which show the dominance of  
structurally-related representations (redred)  over superficially-related representa-
tions (blueblue) at intermediate feature sizes.  Representations that are both superfi-
cially- and structurally-related are also shown (greengreen).
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Retrieval Mapping Transfer Learning

Fig 1: Process model of  analogy.

Results from psychological studies indicate two main 
types of  retrieval:

 (1) Surface similarity - e.g., similar objects and 
first-order relations - heavily influences retrieval 
when the semantic domain and subject population 
are uncontrolled. (Gick & Holyoak, 1980; Ratter-
mann & Gentner, 1987)

 (2) Structural similarity heavily influences retrieval 
when we consider experts in their domain of  exper-
tise.  (Chi et al, 1981; Schoenfeld, 1982; Shneider-
man, 1977)

 In other words, small features are too general, and large features are too specific.  What best identifies an image within a 
class are features of  an intermediate size and complexity.

Our model implements features in symbolic 
graph representations as shown in Fig. 3.  To 
each representation in memory the model as-
signs a score which is intended to represent the 
preference for recall relative to a stimulus rep-
resentation.
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The model is controlled by a single parameter, the 
threshold, which indicates how high of  a score a 
feature-to-feature match must obtain to be counted 
toward the final retrieval score for that item.  The 
threshold runs from zero to the highest feature-to-
feature match score.

Fig 4: Flowchart of  the model.
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A feature-to-feature match score 
is calculated by aligning features 
from the top down, starting at 
each feature’s unique head node.  
For every two nodes put into cor-
respondence, the semantic similar-
ity between aligned nodes is added 
to the feature-to-feature match 
score.  In this model, semantic 
similarity between two nodes is 
calculated by counting the number 
of  shared classes as drawn from a 
standardized classification hier-
achy.

In analogy with Ullman’s results, we see the 
following correspondences:


