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Abstract 

Is analogical reasoning a task that must be learned to solve 
from scratch by applying deep learning models to massive 
numbers of reasoning problems? Or are analogies solved by 
computing similarities between structured representations of 
analogs? We address this question by comparing human 
performance on visual analogies created using images of 
familiar three-dimensional objects (cars and their subregions) 
with the performance of alternative computational models. 
Human reasoners achieved above-chance accuracy for all 
problem types, but made more errors in several conditions 
(e.g., when relevant subregions were occluded). We compared 
human performance to that of two recent deep learning models 
(Siamese Network and Relation Network) directly trained to 
solve these analogy problems, as well as to that of a 
compositional model that assesses relational similarity 
between part-based representations. The compositional model 
based on part representations, but not the deep learning models, 
generated qualitative performance similar to that of human 
reasoners.  
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Introduction 

Two Computational Approaches to Analogy Analogical 

reasoning—the ability to recognize and exploit similarity 

based on the extrinsic relations that are shared between sets 

of entities, rather than the intrinsic features shared between 

individual entities—is widely viewed as a hallmark of human 

intelligence (Holyoak, 2012). To take a simple example, an 
arm and a body are analogous to a branch and a tree because 

an arm is an extended part of a body, just as a branch is an 

extended part of a tree. Computational models of analogy 

developed in cognitive science and artificial intelligence (AI) 

fall into two broad classes. One approach, popular in recent 

AI work, builds on deep neural networks that support training 

from raw input stimuli (e.g., image pixels, or words in a text) 

to a final task in an end-to-end manner. Learning in these 

networks is typically guided by minimizing errors in solving 

a particular task. This approach is now moving beyond tasks 

involving pattern recognition (such as object classification), 

for which deep learning has achieved great success, to 
reasoning tasks. The deep learning approach to analogy is to 

view it as a task for which a deep neural network can be 

trained end-to-end by providing massive datasets consisting 

of reasoning problems.  This approach has been applied with 

some success to solving visual analogy problems, notably 

problems inspired by Raven’s Progressive Matrices (RPM; 

Raven, 1938). After extensive training with RPM-like 

problems, deep neural networks have achieved human-level 

performance on test problems with similar basic structure 

(Santoro et al., 2017; Zhang et al., 2019; Hill et al., 2019). 

However, the success of these deep learning models depends 

on high similarity between training problems and test 
problems, and on datasets of massive numbers of RPM-like 

problems (e.g., 1.42 million problems in the PGM dataset, 

Barrett et al., 2018; and 70,000 problems in the RAVEN 

dataset, Zhang et al., 2019). For example, Zhang et al. (2019) 

used 21,000 training problems from the RAVEN dataset, and 

300,000 from the PGM dataset. 

This dependency on direct training in a reasoning task 

using big data makes the deep-learning approach 

fundamentally different from human analogical reasoning. 

When the RPM task is administered to a person, “training” is 

limited to general task instructions. Because the task is of 

interest as a measure of fluid intelligence—the ability to 
manipulate novel information in working memory—

extensive pretraining on RPM problems is neither necessary 

nor desirable (Snow, Kyllonen, & Marshalek, 1984). Human 

analogical reasoning, more generally, is a prime example of 

zero-shot or few-shot learning—the ability to make 

inferences with minimal prior exposure to structurally similar 

problems. 

An alternative approach to analogical reasoning is to view 

it not as a task on which to be trained directly, but rather as 

an inference problem based on computation of relational 

similarity. In this approach, the core of analogical reasoning 
is built upon compositional structures consisting of entities, 

their attributes, and relations between entities (e.g., Lovett & 

Forbus, 2017; Hummel & Holyoak, 1997). Analogy involves 

comparing structural representations of source and target 

analogs to assess their similarity. Although theoretically 

appealing, most models based on compositional structure are 

unable to extract relational representations directly from 

input images or texts, making it difficult to compare their 
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