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Abstract
Despite current AI’s human-like behavior, super efficiency,
and unbelievable ability to handle complex games, we still
complain that it shows no sign of creativity, originality, or
novelty outside its training set, and that it fails to develop
new insights into old experience or establish understanding of
new experience. In short, it generates content from its train-
ing set, but does not invent content. A fundamental reason for
this is that current AI is incapable of abstraction and reason-
ing in an abstract, generalizable, and systematic way. Think,
for instance, of what AI systems we can build if we have a
base system that can answer this simple question—when two
things are the same. Instead of studying these high-level ques-
tions, I put my thesis in the context of visual abstract reason-
ing (VAR), a task widely used in human intelligence tests. A
classical example of this task is Raven’s Progressive Matri-
ces (RPM, see Figure 1), a family of intelligence tests that
was designed to measure eductive ability, i.e., the ability to
make meaning out of confusion and generate high-level, usu-
ally nonverbal, schemata which make it easy to handle com-
plexity. A similar concept to eductive ability is fluid intelli-
gence, or the ability to discriminate and perceive complex re-
lationships when no recourse to answers is stored in memory.
Whether eductive ability or fluid intelligence, RPM points to
the qualities that have been lacking in AI. To explore these
qualities in AI, I propose the following research questions.

Research Questions
RQ 1 Before building any AI system , solving RPM, and
claiming victory, it might be worthwhile to probe how RPM
can measure eductive ability or fluid intelligence, which is
apparently not as simple as weight and height of a person are
measured. Moreover, the existing works of computational
models for solving RPM, including cognitive systems and
AI systems, would provide informative guidance for setting
relevant research questions. Therefore, the first set of re-
search questions of my thesis is:
• What does RPM measure exactly? And how does RPM

measure them?
• What are the entire task domain that RPM represents?

i.e., what are the other tasks in the task domain?
• How do current AI systems solve RPM and RPM-like

tasks?
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Figure 1: An Example Item of RPM.

To answer these questions, I did a comprehensive review
(Yang and Kunda 2023) on the psychometric origin of RPM,
other RPM-like tasks for both human and AI testing, and
computational models for solving them since 1960s. The
main takeaway of this review is that testing this intangible
cognitive ability boils down to testing the subject’s learning
potential in an unfamiliar environment in a real-time man-
ner. For example, given an unfamiliar visual puzzle, the sub-
ject needs to extract high-level patterns (i.e., abstract con-
cepts) to explain and solve the puzzle; then a second visual
puzzle, based on the knowledge obtained in the first puzzle,
is presented but requires more intellectual efforts to learn
more difficult high-level patterns; then a more difficult third
puzzle, based on the knowledge obtained in the second puz-
zle, is presented; this process repeats until it covers all the
difficulty levels that humans can handle. The whole test is a
ladder of puzzles where each rung makes it possible for the
subject to step on the next rung and the maximum height the
subject can reach is a measure of the cognitive ability.

RQ2 It is hard to imagine how we can build or train an
AI that solves completely unknown intelligence tests as hu-
man subjects solve them in standard testing sessions. How-
ever, the review did bring out a key message that matches
our current paradigms of AI—learning potential. In many
AI studies, researchers build learning models and test their
leaning ability, but in a much simpler setting than human
intelligence testing. It seems impossible to directly build a
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Figure 2: An Example of Nontrivial Generalization.

human-level AI that climbs the RPM ladder in the way hu-
man does. Thus, I focus on a single rung and fit our learning
paradigm of AI into this rung. A typical way such a rung is
constructed is through nontrivial generalization in VAR.

Figure 2 shows a diagram of how we can fit the learning
paradigm of AI into the rung of nontrivial generalization. It
is a sequence completion task. Learning models are to be
trained on sequences like the ones in the green box and to
be tested on sequences like the one in the red box. Each se-
quence is presented visually and characterized by an abstract
concept and a perceptual element. The training set contains
all the necessary abstract concepts and perceptual elements
to solve the test set, but not in the same combinations as in
the test set. Extra intellectual efforts are needed to solve the
test set, rather than simply applying existing learned knowl-
edge. This kind of generalization is nontrivial in that the test
set actually requires to give new meanings to learned per-
ceptual elements and new interpretations to learned abstract
concepts—an obvious challenge for current training-testing
paradigm. No learning models have shown such generaliza-
tion ability on benchmark datasets (Barrett et al. 2018).

A possible solution is to implement a dynamic interplay
between perceptual and conceptual processing. With the in-
terplay, the perceptual and conceptual processing are encod-
ing the underlying processes of applying abstract concepts
on perceptual stimuli and deriving perceptual stimuli from
abstract concepts. We initially implemented this solution
and achieved satisfying performance on benchmark datasets
of trivial generalization (Yang et al. 2023). Thus, the second
research question is to what extent the interplay mecha-
nism between perceptual and conceptual processing can
help realize nontrivial generalization in VAR in AI.

RQ3 An introspection of how we humans solve RPM
would arguably tell that we are solving RPM, a visual ab-
stract reasoning task, visually. In cognitive psychology par-
lance, we can use mental imagery to solve RPM. Mental im-
agery is an imagistic representation that can be manipulated
mentally. The advocates of mental imagery argue that the
way mental imagery functions in human brain is the biolog-
ical/neural basis upon which other higher cognitive abilities
are built. It is important for human cognition and for build-
ing AI systems because it allows abstract concepts to be in-
carnated and applied on visual stimuli to generate mental im-
ages. This is possible even when such application of abstract
concepts is impossible or nonexistent yet in reality. Thus,
mental imagery is an important cognitive ability for flexi-
bility and generalizability in unfamiliar situations and for
creativity. Given these advantages of imagery, the third re-

search question is whether imagery, when implemented
computationally in AI, is sufficient for solving VAR tasks.
Initial works have been done to explore this direction (Yang,
McGreggor, and Kunda 2020; Yang et al. 2022).

RQ4 However, mental imagery is probably not the only
basis of human cognition. In cognitive science, the ongoing
debate over imagery has been lasting for decades but never
got resolved. Another major competitor is the propositional
representation. Beyond cognitive science, AI researchers
are also facing a similar debate over different representa-
tions. No matter what representation (imagery or proposi-
tion, or both) human cognition uses, it supports robust cogni-
tive ability in all situations, but choosing one representation
against another in AI usually means significant limitations
in certain scenarios. Thus, the tricky part of using imagery
in AI system is how to achieve the human-level robustness.

A possible solution is to extend the pure imagery-based
system to an imagery-based production system. A very pro-
totypical example of this kind of solution is generative mod-
els, such as autoencoders and GAN. These models are proto-
typical in that they are flat and static without involving com-
plex structure of abstract concepts, dynamic perceptual and
perceptual processes, or multi-step reasoning ability. Con-
sider the situation where a human solves RPM visually: she
would inspect matrix entries row by row and column by col-
umn, apply the image operations, and generate many inter-
mediate results; she would also make an analogy between
rows and columns, which is at a higher level than the con-
cepts embodied by rows and columns; when multiple con-
cepts and perceptual elements were involved, she would it-
eratively process each of them, possibly retracting previous
results and redoing them. Current generative models are not
able to implement all these procedures and orchestrate them
effectively. The last research question is thus how to ex-
tend a generative model to a production system that is
able to produce a flexible reasoning process in imagery.
No work has been done for this research question so far.
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