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Learning as program induction
❖

“Coming up with the right hypotheses and theories in
the first place is often much harder than ruling among
them.”

❖

How do people, and how can machines, expand their
hypothesis spaces to generate wholly new ideas, plans,
and solutions?”

❖

“How do people learn rich representations and action
plans (expressable as programs) through observing and
interacting with the world?”
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activate each machine. We then asked the children to make both
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first-order generalizations, where they had to choose from a new
set of blocks to activate a previously seen machine, and secondd
order generalizations, where they had to choose from a new set of
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blocks to activate a novel machine. We then tested children in two
different versions of free play in Experiments 2 and 3, in order to
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tion. Finally, in Experiment 4, we measured children’s baseline
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performance in these generalization tests.
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By “using algorithms that mix stochastic recombination of primitives
with memoization and compression to explain data, ask informative
questions, and support one- and few-shot-inferences.”
i

Captures inference across a wide range of conceptual domains (logic,
number; magnetism, function words, etc.)

experimenter showing them her toys.
The experiment consisted of two phases: a learning phase and a
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that was previously presented in the learning phase. Then, the child
4.1 Compositionality and computability
was provided with three novel choice blocks in a white tray: a
shape-match block, which is similar to the target machine in shape
but not color; a color-match block, which is similar to the target
The analysis of the data set [19] revealed that many
machine in color but not shape; and a distracter block, which
concepts organized in different ways. For example,
differed from the target in both color and shape. The experimenter
requested the child to hand her a block that made the target
ways across questions:
machine go, “Can you give me the block that makes this machine
go?”
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of the questions in the data set share similar
the concept of ship size appeared in various

The language of geometry: Fast comprehension of geometrical primitives and rules in human adults and preschoolers

“Does the blue ship have 3 tiles?”
“Are there any ships with 4 tiles?”
“Is the blue ship less then 4 blocks?”
“Are all 3 ships the same size?”
“Does the red ship have more blocks than the blue ship?”

As a result, the first key element of modeling question generation was to recognize the compositionality of these questions. In other words, there are conceptual building blocks (predicates
like size(x) and plus(x,y)) that can be put together to create the meaning of other questionsReal
(plus(size(Red),
size(Purple))). Combining meaningful parts to give meaning
world data
larger expressions
Gymto
Memberships
Volcano is a prominent
Wham! approach in linguistics [10], and compositionality more generally has been an influential idea in cognitive science [4, 15, 14].
The second key element is the computability of questions. We propose that human questions are
like programs that when executed on the state of a world output an answer. For example, a program
that when executed looks up the number of blue tiles on a hypothesized or imagined Battleship
game board and returns said number corresponds to the question “How long is the blue ship?”. In
thisFavored
way,completions
programs can be used to evaluate the potential for useful information from a question
Gym Memberships
by executing theVolcano
program overWham!
a set of possible or likely worlds and preferring questions that are
informative for identifying the true world state. This approach to modeling questions is closely

2
Although each of the 40 players asked a question for each context, a small number of questions were
Fig 1.to
Paradigm.
(A) Basic geometrical
rules used to create sequences:
(+1, +2, -1, -2), axial symmetries (H:
excluded from the data set for being ambiguous or extremely difficult
address
computationally
[seerotations
19].
horizontal, V: vertical, A,B: oblique) and rotational symmetry (P). From one location of the octagon, each of the 7 others
Fig. 6. (Top) Real-world data sets used in Experiment 2b. Descriptions and origin of the data were unknown to participants. (Bottom) Participants were shown the
region in blue; most frequently selected completions are shown in red. Note that the periodic composition has been adapted by multiplying it with a radial basis
function kernel. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)
stroke order:
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sciencemag.org SCIENCE

ﬁtted to the training set and used to generate completions for the test set. Proposals were sampled uniformly from this set. As
periodicity in the real world is rarely ever purely periodic, we adapted the periodic component of the grammar by multiplying a
periodic kernel with a radial basis kernel, thereby locally smoothing the periodic part of the function.11 Apart from the diﬀerent

can be reached by the application of one or more primitives. (B) Screen shot from experiment 1. The orange dot appears at
successive locations on the octagon, and subjects are asked to predict the next location. (C) Examples of sequences
presented to French adults (blue), kids and Munduruku adults (yellow), or both (green).
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t

specific “local” aspect of it. This illustrates the idea that a
learner might choose a test that is optimally informative with
respect to a modest range of options that they have in mind at
the time (e.g., models that differ just in terms of the state of Exz)
yet appear sporadically inefficient from the perspective of

Not limited to symbolic relations — includes novel grounded
simulations, probabilistic inferences, geometric concepts, etc.

motor programs from images. Parts are distinguished
olored dot indicating the beginning of a stroke and an
ting the end. (A) The top row shows the five best prod for an image along with their log-probability scores
reaks are shown as black dots. For classification, each
to three new test images (left in image triplets), and
arse (top right) is shown with its image reconstruction
classification score (log posterior predictive probability).
tching test item receives a much higher classification
more cleanly reconstructed by the best programs induced
item. (B) Nine human drawings of three characters
with their ground truth parses (middle) and best model

MBER 2015 • VOL 350 ISSUE 6266

t!1

"
t

doi:10.1371/journal.pcbi.1005273.g001

In most languages, many equivalent expressions provide the same output. Here, for
instance, the same square can be captured as +2 +2 +2 +2, [+2]^4, [+2]^3 +2, etc. We therefore
assume that subjects apply Occam’s razor and attempt to select the most parsimonious expres-
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activate each machine. We then asked the children to make both
first-order generalizations, where they had to choose from a new
set of blocks to activate a previously seen machine, and secondorder generalizations, where they had to choose from a new set of
blocks to activate a novel machine. We then tested children in two
different versions of free play in Experiments 2 and 3, in order to
compare children’s performance with that in the didactic condition. Finally, in Experiment 4, we measured children’s baseline
performance in these generalization tests.
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Method

Participants. Thirty-two English-speaking 2- and 3-year-olds
(12 boys and 20 girls) with a mean age of 35.8 months (range !
31.1 to 42.3 months) were tested. The sample size in this experiment, as well as in Experiments 2 and 3, was determined based on
previous generalization studies (e.g., Smith et al., 2002; Walker &
Gopnik, 2014) that had sample sizes of 16 –38 children. All participants were recruited from Berkeley, California, and its surrounding communities. The sample was representative of the ethnic diversity in these communities: the participants were
predominantly non-Hispanic White, with 9% Asian, 9% Hispanic,
and 6% African American. An additional two children were tested
but excluded due to refusal to make a choice at test (N ! 1), or
experimenter error (N ! 1).
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test phase. To begin the learning phase, the experimenter presented
a white tray containing three blocks differing in shape and color.
The child was free to play with these blocks for about 20 seconds.
After this exploration, the blocks were returned onto the tray and
Method
pulled close to the experimenter, but remained visible to the child.
The experimenter then presented the first toy machine (e.g., blue
In the experiment, participants
were told that they had to disrectangular machine), and activated the machine with one of the
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a)

Figure 1: The Battleship game used to obtain the question data set by Rothe et al. [19]. (A) The hidden
positions of three ships S = {Blue, Red, Purple} on a game board that players sought to identify. (B) After
observing the partly revealed board, players were allowed to ask a natural language question. (C) The partly
revealed board in context 4.

Figure 1. Schematic diagram of materials and procedure for children
presented with the machines, which were activated according to a shapematch rule. See the online article for the color version of this figure.
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• “How long is the blue ship?”
go?”

4 A probabilistic model of question generation
These are clearly in many respects,
“wholly new ideas, plans, and solutions”.
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Presumably no one has previously written in omniglot, identified the
“same shape as exactly one other blue object”, asked whether the purple
and red ship touch …

cover the meaning of wudsy, a word in an alien language. They
were explicitly told that this word applied to some objects in a set,
and that whether or not an object was wudsy might depend on what
other objects were in the set. The learning paradigm was sequential: participants were shown a set and asked whether each item
was wudsy. After responding, they were shown the right answers.
The correctly labeled sets stayed visible on the screen, and participants moved on to the next set. This means that on set N, a
participant could still see the correct answers to the previous
N ! 1 sets. Thus, the participant’s Nth response represents their
inferences conditioned on the previous N – 1 labeled data points.
l of handwritten characters. (A) New types are generated by choosing primitive actions (color coded) from a library (i),
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ing participants being asked to generalize to a set containing five
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… considered how many times people Googled the band Wham, or
predicted the next move in a geometric form across four diagonals before.
As a result, the first key element of modeling question generation was to recognize the compositionality of these questions. In other words, there are conceptual building blocks (predicates
like size(x) and plus(x,y)) that can be put together to create the meaning of other questions (plus(size(Red), size(Purple))). Combining meaningful parts to give meaning
to larger expressions is a prominent approach in linguistics [10], and compositionality more generally has been an influential idea in cognitive science [4, 15, 14].
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The second key element is the computability of questions. We propose that human questions are
like programs
that
Real world
data when executed on the state of a world output an answer. For example, a program
that
when executedVolcano
looks up the Wham!
number of blue tiles on a hypothesized or imagined Battleship
Gym Memberships
game board and returns said number corresponds to the question “How long is the blue ship?”. In
this way, programs can be used to evaluate the potential for useful information from a question
by executing the program over a set of possible or likely worlds and preferring questions that are
informative for identifying the true world state. This approach to modeling questions is closely
2
Although each of the 40 players asked a question for each context, a small number of questions were
Favored completions
excluded
from the data
set for being ambiguous
or extremely difficult to address computationally [see 19].
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Fig. 6. (Top) Real-world data sets used in Experiment 2b. Descriptions and origin of the data were unknown to participants. (Bottom) Participants were shown the
region in blue; most frequently selected completions are shown in red. Note that the periodic composition has been adapted by multiplying it with a radial basis
function kernel. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig 1. Paradigm. (A) Basic geometrical rules used to create sequences: rotations (+1, +2, -1, -2), axial symmetries (H:
horizontal, V: vertical, A,B: oblique) and rotational symmetry (P). From one location of the octagon, each of the 7 others
can be reached by the application of one or more primitives. (B) Screen shot from experiment 1. The orange dot appears at
successive locations on the octagon, and subjects are asked to predict the next location. (C) Examples of sequences
presented to French adults (blue), kids and Munduruku adults (yellow), or both (green).

ﬁtted to the training set and used to generate completions for the test set. Proposals were sampled uniformly from this set. As
periodicity in the real world is rarely ever purely periodic, we adapted the periodic component of the grammar by multiplying a
periodic kernel with a radial basis kernel, thereby locally smoothing the periodic part of the function.11 Apart from the diﬀerent
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activate each machine. We then asked the children to make both
first-order generalizations, where they had to choose from a new
set of blocks to activate a previously seen machine, and secondorder generalizations, where they had to choose from a new set of
blocks to activate a novel machine. We then tested children in two
different versions of free play in Experiments 2 and 3, in order to
compare children’s performance with that in the didactic condition. Finally, in Experiment 4, we measured children’s baseline
performance in these generalization tests.
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Method

Participants. Thirty-two English-speaking 2- and 3-year-olds
(12 boys and 20 girls) with a mean age of 35.8 months (range !
31.1 to 42.3 months) were tested. The sample size in this experiment, as well as in Experiments 2 and 3, was determined based on
previous generalization studies (e.g., Smith et al., 2002; Walker &
Gopnik, 2014) that had sample sizes of 16 –38 children. All participants were recruited from Berkeley, California, and its surrounding communities. The sample was representative of the ethnic diversity in these communities: the participants were
predominantly non-Hispanic White, with 9% Asian, 9% Hispanic,
and 6% African American. An additional two children were tested
but excluded due to refusal to make a choice at test (N ! 1), or
experimenter error (N ! 1).
Figure 1. An example item from
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test phase. To begin the learning phase, the experimenter presented
a white tray containing three blocks differing in shape and color.
The child was free to play with these blocks for about 20 seconds.
After this exploration, the blocks were returned onto the tray and
Method
pulled close to the experimenter, but remained visible to the child.
The experimenter then presented the first toy machine (e.g., blue
In the experiment, participants
were told that they had to disrectangular machine), and activated the machine with one of the

ABCDEF

a)

Figure 1: The Battleship game used to obtain the question data set by Rothe et al. [19]. (A) The hidden
positions of three ships S = {Blue, Red, Purple} on a game board that players sought to identify. (B) After
observing the partly revealed board, players were allowed to ask a natural language question. (C) The partly
revealed board in context 4.

Figure 1. Schematic diagram of materials and procedure for children
presented with the machines, which were activated according to a shapematch rule. See the online article for the color version of this figure.

2

set consists of 605 question-context pairs hq, ci, with 26 to 39 questions per context. The basic
three blocks by placing it on top of the machine (e.g., red rectangular block, if the machines were being activated by a shape challenge
rule;
Figure 2. An illustration of NS model of causal belief updating. a) An
for our active learning method is to predict which question q a human will ask from the
blue triangular block, if the machines were being activated by a
out with a singly connected model at the top (x ¡ y connection only). T
given context c and the overall rules of the game. This is a particularly challenging data set to model
color rule). Upon the machine’s activation, the experimenter drew
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are very different depending whether the learner is focused on
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was provided with three novel choice blocks in a white tray: a
resolving global uncertainty all at once, or on resolving some
shape-match block, which is similar to the target machine in shape
specific “local” aspect of it. This illustrates the idea that a
The analysis of the data set [19] revealed that many of the questions in the data set share similar
but not color; a color-match block, which is similar to the target
The Two S
learner might choose a test that is optimally informative with
machine in color but not shape; and a distracter block, which
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machine go, “Can you give me the block that makes this machine
• “How long is the blue ship?”
go?”

And yet while the ideas, plans and solutions may be wholly new to the
4 A probabilistic model of question generation
learner … they are in some sense, known to the experimenter.

In each case, the training examples (even if only one or a few) are generated
from the target hypothesis.
By contrast, in ordinary thought, if we are trying to think of a new idea we,
by assumption, do not know the target hypothesis — so we can’t rely on
examples generated from it.

cover the meaning of wudsy, a word in an alien language. They
were explicitly told that this word applied to some objects in a set,
and that whether or not an object was wudsy might depend on what
other objects were in the set. The learning paradigm was sequential: participants were shown a set and asked whether each item
was wudsy. After responding, they were shown the right answers.
The correctly labeled sets stayed visible on the screen, and participants moved on to the next set. This means that on set N, a
participant could still see the correct answers to the previous
N ! 1 sets. Thus, the participant’s Nth response represents their
inferences conditioned on the previous N – 1 labeled data points.
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As a result, the first key element of modeling question generation was to recognize the compositionality of these questions. In other words, there are conceptual building blocks (predicates
like size(x) and plus(x,y)) that can be put together to create the meaning of other questions (plus(size(Red), size(Purple))). Combining meaningful parts to give meaning
to larger expressions is a prominent approach in linguistics [10], and compositionality more generally has been an influential idea in cognitive science [4, 15, 14].
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The second key element is the computability of questions. We propose that human questions are
like programs
that
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data when executed on the state of a world output an answer. For example, a program
that
when executedVolcano
looks up the Wham!
number of blue tiles on a hypothesized or imagined Battleship
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game board and returns said number corresponds to the question “How long is the blue ship?”. In
this way, programs can be used to evaluate the potential for useful information from a question
by executing the program over a set of possible or likely worlds and preferring questions that are
informative for identifying the true world state. This approach to modeling questions is closely
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Although each of the 40 players asked a question for each context, a small number of questions were
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set for being ambiguous
or extremely difficult to address computationally [see 19].
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Fig. 6. (Top) Real-world data sets used in Experiment 2b. Descriptions and origin of the data were unknown to participants. (Bottom) Participants were shown the
region in blue; most frequently selected completions are shown in red. Note that the periodic composition has been adapted by multiplying it with a radial basis
function kernel. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig 1. Paradigm. (A) Basic geometrical rules used to create sequences: rotations (+1, +2, -1, -2), axial symmetries (H:
horizontal, V: vertical, A,B: oblique) and rotational symmetry (P). From one location of the octagon, each of the 7 others
can be reached by the application of one or more primitives. (B) Screen shot from experiment 1. The orange dot appears at
successive locations on the octagon, and subjects are asked to predict the next location. (C) Examples of sequences
presented to French adults (blue), kids and Munduruku adults (yellow), or both (green).

ﬁtted to the training set and used to generate completions for the test set. Proposals were sampled uniformly from this set. As
periodicity in the real world is rarely ever purely periodic, we adapted the periodic component of the grammar by multiplying a
periodic kernel with a radial basis kernel, thereby locally smoothing the periodic part of the function.11 Apart from the diﬀerent

doi:10.1371/journal.pcbi.1005273.g001

Thinking new thoughts
❖

The problem of generating new ideas is not a problem
about radical conceptual change or theory change.

❖

It is a problem of ordinary, everyday thinking: thought is
productive.

❖

We can, quite reliably, make up new – relevant – answers to
any ad hoc question. These answers may be trivial and they
may be false but they are
❖
❖

❖

Genuinely new, in that we didn’t have them until we thought of them.
Genuinely made up, in that we didn’t learn them from new evidence
or new testimony.
Answers to the question. They are not non-sequiters.

Thinking new thoughts
❖

Why doesn’t McDonald’s sell hotdogs?

❖

How would you get chimney swifts out of your
chimney?

❖

What’s the origin of the phrase “flotsam and jetsam”?

❖

Who turned down the 1964 prize for literature?

We are startlingly good at generating possible solutions —
to almost any problem
❖

We quickly converge on ideas, plans and solutions that
may not be right but are, at least, wrong (as opposed to
redundant, irrelevant, already known, etc.)

❖

Prior knowledge, a stochastic recombination of
primitives, and a bias towards simplicity may still not
be enough to explain how we come up with wholly new
hypotheses and theories on the fly

❖

And besides, we have access to additional information
we could, in principle, use …

We know a lot about our problems …
❖

Long before we can solve our problems or achieve our
goals we may have some sense of …
❖

How hard the problem is

❖

What might count as an answer or solution

❖

What might be desirable in an answer or solution

We know a lot about our problems …
❖

Long before we can solve our problems or achieve our
goals we may have some sense of …
❖

How hard the problem is

❖

What might count as an answer or solution

❖

What might be desirable in an answer or solution
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Long before we can solve our problems or achieve our
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What might be desirable in an answer or solution

We know a lot about our problems …
❖

Long before we can solve our problems or achieve our
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What might be desirable in an answer or solution
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Figure 1: Schematic of seeds and actual flower fields used.
Left: 1:1. right: 7:1.
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versus
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But not just relationship of
causes to effects
relationships of problems to
solutions broadly

Problems are rich in all kinds of information
❖

Consider the information contained in question words (even
before we get to the content of the questions) …
Who?

What?

Where?

Which?

When?

How?

Why?

Why
does …?

Why did
…?

Why
can’t …?

this rule or empirical
generalization hold?

this unexpected event
occur?

some deviation from a
rule or generalization
occur?

…

…

…

Why did
she…?

Why did
Trump
…?

Why did
the
chicken
…?

engage in some
unexpected thought
or intentional action?

…

it’s a rant

…
it’s a joke

…

We know a lot about our problems …
❖

When we do not have an abstract representation
of what might count as a solution to a problem we
may resort to inefficient and often ineffective
searches.
❖

Indeed, what it might mean for us to think that a problem
is “tractable” or “well-posed” might be to recognize that
we don’t know the answer the a problem …

❖

but the problem does contain enough information to
guide the search.

We know a lot about our problems …
❖

Our ability to represent what “counts” as a solution to a
problem before we know what the solution is might explain
how:
❖

❖

❖

We can have a sense of “being on the right track” well before we can
better account for the data.
We can think an idea is a great idea – even when we know it is wrong.

We may be able to constrain our proposals on two separate
dimensions:
❖
❖

how well they fit the data: “TRUTH”
how well they would solve our problems if they were true:
“TRUTHINESS”

We know a lot about our problems …
❖

Long before we can solve our problems or achieve our
goals we may have some sense of …
❖

How hard the problem is

❖

What might count as an answer or solution

❖

What might be desirable in an answer or solution
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Cognitive Pragmatism
❖

Abundant research suggests children will endorse known,
factual, reliable, verified information over uncertain,
speculative, unreliable, unverified information.

❖

But when known, factual, reliable, verified information
fails to solve our problems or achieve our goals, we may
need to reject it in favor of speculative conjectures —

❖

that may not have the virtue of being (currently)
knowably true, but at least have the virtue of providing
answers to our problem.

facts and conjectures
are especially likely
questions about how

Cognitive Pragmatism
Total Score

4
Here are some
3 small
Daxes and
some big 2Blickets.
The Big Blickets1made hats for
the small Daxes

0
4
Question with known answer: Why are the small Daxes wearing hats?
A) Because the Big Blickets made hats for the small Daxes

Figure 2: Sca

B) Because the Big Blickets are older than the small Daxes

facts and conjectures
are especially likely
questions about how

Cognitive Pragmatism
Total Score

4
Here are some
3 small
Daxes and
some big2Blickets.
The Big Blickets made hats for
1
the small Daxes

0
4
Question with unknown answer: Why are the Blickets bigger than the
Daxes?
A) Because the Big Blickets made hats for the small Daxes

Figure 2: Sca

B) Because the Big Blickets are older than the small Daxes

Cognitive Pragmatism
proportion of appropriate answers chosen by story and question type.
These results suggest that children flexibly endorse both
facts and conjectures in response to different questions, and
are especially likely to accept conjectures as responses to
questions about how to achieve a goal.

Total Score

We may even accept conjectures that
contradict known “facts”
if the4 conjecture provides a possible
3
solution to our problem
2
1

0
Indeed,
the degree
to which
a solution
4
5
6
7
8
Age goals
(years)
supports valuable
might increase
2: Scatterplot of total accuracy by age
theFigure
likelihood
that we endorse it
independent of its truth value.

Figure 1: Illustrations showing training (A-B) and test stories
(C-F).

tion Correct

1.00

0.75

Question Type
0.50

Factual

probability — or utility?
❖

❖

Sally is a counselor at a
children’s summer theater
camp. She has to shout a lot
to be heard over the kids. She
has had a sore throat all week.
She turns on the news and
hears about a new virus —
V1-09. Fifteen people have
been hospitalized with it so
far. A sore throat is one of its
symptoms.

Sore throat from yelling all day

❖

Diagnosis: There’s a
blood test available
that can diagnose the
presence of V1-09 with
98% accuracy.

❖

Intervention: There’s a new
medication available that’s
now being sold at drug
stores nationwide.

New V1-09 Virus

Software engineering studies how computers can be programmed eﬀectively (Pressman & Maxim,
2014; Sommerville, 2015) and grew out of early programmers’ personal quests to write the best posJosh Rulecomputer
sible programs (Levy, 1984). Whether studied systematically or judged idiosyncratically,
programs can be good for many reasons. They may be accurate, robust, clever, or any combination
of the following desirable features:

Many factors affect the utility of a proposal — and
these could be used to guide the construction of
new programs, not just their evaluation

Accuracy is so important that solutions with low accuracy hardly count as solutions at all.
Concision reduces the chance of errors and the cost to discover and store a solution.
Eﬃciency respects limits in time and computational power that slow users from solving their
many problems.
Generality lets a few solutions apply to many problems, reducing the costs of storing many
distinct solutions.
Modularity breaks a system at its semantic joints into composable parts that can be optimized
and reused independently.
Reusability reduces the total solution complexity with partial solutions that can be reused to
solve many problems.
Elegance by way of symmetry and minimalism is common among mature solutions and signals
that each component plays a non-trivial role in the solution.
Clarity makes a program easier to learn and explain while also revealing the essential structure
of the problem, which may lead to further improvements.
Robustness allows solutions to degrade gracefully, recover from errors, and accept many input
formats, increasing the user’s ability to focus on other problems.
Cleverness allows a problem solver to discover solutions to otherwise unsolvable problems.
Figure 2: A list of traits common to good programs.

This list is incomplete but already suggests a rich space for describing the goodness of programs. A

We know a lot about our problems …
❖

Long before we can solve our problems or achieve our
goals we may have some sense of …
❖

How hard the problem is

❖

What might count as an answer or solution

❖

What might be desirable in an answer or solution

Why do we have so many problems?

We populate the world with problems of our own making— we want to
end poverty, cure cancer, write the Great American novel, achieve
enlightenment, eat more hot dogs than anyone else …

Why do we have so many problems?
❖

Maybe it’s not that we’re smart enough to generate new
problems and goals …

❖

Maybe it’s that having problems and goals is what
allows us to be smart …

❖

They constrain the search space

❖

And the value of the solutions we generate may far
exceed the generalizability or merits of any given
problem or goal.

Learning as program induction
❖

How do people, and how can machines, expand their hypothesis
spaces to generate wholly new ideas, plans, and solutions?”

❖

“How do people learn rich representations and action plans
(expressable as programs) through observing and interacting
with the world?

❖

Not only by “using algorithms that mix stochastic recombination
of primitives with memoization and compression …”

❖

But also by using the information in our problems to bootstrap
our ways towards solutions.

Thanks!

