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Abstract
The ability to acquire abstract knowledge is a hallmark of human intelligence and is
believed by many to be one of the core differences between humans and neural
network models. Agents can be endowed with an inductive bias towards abstraction
through meta-learning, where they are trained on a distribution of tasks that share some
abstract structure that can be learned and applied. However, because neural networks
are hard to interpret, it can be difficult to tell whether agents have learned the underlying
abstraction, or alternatively statistical patterns that are characteristic of that abstraction.
In this work, we compare the performance of humans and agents in a
meta-reinforcement learning paradigm in which tasks are generated from abstract rules.
We define a novel methodology for building “task metamers” that closely match the
statistics of the abstract tasks but use a different underlying generative process, and
evaluate performance on both abstract and metamer tasks. In our first set of
experiments, we found that humans perform better at abstract tasks than metamer
tasks whereas a widely-used meta-reinforcement learning agent performs worse on the
abstract tasks than the matched metamers. In a second set of experiments, we base
the tasks on abstractions derived directly from empirically identified human priors. We
utilize the same procedure to generate corresponding metamer tasks, and see the
same double dissociation between humans and agents. This work provides a
foundation for characterizing differences between humans and machine learning that
can be used in future work towards developing machines with human-like behavior.

Significance Statement
Although the neural network models used in machine learning and artificial intelligence
systems can often achieve human, or even superhuman, performance, it is not always
clear how human-like these systems are in their learning and behavior. Many experts
believe the core difference is that humans are predisposed to acquire abstract rules
during the process of learning, whereas neural networks will match statistical patterns.
However, it can be very difficult to distinguish between these two kinds of behavior. This
study identifies a new approach for rigorously distinguishing between these possibilities,
uses it to compare human and machine behavior, and provides evidence that humans
are predisposed to learn abstract rules whereas existing neural network models are
predisposed to learn statistical patterns.

2

Introduction
A key component of human intelligence is the ability to acquire, represent, and use
abstract knowledge that efficiently captures the essential structure of the world in a
compressed (lower dimensional) form, and can generalize it beyond the specific
learning context (Giunchiglia & Walsh 1992). The human capacity for abstraction has
been studied from the earliest days of cognitive science. Hull (1920) posited that
humans extract “generalizing abstractions” that form concepts from commonalities
across multiple experiences and can apply to future experiences. Bruner, Goodnow, and
Austin (1956) built on this by exploring how these abstractions can emerge through
decision strategies that manage objectives such as information gain, cognitive strain,
and trade-off of risk and reward. The acquisition of abstract knowledge in the context of
visual processing has roots in Gestalt psychology, which investigates how humans can
extract a “whole that is more than the sum of its parts” (Wagemans et al. 2012). Today,
the acquisition of such generalizing abstractions has been shown to underpin
characteristically human capabilities, such as extracting relational information between
objects (Hafri & Firestone 2021) to permit generalization to novel scenes and locations
(Behrens et al. 2018; Summerfield et al. 2019), guiding efficient exploration and learning
(Ho et al. 2019), supporting rapid generalization of learned motor skills (Braun et al.
2009), and facilitating communication and coordination in cooperative tasks (McCarthy
et al. 2021).
The ability to learn rapidly from small amounts of experience and generalize
systematically beyond the learning context, as facilitated by abstraction, has also been
proposed as one of the most salient differences between humans and deep neural
networks (Lake et al., 2017; Dehaene 2021; Mitchell 2021 ). Inspired by this, artificial
intelligence (AI) and cognitive science researchers have created tasks and datasets that
contain extensive abstract structure (CLEVR: Johnson et al. 2017; VGDL: Tsividis et al.
2021; ARC: Chollet 2019). These have been difficult for otherwise state-of-the-art neural
networks to master without specifically building the task’s abstract structure into the
learner, often with symbolic machinery (Mao et al. 2019). One approach to bestowing
abstractions on a neural network – without expressly building it in with symbolic
machinery – is via meta-learning (Griffiths et al. 2019; Hospesdales et al. 2021). In
many meta-learning paradigms that aim to produce human-like behavior (Dasgupta et
al. 2019; Wang et al. 2018; Lake 2019; McCoy et al. 2020; Rabinowitz et al. 2018),
abstract rules are used to generate a distribution of tasks. These are then used to train
an agent, with the intent that the agent acquires these underlying abstractions as an
inductive bias. This is tested by examining performance on held-out tasks from this
distribution, in which the acquired inductive bias is expected to facilitate fast learning.
This approach has demonstrated that relatively simple neural network models can
acquire sophisticated human-like abilities including causal reasoning (Dasgupta et al.,
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2019), compositional generalization (Lake, 2019), linguistic structure (McCoy et al.,
2020), and theory of mind (Rabinowitz et al., 2018).
In evaluating these models we encounter an issue that is widespread in machine
learning research with deep networks: that neural networks are not easily interpretable.
Simply examining test performance does not give full insight into what internal
representations the model has learned and uses to solve a task. For example, CNNs
trained on ImageNet can achieve good performance despite having encoded a set of
features that differs considerably from those humans use for the same task (Geirhos et
al. 2019). This raises the question of whether neural networks trained on abstract task
distributions actually acquire abstract knowledge, or if they learn other statistical
features that correlate with or are downstream consequences of these abstract rules.
We hypothesize that even on distributions of tasks generated from abstract rules, neural
network meta-learners do not necessarily internalize the abstract structure of those
rules, despite performing well. Rather, they learn the (potentially complex) statistical
structure of the stimuli and corresponding responses that are associated with the rules,
without encoding the abstract rules themselves . This is in contrast with humans, who
are posited (innately and/or through lifelong learning) to represent, identify, and use
abstract rules in such settings. It is often difficult to distinguish whether a human or
artificial agent is making direct use of abstract structure versus the statistics associated
with structure, because the difference between the two can be subtle and difficult to
operationalize. That said, it is generally assumed that abstract structure reflects an
underlying generative process that is simpler and lower-dimensional than a description
of the statistics of the representations that such processes produce (Giunchiglia &
Walsh 1992), and that inferring such structure permits more reliable generalization to
novel instances than use of the associated statistical structure. In an effort to make this
subtle difference more concrete, and to test these hypotheses concerning the distinction
between these two forms of inference, we present a novel methodology for
distinguishing between the use of abstractions versus statistics through the use of “task
metamers.” We borrow the concept of a metamer from the field of human vision, in
which metamers are pairs of color stimuli that have different underlying spectral power
distributions but are nevertheless perceived as the same by the human eye (Drew &
Funt 1992). A similar idea has also been studied using artificial neural networks in the
auditory domain (Feather et al. 2019). Here, we develop task metamers – that is, tasks
with different underlying generative processes but that share the same (or highly
similar) statistical properties, such that they are largely indistinguishable for learners
that rely just on statistics. Our work builds on a larger effort to construct tasks or task
manipulations informed by cognitive psychology that interrogate neural networks’
abilities to exhibit properties of human cognition (Ritter et al. 2017; Piloto et al. 2018).
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In particular, we define task distributions with simple underlying abstract rules. We then
develop corresponding task metamers for each set of abstract rules, which are task
distributions that are generated by statistical procedures to match the abstract task
distributions but are not generated by applying the rules. Our results show that humans,
on average, perform better on tasks generated from the rules (abstract tasks) than on
the statistically matched set (metamer tasks), whereas neural network meta-learners,
on average, perform comparably across the two and in fact do slightly better on the
metamer tasks. Furthermore, our results show that humans perform significantly better
than agents on abstract tasks, while neural networks perform significantly better than
humans on metamer tasks. This double dissociation is consistent with the hypothesis
that humans use underlying abstract structure to perform these tasks, whereas
widely-used neural networks learn statistical patterns that are a consequence of such
structure. To further outline this difference in inductive biases between humans and
neural networks, we formulate a task distribution that exhibits abstractions produced by
empirically sampling from human priors, and show that (an independent set of) humans
perform these forms of abstract tasks better than the matched metamer tasks whereas,
once again, agents exhibit the opposite pattern. The task metamer methodology we
present in this paper enables us to disentangle the very subtle difference between
learning abstractions vs statistical pattern. Our experiments utilizing this method provide
preliminary evidence that humans are predisposed toward abstract structure, while
artificial neural agents are predisposed to learning statistical patterns.

Model
A Meta-Reinforcement Learning Task with Abstract Task Distributions
To be able to directly compare the performance of humans and machine-learning
systems with respect to different task structures, we used a simple tile-revealing task
(Fig 1a). Humans and machine-learning systems (henceforth referred to as agents) are
shown a 7 × 7 grid of tiles all of which are initially white except for one which is red.
Clicking white tiles reveals them to be either red or blue. The goal of the task is to reveal
all of the red tiles while revealing as few blue ones as possible. The task ends when all
the red tiles are revealed. There is a reward for each red tile revealed, and a penalty for
every blue tile revealed. One grid with a fixed configuration of red tiles defines a single
task. A distribution of tasks (or boards, by analogy to board games) is generated by
creating boards with various configurations of red tiles according to a particular set of
rules that go along with a particular abstraction (abstract task distribution). These
distributions are shown in Fig 1b. A similar task was developed by Markant & Gureckis
(2012) to study information seeking in people, in which the underlying boards contained
rectangular shapes and letters. Our work builds on this by using a suite of various
abstractions, that each generate a distribution of boards, in order to evaluate whether
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and how human behavior on such tasks differs from that of artificial neural networks
trained on the same tasks.
We tested eight abstractions for generating boards that produce recognizable patterns
(Fig 1b). Four of these (copy, symmetry, rectangle, and connected) were inspired by
predicates proposed in Marvin Minsky and Seymour Papert’s (1969) book Perceptrons,
designed to be difficult for simple perceptron models to learn. Another four (tree,
pyramid, cross, and zigzag) were based on general abstract structures. Examples are
shown in Fig 1b, with detailed descriptions of how boards are generated for each
abstraction provided in Table S1. These rules can be considered abstract in that they
are common across all boards within the same distribution, are based on concepts not
necessarily tied to individual boards or the two-dimensional grid domain in general, and
are relatively simple to describe.

Figure 1. Tile-revealing task. (A) An agent sequentially reveals tiles to uncover a picture
on a 2D grid. Each task is defined by the underlying board. (B) The underlying boards
are sampled from a specific abstraction, which defines a distribution of boards based on
an abstract rule. More examples of boards from each distribution can be found in Fig
S1.

Generating Metamer Task Distributions from Abstract Task Distributions
Previous approaches to evaluating whether machine-learning systems can extract
abstract structure (Lake & Baroni, 2018; Dasgupta et al., 2018) have relied on
examining average performance on held-out examples from structured task
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distributions. This approach may not reliably distinguish whether a system has truly
internalized the underlying abstraction or whether it has learned statistical patterns in
the stimuli that are correlated with the rules, allowing it to perform the task without
having fully encoded the rules themselves. Although we believe the difference between
these two behaviors is subtle, we hope to produce a method that can be sensitive
enough to systematically distinguish them.
To directly examine whether abstract reasoning is a factor in how humans and
meta-learning agents perform this task, we constructed a set of control task distributions
that were similar in their statistical properties, but did not share the same abstract
structure. To do so, we trained a fully connected neural network to learn the conditional
distribution of each tile given all the other tiles. We did this by having the network predict
the value of a missing tile given the other tiles (Fig 2a), a commonly used strategy for
training neural networks in both language (Devlin et al. 2018) and vision (Efros &
Freeman 2001). We trained a different network for each rule, each of which typically
achieved over 95% training accuracy (see Fig S1). We then sampled boards from the
network’s learned conditionals with Gibbs sampling (Geman and Geman 1984). Gibbs
sampling is a common Markov chain Monte Carlo algorithm that is used to generate
samples from distributions with very large support. Specifically, we started with a
randomly generated board. We then masked out a single tile, determined the probability
of the masked tile being red vs blue by the network and turned the tile red according to
this probability. This procedure was then repeated for all other tiles in the board, to give
a single Gibbs “sweep.” We completed 20 such sweeps. Each sequence of decisions
made by the network implements a Markov chain. The stationary distribution of this
chain corresponds to the distribution encoded by the network making the decision,
which was trained on the conditional distributions of the boards. Accordingly, this
procedure yielded samples from a “metamer” distribution of boards that matched the
statistics of the abstract board, but were not generated directly by the abstract rule. We
confirmed this by analyzing the first-, second-, and third-order statistics of each
metamer and determining the extent to which they were statistically indistinguishable
from the corresponding abstract distribution (see Fig 2C). Fig 2b shows examples of
metamer samples from each abstraction. Fig S3 shows example sweeps over time of
the Gibbs sampling procedure.
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Figure 2. Metamers for abstract tasks. (A) Generating metamer distributions. We train a
neural network to predict randomly held-out tiles of samples from an abstract rule-based
distribution. We then use this network to perform Gibbs sampling. This was done
separately for each abstraction. (B) Samples from each abstraction’s corresponding
metamer distributions. (C) First-, second-, and third-order statistics of boards within
each abstract task distribution and their corresponding metamer distribution to show
statistical similarity between the distributions. The first-order statistic is the number of
red tiles minus the number of blue tiles. The second-order statistic is the number of
matching (i.e. same color) neighbor pairs minus the number of non-matching pairs. The
third-order statistic is the number of matching “triples” (i.e. a tile, its neighbor, and its
neighbor’s neighbor) minus the number of non-matching triples. The statistics were not
significantly different across each of the three levels between the abstract and metamer
distributions with only two exceptions in the second- and third-order statistics of the
pyramid distribution and symmetry distributions.

Results
Results of Human vs Machine Performance on Different Abstractions
Meta-learning is an established approach for training agents to perform well on task
distributions that share common structure. We used a common recurrent neural network
architecture (Wang et al. 2018, Duan et al. 2016), trained using Advantage-Actor Critic
(A2C) reinforcement learning (see Methods for details). This model has been shown to
perform well on task distributions with underlying abstract structure (Wang et al. 2018,
Dasgupta et al. 2019). Our question of interest is whether the method described above
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could be used to differentiate patterns of human and machine performance on abstract
versus metamer task distributions
Following the protocol used in previous studies of whether meta-learning can be used to
acquire abstract concepts (Wang et al. 2018, Dasgupta et al. 2019), we trained this
neural network-based meta-learning agent separately on each of our abstract task
distributions as well as on each of the corresponding metamer distributions and
evaluated performance on tasks held-out during training. We also ran an experiment to
evaluate human performance on the same held-out tasks on which we evaluated the
agent (see Methods for more details). Note that we did not explicitly train the human
participants on the tasks as we did with the agents. We assumed that humans already
have inductive biases (innate or learned from prior experience) to perform well on our
task, given a simple prompt at the beginning of the experiment that explains the task.
Results of human and machine performance on the abstraction and metamer
distributions are shown in Fig 3A. To evaluate performance, we counted the number of
blue tiles that humans and agents revealed in the episode (lower is better). To control
for the number of red tiles in individual boards as well as general board difficulty, we
normalized the performance scores by a “nearest-neighbor heuristic.” Specifically, we
ran a policy that randomly clicked on unrevealed tiles adjacent to revealed red tiles for
1000 trials for each board, and z-scored the human/agent’s performance on the
distribution of nearest neighbor heuristic scores. The lower this z-score, the better the
human or agent did relative to the nearest neighbor heuristic.
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Figure 3. (A). Performance of human and neural network agents across all abstractions
and their metamers in the tile revealing task. Each dot represents an individual
human/agent’s mean across tasks in the corresponding task distribution and error bars
represent 95% confidence intervals across humans or agents. Performance is the
number of blue tiles revealed z-scored by a nearest neighbor heuristic, so a lower
number reflects better performance. (B) We looked at example choice scenarios in
humans versus agents in a subset of the abstractions. In all cases, the agent chooses
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an action (with high confidence) that violates the rule whereas the majority of humans in
each case choose the action consistent with the rule.
To evaluate the extent to which humans and machines performed differently on the two
different types of tasks, we carried out a three-way ANOVA, with performer (human or
agent), task type (abstract or metamer), and abstraction (copy, symmetry, rectangle,
connected, tree, pyramid, zigzag, and cross) as the factors (see Table S2). We found all
effects to be statistically significant and, in particular, that humans and agents differed in
their pattern of performance for the abstract versus metamer conditions. The latter was
supported by a statistically significant two-way interaction of performer by condition
(F1,1036=888.716, p<0.001). As can be seen in Figure 3A this effect is driven by a
tendency, across tasks, for humans to perform better on the abstract than the metamer
tasks, with this tendency attenuated or reversed for agents depending on the task.
Because this effect also differed across abstractions (as shown by a statistically
significant three-way interaction, F7,1008=339.574515, p<0.001), we examined the
abstractions individually using planned comparisons.The performer by task type
interaction was statistically significant individually in all eight abstractions (see Table
S3). The direction of this effect was also consistent for seven out of eight of the
abstractions (all except cross): for those seven, humans performed relatively better on
the abstract tasks compared to agents; that is, the difference between mean abstract
performance and mean metamer performance was larger for humans than for agents.
We also carried out planned two-sample independent t-tests (across abstractions) to
determine the direction of effects for each performer group. Humans performed
statistically significantly better on abstract than metamer tasks (t798=-13.813, p<0.001).
In contrast, agents performed statistically significantly better on metamer tasks than
abstract tasks (t238=-4.890,p<0.001). This result indicates that agents do not benefit from
the explicit abstract structure in the way that humans do. T-tests to test for differences
within individual abstractions are reported in Table S4.
In the paragraphs above, we found relative differences between task conditions within
performers (human abstract > human metamer; agent metamer > agent abstract). Here,
we report differences between humans and agents within conditions (human abstract vs
agent abstract; human metamer vs agent metamer). Humans performed significantly
better on abstract tasks than agents (t518=-13.177,p<0.001). This effect was seen within
seven out of eight abstract tasks (all except cross, see Table S4). When aggregating
across all eight abstractions, agents did numerically but not significantly better than
humans on metamer tasks (t518=-0.953, p=0.341). Agents do however perform
(statistically significantly) better than humans on metamer tasks in seven out of the eight
abstractions (see Table S4). Our results indicate that humans generally perform better
than agents on tasks generated from abstract rules, whereas agents tend to perform
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comparably if not better on tasks generated from statistics that are consequences of
such abstract rules.
As noted above, despite the clear general trends in the effects across abstractions,
there are also exceptions with respect to individual abstractions. For example, although
humans in aggregate perform better on abstract than metamer tasks, there was one
abstraction in which humans did not differ significantly between abstract and metamer
tasks (symmetry). Thus, there appear to be some abstractions that are harder for
humans to recognize and use. Conversely, although in aggregate agents performed
better on metamer tasks, there were two abstractions (rectangle and cross) for which
they did significantly better in the abstract tasks than metamer tasks. This suggests that,
even though on average agents are better at learning statistics rather than abstractions,
there are some abstractions that neural network agents are able to learn. These
exceptions are not surprising, and support the value of our approach in identifying
directions for research on what kinds of abstractions are best recognized by humans
and machines, respectively.
As an example of how the method we present can expose not only overall differences
between human and agent behavior but also subtler effects that may vary across
particular instances, we carried out an exploratory analysis of specific choice scenarios
(Fig 3B). In particular, we considered the subset of abstractions for which agent
performance differences between abstract versus metamer tasks were particularly
large. We then looked at specific partially completed boards from this distribution and
reported the agent’s action probabilities over which tile to reveal next. We also did a
follow-up human experiment in which, for each of these abstractions in the subset, we
showed ten participants these partially completed boards (after they completed the main
task, i.e. 25 boards from the corresponding abstraction) and asked them to play out the
rest of the board. We report, for each tile, the proportion of humans that picked that
particular tile.
In all these cases, the agent did not tend to act according to the underlying rule,
whereas the majority of humans did. For example, in symmetry, the agent tended to
click a tile that is guaranteed to be blue due to the symmetry. Most humans click on a
tile that is guaranteed to be red due to the symmetry and the other humans click on tiles
that are not guaranteed yet to be blue. For pyramid, most humans chose an action to fill
out the base of the pyramid, whereas the agent clicked below the base of the pyramid
where there are only blue squares. For copy, the agent did not click near where the
copy of the shape is supposed to be, whereas all humans did. Additionally, fifty percent
of the humans clicked on a tile that is guaranteed to be red due to the copy rule,
showing full understanding of the rule. For connected, all humans choose tiles that will
close the currently connected loop, whereas the agent chooses a tile that does not
necessarily close the shape. These specific choice scenarios provide qualitative
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evidence that humans are acting in a way that shows identification of the underlying
abstract rules of the task whereas agents are not necessarily behaving this way.

A Task Distribution Generated Directly by Humans
The findings reported above were based on abstract task distributions generated using
rules derived from commonly-known concepts or informed by past literature. In this
section, we complement this with a data-driven approach to generate a task distribution
empirically from human judgments. We then built the corresponding metamer task
distribution and replicated the procedure from the previous section. The results show,
once again, that humans performed better than agents on abstract tasks, while agents
performed better than humans on the metamer tasks.
The goal was to create a distribution of 2D grid patterns that reflects human
expectations about systematic patterns. For a 4 x 4 size grid, this distribution is over all
possible 2D grids (2^16 = 65,356). This is a very large set of possible boards and
obtaining human judgments for each one was not feasible. Instead, we sampled from
this prior using Gibbs Sampling with People (Harrison et al. 2020; see Griffiths et al.
2018 for a similar task). See Fig 4A and Methods for more details. We started with a
random 2D grid, masked a tile out, and then asked human participants to predict the
color of the masked-out tile (red or blue). We then changed that tile to match the
human’s prediction and repeated this process with another independent participant,
masking out a different tile. This is the same process we used to generate metamer
distributions, but in this case using human participants’ natural expectations about
patterns to generate the conditional distribution of one tile given all other tiles rather
than a neural network trained on a specific abstraction. Thus, this process directly
sampled from people’s prior expectations (expressing their inductive bias) for 2D grid
patterns. In a chain, a sweep was defined as having gone through a decision for all 16
tiles of the board. We ran 100 such chains of length 16 sweeps x 16 tiles, with different
(randomly sampled) initial boards, yielding a set of 100 x 16 x 16 = 25,600 boards (see
Methods for more details).
A histogram over these boards provided an approximation of the human prior over 2D
board structure. We refer to this distribution as the GSP (Gibbs Sampling with People)
distribution. A weighted sample of 25 boards is shown in Fig. 4B. We see that although
there is significant variation across samples, certain abstract motifs are retained such as
straight lines, blocks, continuous shapes, etc.. This indicates that these abstract
rule-like structures – similar to the ones we used in the previous sections – are a core
component of people’s inductive biases for 2D grid patterns.
We repeated the procedure in the previous section to generate the metamer distribution
corresponding to this GSP distribution (see Fig. 4B for examples). We then measured
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human and agent performance on both task distributions. Once again, we found a
strong and significant double dissociation between human and machine performance
across the two conditions (Fig. 4C). Like the previous experiment, we found a
statistically significant two-way interaction between the performer and condition
(F1,126=530.462, p<0.001). Humans did significantly better on the original GSP boards
than the corresponding metamers (t98=-9.304, p<0.001) while agents did significantly
better on the metamer boards (t28=-88.701, p<0.001). Humans did significantly better
than agents on the abstract boards (t63=-10.012, p<0.001) whereas agents did
significantly better than humans on the metamer boards (t63=-25.556, p<0.001).

Figure 4. Generating abstract patterns from human judgments. (A) Gibbs Sampling with
People (GSP) experiment. We asked sequences of individual participants to fill in a
single tile in a 4 x 4 board, each based cumulatively on the boards produced by
responses of preceding participants, in order to directly sample from people’s priors on
two-dimensional grids. (B) Samples from the GSP distribution and samples from the
corresponding metamer distribution. (C) Performance of humans and machine-learning
agents on the tile-revealing task with original GSP and GSP-matched metamer boards.
Note that this was obtained with an independent set of humans from those that were in
the GSP experiment.

Agents trained on Abstract Distributions perform well on Metamer Distributions
As a final means of assessing what the neural network agents learned, we examined
how agents trained on abstract task distributions perform when given test tasks from the
metamer distributions. We do this on the task distributions in which we saw the largest
difference between agents and humans. Note that this is an out-of-distribution test and
we would normally expect that an agent would have better test performance on tasks
that are from the distribution on which it was trained. We find, however, that agents
performed similarly or even better on the metamer test tasks (see Fig 5) than on
held-out abstract boards for some of the abstractions. This suggests that agents did not
14

respond to the metamer boards as out of its training distribution. Rather, the agent’s
behavior indicates that the metamer distribution actually shares the structure it learned
during training on the abstract tasks. This is consistent with the hypothesis that the
agent learns statistical features even when directly trained on abstract task distributions,
learning the statistics associated with those abstractions rather than the abstractions
themselves.

Figure 5. Results of humans versus agents trained on a subset of abstractions and
tested on the held-out boards from those abstractions. Even when the agent is trained
on these abstract task distributions, it performs the same or better on metamer test
tasks than tasks that originated from the distribution on which it was trained.

Discussion
The ability to recognize and leverage abstract structure is a central tenet of human
intelligence (Lake et al., 2017; Dehaene 2021; Mitchell 2021). Several lines of research
in AI strive to endow artificial systems with this ability. One such approach is
meta-learning, in which the intended abstraction is embedded into data, with the intent
that training on these data will cause the learner to induce the relevant abstractions. In
the work presented here, we show that even when training on data generated by
abstract rules, an exemplar deep learning system appears to preferentially encode the
statistical structure associated with the generated data rather than the abstract rules
from which they were generated. In the past, distinguishing statistical pattern matching
from learning abstractions has been difficult based solely on test performance of
meta-learned agents. Here, we introduce a novel way to disambiguate these using “task
metamers”. These metamers are generated to have statistical structure that is highly
similar to the tasks generated from abstract rules, but that do not use those rules to
generate tasks. We instantiate these metamers for a set of abstract rules used to
generate tasks of a simple but richly-structured tile-revealing task.
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Our results showed that, in stark contrast to humans who performed significantly better
on abstract tasks than corresponding metamer tasks, common meta-learning agents
performed comparably or better on the metamer tasks. Additionally, humans generally
performed better on abstract tasks than agents whereas agents performed better on
metamer tasks than humans. This provides direct evidence that current deep learning
systems are able to arrive at different strategies than humans. This is consistent with
the idea that humans have an inductive bias toward acquiring and using certain abstract
structures, whereas current neural network learning algorithms can be preferentially
sensitive to the statistics that may be downstream consequences of these abstractions.
It is important to note that, although we found broad trends in the difference in inductive
biases between humans and neural network agents, there were exceptions to these
trends. For example, our neural network agents did significantly better at some abstract
tasks (viz., the rectangle and cross abstractions) compared to their metamer
counterparts (see Table S2). Similarly, there were also exceptions in human
performance (e.g., performance did not significantly differ between the abstract
metamer versions of the symmetry task, see Table S3). In the literature there are similar
exceptions. For example, there is evidence of neural networks capable of discovering
abstract forms of structure (Santoro et al. 2018), and conversely humans are clearly
capable of statistical pattern recognition (e.g., Fiser & Aslin 2012). We hope that the
method we have described for producing and using task metamers to compare
performance with explicitly structured tasks will help identify which abstract rules are
most easily inferred by humans, as well as which can be learned by neural network
agents.
In our second experiment, we used regularities empirically derived from human
judgments using Gibbs Sampling with People (GSP; Harrison et al. 2020; see Fig 4a),
rather than prespecified rules, to construct tasks. This process is analogous to the
process of generating metamer samples (see Fig 2), except it uses humans as the
conditional model instead of a trained neural network. There are several recognizable
abstract concepts that emerged from this process, such as lines, squares, and
continuous shapes (see Fig 4b). The results using this method corroborated those
using predefined abstract rules, providing further evidence that humans have inductive
biases that favor abstract rules.
Our machine learning agent implemented a widely used learning algorithm (Wang et al.
2018; Duan et al. 2016) an LSTM-based meta-learner trained with Advantage Actor
Critic (A2C) reinforcement learning (Mnih et al. 2016) – which has previously been used
to study whether meta-learning can acquire abstractions (Wang et al. 2018; Dasgupta et
al. 2019). Our results suggest that this particular algorithm is biased to learn statistical
structure associated with rules rather than the rules themselves. More importantly, the
method we describe provides a means of rigorously evaluating the capabilities of other
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machine learning algorithms with respect to their ability to infer abstract structure, some
of which might be more predisposed to do so than the one we tested. For example,
graph neural networks (Battaglia et al., 2018), neurosymbolic approaches (Ellis et al.,
2020), self-attention mechanisms (Vaswani et al. 2017), and architectures that make
use of external memory (Graves et al, 2014; Webb et al., 2021) may permit abstraction
implicitly or explicitly. Task metamers provide a quantitative approach to examining the
inductive biases of these architectures towards structure and their similarity to humans,
which can inform the development of human-like machine learning systems.
Our work also paves the way towards understanding these abstract inductive biases in
humans. Future work might seek to extract formal specifications of these biases, by
inducing programs (Lake et al. 2015; Johnson et al. 2021) that describe the human
generated GSP boards. Humans also have the unique ability to verbalize their thought
processes and biases with language, which may be related to our ability to abstract
(Spelke 2003). Considering the role of natural language in describing (and maybe even
inducing) abstractions is another interesting direction (Narasimhan et al. 2018, Andreas
et al. 2018; Luketina et al. 2019; McCarthy et al. 2021).
Since the beginning of work in Artificial Intelligence in the 1950s, many have hoped to
build systems that can achieve human-level intelligence. Today’s modern deep learning
systems can often perform tasks that once were thought to be achievable only by
humans. Such progress has led not only to technological advances, but also to a
refining of our understanding of human intelligence. We hope that the methods and
findings we have presented in this article will encourage and facilitate further work
seeking to rigorously evaluate and characterize the inductive biases used by humans
and machine learning algorithms. With this, we can work towards the twin goal of
understanding human cognition and building intelligent systems with the capabilities of
human cognition.

Methods
Generating Metamer Task Distributions
We trained a fully connected neural network (3 layers, 49 units each) to learn the
conditional distribution of each tile given all the other tiles on the abstract rule-based
boards. These conditional distributions contain all the relevant statistical information
about the boards. We do this by training on an objective similar to those in masked
language models like BERT (Devlin et al., 2018) where the goal is to predict a
masked-out word in a given sentence. The network was given a board generated with
an abstract rule that had a random tile masked out and trained to reproduce the entire
board including the randomly masked tile. The loss was the binary cross-entropy
between each of the predicted and actual masked tiles, summed over all tiles. The
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network was trained on samples from the relevant abstraction for 4000 epochs, and
typically achieved an accuracy of 95-99%. If the average across 5 epochs was at least
99% accuracy, the training was stopped early.
We used these conditional distributions to generate samples from the distribution of
boards learned using Gibbs sampling. We started with a grid in which each tile is
randomly set to red or blue with probability 0.5. We then masked out one tile at a time
and ran the grid through the network to extract the probability of the missing tile being
red or blue from the trained conditional model. We then assign the color of this tile by
sampling from this binomial probability. We repeated this by masking each tile in the 7 ×
7 grid (in a random order) to complete a single Gibbs sweep, and repeated this whole
Gibbs sweep 20 times to generate a single sample. We generate 25 such independent
samples from the metamer distribution as held-out test data for the meta-learning agent
and sample from this distribution during training (while holding out the test set).

Training Meta-Learning Agents on the Tile-revealing Task
Following previous work in meta-reinforcement learning (Wang et al., 2018; Duan et al.
2016) we use an LSTM meta-learner that takes the full board as input, passes it through
a convolutional layer along with a fully connected layer, and feeds that, along with the
previous action (one-hot representation) and reward (scalar value), to 120 LSTM units.
It then outputs a scaler baseline (an estimate of the value function) and a vector with a
length of the number of actions (the estimated policy). The agent had 49 possible
actions corresponding to choosing a tile (on the 7 x 7 board) to reveal. The actions are
chosen using the softmax distribution of this vector. The reward function was: +1 for
revealing red tiles, -1 for blue tiles, +10 for the last red tile, and -2 for choosing an
already revealed tile. The agent was trained using Advantage Actor Critic (A2C) (Stable
baselines package Hill et al., 2018; see Mnih et al. 2016 for algorithm). We briefly
describe the algorithm below.
The loss function of the agent
is a weighted sum of the policy,
value, and entropy loss terms respectively (where the weights of each of the value and
entropy losses are chosen as hyperparameters). The policy gradient loss term
directly optimizes the expected advantage of the policy’s
actions. The term

gives the log-probability of a particular action (that is

being taken the expectation over) and the term
is an estimate of the
relative value of an action (note that, as mentioned before,
and
are both outputs
of the network). The resulting gradient of this loss function (often referred to as the
policy gradient) is an unbiased estimator of the expected reward of the policy. The value
loss term

is the mean-squared error between the network’s value
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estimate and the actual reward, which serves to improve the quality of the agent’s
estimate of the state’s value. The entropy loss term
is a regularization term equal to the entropy of the current policy and is added to
encourage exploration. The parameters of the network are optimized with this loss
function through gradient descent and backpropagation through time.
The agent was trained for two million episodes. We performed a hyperparameter sweep
(value function loss coefficient, entropy loss coefficient, learning rate, constant/linear
learning rate schedule, number of environment steps per update, and discount) to
choose the hyperparameters that maximized training reward. See Table S5 for the
chosen hyperparameters used. The hyperparameter search was done using the
Tree-Structured Parzen Estimator (Bergstra et al. 2011). In a single trial, a set of
hyperparameters was randomly sampled and evaluated by training the agent for
500,000 episodes and measuring the training reward at the end of 500,000 episodes.
Mean training reward was recorded every 50,000 episodes, and a trial was stopped
early (i.e. pruned out) if the current trial’s mean reward was worse than the median
reward of previous trials. For example, if the current trial’s mean training reward after
50k episodes was 3 and the median of all previous trials’ mean training reward after 50k
episodes was 6, then the current trial would be stopped early and a new trial would
start. We ran the search for up to 600 trials or up to 80 hours, whichever came first, and
chose the best set of hyperparameters across all trials. The selected model was trained
for two million episodes and then was evaluated on held-out test grids that were
previously unseen. We trained different agents for each abstract task distribution and
their corresponding metamer distribution, with separate hyperparameter sweeps for
each. Table S2 contains the selected hyperparameters for each model and Figure S4
contains reward curves for model training.

Testing Humans on Abstract and Metamer Tasks
We crowdsourced human performance on our task using Prolific (www.prolific.co) for a
compensation of $2.25 (averaging ~$13.55 per hour). Participants were shown the 7 × 7
grid on their web browser and used mouse-clicks to reveal tiles. Each participant was
randomly assigned to one of the eight different abstraction groups (copy, symmetry,
rectangle, connected, tree, cross, pyramid, and zigzag) and, within each abstraction,
randomly assigned to either the abstract or metamer boards. Each participant was
evaluated on the same test set of grids used to evaluate the models (24 grids from their
assigned task distribution in randomized order). Note that a key difference between the
human participants and model agents was that the humans did not receive direct
training on any of the task distributions. Since participants had to reveal all red tiles to
move on to the next grid, they were implicitly incentivized to be efficient (clicking as few
blue tiles as possible) in order to finish the task quickly. We found that this was
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adequate to get good performance. A reward structure similar to that given to agents
was displayed as the number of points accrued, but did not translate to monetary
reward. There were 50 participants in each condition, with eight abstractions and eight
metamers. There were sixteen conditions and therefore 800 participants total.

Building an Abstract Task Distribution using Gibbs Sampling with People
To generate a task distribution of boards directly from humans we used Gibbs Sampling
with People, or GSP (see Harrison et al., 2020, and a similar task for binary sequences
in Griffiths et al., 2018). GSP samples internal prior distributions by putting humans “in
the loop” of a Gibbs sampler. In our case, the stimulus space consisted of the space of
4 x 4 boards, and each of the 16 stimulus dimensions corresponded to the binary color
of each tile, namely, red or blue. One of these dimensions was masked out (i.e.
“greyed”) for the prediction task. Each GSP trial consisted of a prediction task of
predicting what color the single masked square is in the grid conditional on the colors of
all other squares on the grid. Once a decision is made, the resulting stimulus is passed
on to a new participant who repeats the task with another masked square and so on. A
sample is generated once a full sweep through the all sixteen squares is completed,
similar to the standard procedure of Gibbs sampling. In each trial, participants were
presented with a board with one of its tiles covered (indicated by a white tile) as well as
the following prompt “what should be the underlying color of the covered white tile such
that the board is described by a very simple rule?” (Fig. 4A). They then delivered their
answer by clicking on a button that corresponded to their color of choice. Overall, we
ran 100 GSP chains in parallel for 15 sweeps each, and chains were initialized with
randomly sampled boards. The order in which tiles were masked out within each sweep
was also randomized across chains to avoid potential biases.
Participants were recruited on Amazon Mechanical Turk (AMT) and a total of 272
participants completed the study. To ensure that participants did not suffer from any
color perception deficiencies, we ran the Ishihara color blindness test (Clark, 1924) as a
pre-screening task. This also helped in screening out automated scripts (“bots”) that
masquerade as participants (Chmielewski and Kucker, 2020).
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Supplementary Information
Abstraction

Description

Generative Process

Copy

Copy takes a random 3x3
configuration and copies it
onto a random
non-overlapping place on
the board.

-Make a random binary array and reshape into 3x3
configuration.
-Insert into 7x7 grid in random location
-Randomly choose a 3x3 location that doesn’t overlap with
previous configuration and copy configuration into new
location as well.

Symmetry

Symmetry contains a set
of red tiles that are
symmetry with respect to
either the horizontal or
vertical dimension.

-Choose randomly whether to do horizontal or vertical
symmetry.
-Choose a random row or column (except the first/last
row/column) to make the axis of symmetry (for horizontal
and vertical respectively)
-Choose a random tile on the axis to color red.
-repeat for four times:
-Choose a random neighbor to a current red tile to the
left/above the axis to color red.
-Color the reflection (across the axis) of the new red tile
red as well.

Rectangle

Rectangle contains red

-Randomly choose two points in the 7x7 grid as the upper
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tiles shaped as a
rectangle.

left and rower right corners of the rectangle.
-Draw a rectangle using those two points (a rectangle can
be completely determined given the location of two of its
corners).

Connected

Connected contains a set
of red tiles that are
connected in one closed
loop such that one can
trace through the entire
loop by going through
each red tile exactly once
(similar to a hamiltonian
cycle on graphs).

-Randomly choose a tile in the board (all white at the
beginning) as a start tile and color it blue.
-for 1-3 iterations
-Choose a random neighbor and label in blue.
This should build a random blue shape in the board. Then,
color all white tiles surrounding this shape (any white tile
neighboring any blue tile) red.

Tree

Trees are generated from
a branching context-free
grammar used in Kumar
et al. 2021.

On the first tree production, the next two red tiles will either
be t1 = (sx+1, sy ), t2 = (sx, sy − 1) or t1 = (sx + 1, sy ),
t2(sx, sy − 1) or t1 = (sx − 1, sy ), t2 = (sx, sy + 1) or t1 =
(sx − 1, sy ), t2 = (sx, sy + 1). The tree production rule
always builds in two orthogonal directions. On subsequent
tree productions, one of the two added red tiles from the
previous production will be picked and two orthogonal
directions will be picked for the next two red tiles. The
defining characteristic in the tree structure is the ”lack of
loops”, which means there can never be a 2x2 sub-square
of all red tiles. Therefore, a currently red tile t is chosen for
the center of production such that there exists a pair of
tiles t1, t2 in orthogonal directions to t such that making
both t1, t2 red does not create a 2x2 sub-square of red
tiles.

Cross

Cross contains two lines
(either vertical and
horizontal or diagonal)
that intersect at a specific
tile.

-Choose randomly whether to make a diagonal or
vertical/horizontal cross.
-Choose a random center tile and color red.
-Choose random endpoints of the perpendicular segments
that meet at the center tile and color red.

Pyramid

Pyramid contains red tiles
that are in the shape of a
pyramid, where there is a
base of red tiles on the
bottom of a triangular
structure converging to a
one tile row on the top.
Pyramids can sometimes
be rotated 90 degrees.

-Select a base size of either size 7, 5, or 3.
-Select a random row to be the base location. If its size 7,
it must be at the bottom. If it is size 5, it must have at least
3 rows above.
-Build up the rest of the pyramid (either has 4 levels if base
size is 7, 3 if base size is 5, or 2 if base size is 1).
-Randomly apply a rotation (0/90/180/270 degrees).

Zigzag

Zigzag contains red tiles
in the shape of a zigzag,
which is a series of
connected straight lines in
alternating directions.

-Choose a random start location
-Choose a step size between 1,2,3,4,5, or 6 (the max
possible step size depends on the start location).
-while you haven’t reached the end of the board:
-Color all tiles step tiles away horizontally red.
-Color all tiles step tiles away vertically red to complete
one zigzag.
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-shift the “tile of focus” as the tile at the end of zigzag (so
[x,y]->[x+step,y+step]

Table S1. Each abstract task distribution used in this work and their descriptions.

Factor

df

F-value

P-Value

Human vs Agent

1

737.888389

<0.001

Abstraction

7

171.650683

<0.001

Abstract vs Metamer

1

68.135112

<0.001

Human vs Agent / Abstract vs Metamer

1

888.715683

<0.001

Human vs Agent / Abstract Rule

7

182.474537

<0.001

Abstract Rule / Abstract vs Metamer

7

139.027863

<0.001

Human vs Agent / Abstract vs Metamer / Abstract Rule

7

339.574515

<0.001

Table S2. Three-way ANOVA analysis of results in Fig 3A.

Abstraction

df

F-value

P-value

Copy

1

550.392572

<0.001

Symmetry

1

17.967854

<0.001

Connected

1

475.364492

<0.001

Rectangle

1

24.684443

<0.001

Zigzag

1

56.101411

<0.001

Tree

1

9.009430

0.0032

Pyramid

1

489.063471

<0.001

Cross

1

487.360353

<0.001

Table S3. F-values for two-way interactions between human vs agent factor and
metamer vs abstract factor within each abstraction for results in Fig 3A.
Task Distribution

Human Abstract vs Human
Metamer (t)

Human Abstract vs Human
Metamer (p)
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copy

-7.05802

<0.001

symmetry

-0.93046

0.35442

rectangle

-16.77618

<0.001

connected

-9.1196

<0.001

tree

-6.31362

<0.001

pyramid

-7.01523

<0.001

cross

-10.1344

<0.001

zigzag

-16.89938

<0.001

gsp

-9.30393

<0.001

Task Distribution

Agent Metamer vs Agent Abstract
(t)

Agent Metamer vs Agent Abstract
(p)

copy

-68.47882

<0.001

symmetry

-9.38291

<0.001

rectangle

15.07433

<0.001

connected

-18.08568

<0.001

tree

0.82062

0.41879

pyramid

-11.74115

<0.001

cross

164.87218

<0.001

zigzag

1.47712

0.1508

gsp

-88.70074

<0.001

Task Distribution

Human Abstract vs Agent Abstract
(t)

Human Abstract vs Agent Abstract
(p)

copy

-17.84887

<0.001

symmetry

-1.17116

0.24595

rectangle

-10.40058

<0.001

connected

-21.52446

<0.001

tree

9.09121

<0.001

pyramid

-20.49073

<0.001

28

cross

-1.47796

0.1444

zigzag

-4.23903

<0.001

gsp

-10.01215

<0.001

Task Distribution

Agent Metamer vs Human
Metamer (t)

Agent Metamer vs Human
Metamer (p)

copy

-16.26451

<0.001

symmetry

-9.23867

<0.001

rectangle

-2.4756

0.016

connected

-4.92417

<0.001

tree

-15.91022

<0.001

pyramid

-10.42991

<0.001

cross

27.63812

<0.001

zigzag

-6.19551

<0.001

gsp

-25.55633

<0.001

Table S4. t and p-values for comparing: mean human performance in abstract vs
metamer tasks, mean agent performance in metamer vs abstract tasks, mean human
performance vs mean agent performance in abstract tasks, and mean agent
performance vs mean human performance in metamer tasks.

Task
Distribution

gamma

n_steps

lr_schedule

lr

ent_coef

vf_coef

copy

0.9

2

constant

0.000622

2.431517e-03

0.001011

copy_metamer

0.9

2

constant

0.000306

8.512145e-03

0.011165

symmetry

0.9

4

constant

0.001313

5.132809e-03

0.018439

symmetry_metamer

0.9

4

linear

0.001177

1.979729e-03

0.017076

connected

0.9

6

constant

0.002095

6.188380e-02

0.018256

connected_metamer

0.9

2

linear

0.000832

9.633989e-03

0.020337

rectangle

0.9

2

constant

0.001235

1.196731e-08

0.026937

rectangle_metamer

0.9

4

linear

0.001086

1.587278e-02

0.027860

tree

0.9

10

linear

0.003780

4.569161e-02

0.010203
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tree_metamer

0.9

10

constant

0.001422

1.431705e-04

0.010322

pyramid

0.9

2

constant

0.000941

7.783915e-04

0.014786

pyramid_metamer

0.9

6

linear

0.000932

6.568564e-04

0.025478

cross

0.9

2

linear

0.000450

5.943864e-04

0.004072

cross_metamer

0.9

2

linear

0.000810

3.880544e-06

0.064216

zigzag

0.9

4

constant

0.001654

4.207450e-07

0.032292

zigzag_metamer

0.9

4

constant

0.000756

6.188464e-04

0.036510

GSP

0.9

2

constant

0.003027

2.273041e-05

0.018990

GSP_metamer

0.9

8

constant

0.005726

4.736532e-03

0.001784

Table S5. Selected hyperparameters for each model used.
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Figure S1. More samples from all abstract task distributions and corresponding
metamer task distributions.
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Figure S2. Training accuracies across time of the network we use to produce metamers
sample (see Fig 2A). We trained one for each abstraction. The network was trained for
4000 epochs or until the average accuracy was above 99%, whichever was first.
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Figure S3. Example sweeps from the Gibbs sampling process to produce a metamer
for the pyramid abstraction. We start with a random initialization and iterate through the
whole board, flipping each tile with the network’s given probability. Eleven example
sweeps are shown here.

33

Figure S4. Reward curves over episodes for all models trained.
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