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Abstract
We present a novel task that measures how people generalize objects’ causal powers based on observing a single (Experiment 1) or a few (Experiment 2) causal
interactions between object pairs. We propose a computational modeling framework that can synthesize human-like generalization patterns in our task setting, and
sheds light on how people may navigate the compositional space of possible causal
functions and categories efficiently. Our modeling framework combines a causal
function generator that makes use of agent and recipient objects’ features and
relations, and a Bayesian non-parametric inference process to govern the degree
of similarity-based generalization. Our model has a natural “resource-rational”
variant that outperforms a naïve Bayesian account in describing participants, in
particular reproducing a generalization-order effect and causal asymmetry observed
in our behavioral experiments. We argue that this modeling framework provides a
computationally plausible mechanism for real world causal generalization.

1

Introduction

Objects appear to be a fundamental building block of our world models, appearing early in development and ubiquitously in natural language [1–3]. Observing objects interacting naturally invokes
causal perceptions. For instance, in “launching” phenomena [4], when participants observe some
object A moving toward a stationary object B, and if around when A touches B, A stops moving and
B starts to move, participants spontaneously report that they see object A cause object B to move [see
also 5–7].
While a wealth of research has been devoted to studying how children and adults acquire causal beliefs
[e.g., 8–12] and generalize functional properties [e.g., 13–17], the interplay between causality, object
concepts and generalization has received less attention. On the face of it, this is surprising. In reality,
a key component of successful causal learning is the ability to generalize causal relations appropriately to new situations that are related but non-identical to past experiences [18–20]. Meanwhile,
generalization could not be successful without tapping into what Sloman calls Nature’s “invariants”,
the true causal laws that govern both experienced and novel situations [8]. Recent research has
explored this interplay using hierarchical Bayesian models [e.g., 11, 21, 22] as a computational
level account of domain knowledge [23], or formal analysis on transportability of structual causal
knowledge [18–20], but these are limited in their ability to capture psychological processes due to
their inherent intractability [24–26].
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Figure 1: Task interfaces. A–D: Experiment 1. A–C step through an example learning scene
animation, and D shows a generalization task consisting of novel objects (left) and a selection panel
(right), in which learners select from a set of possible predictions about the appearance of the recipient
after the causal interaction. E–F: Experiment 2. Summaries of previous learning examples are shown
at the top of the screen. E shows one animated effect similar to A–C. In F, generalization predictions
are elicited by selecting from two drop-down menus (one per feature).

In this paper, we explore how people generalize causal relations from observed interactions between
pairs of simple geometric objects, and propose a computational modeling framework that has a
natural “resource-rational” variant. We develop an interactive online game we call “magic stones”,
in which people can test how one object (the agent) acts upon another (the recipient) and brings
about some change in the recipient (see Figure 1A–C), and then make predictions about new pairs of
objects (Figure 1D). This game thus provides behavioral measures of how people generalize their
causal understanding of observed objects to unseen ones.
In the following sections, we introduce our computational modeling framework for object-based
causal inference with an expressive hypothesis space that captures the diverse inferences people can
make [11, 27]. It draws on non-parametric approaches to category and function learning to account
for similarity-based generalization predictions (Figure 2). The normative version, we call LoCaLa
(Local Causal Laws), compares each generalization trial against all the learning examples in order to
assign causal categories to new observations. We then describe a “resource-rational" [13, 28] variant,
we call LoCaLaPro (Local Causal Laws Process), that shares causal categories among generalization
trials, and only posits a new causal function and category when it cannot explain a novel observation
with any existing categories.
We report on two experiments that shed light on previously unexplored inductive biases in causal
learning, and so allow us to evaluate our models and the ideas that motivate them. We find that our
local laws and particularly our new process model better explain our behavioral data than a purely
normative account, including explaining a novel generalization-order effects observed in Experiment
1, and causal asymmetry in Experiment 2.

2

Related work

Our task generalizes the structure of standard “blicket detector" studies, in which different combinations of factors or objects are tested and an effect does or does not occur [e.g., 10, 21, 27, 29].
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Figure 2: To model how people make object-based causal generalization predictions (middle), we
combine program induction about the hidden causal laws (right) with non-parametric category
inference about their domains of influence (left). Together, they form causal categories that guide
generalization predictions (arrows from bottom to middle).

The collision stimuli we used in our tasks are known to evoke automatic perception of causality [4],
making these an appealing way to study how people inherently reason about cause and effect. In
daily life, we typically observe sequences of changes rather than independent trials [30–32], and our
experiment interface can capture this pattern naturally. Unlike previous work [e.g. 21, 33], we are
not constrained to binary, present/absent effects, or multiple outcomes, such as different kinds of
activations [e.g. 34]. Our task can also capture higher-order causal relationships, such as rules that
depend on color/shape matches between agent and recipient objects [29].
Causal Bayes nets (CBN) [35, 36] have inspired fruitful research in causal learning and induction,
among which the most relevant to causal generalization are transportability analysis [18–20] and
the hierarchical Bayesian model (HBM) framework [11, 21, 27]. However, these methods have
been focused on inferring statistical relationships between variables, rather than interactions between
objects. Furthermore, although CBNs and HBMs can address the problem of inferring network
structure together with parameter estimation, they suffer from serious scalability issues: As the
number of nodes and layers increases, the number of possible causal networks increases super
exponentially, making domain expectations more of a computational curse than a learning-to-learn
blessing in practice [24, 25]. Therefore, more recent accounts of causal learning have treated causal
inference as practically constituting a search problem in a large multi-modal theory space [11–
13, 21, 22, 37], utilizing generative grammars and program induction ideas, in order to capture the
representational flexibility and inductive biases of human causal hypothesis generation along with its
incompleteness.
While it has been argued that we think of causal relationships as “invariant” [8], category knowledge
is also integral to real world causal inference. While people refer to causal relationships when
categorizing objects [38–40], they also spontaneously use featural and relational information for
categorization when no causal information is available to form categories [41–43], and then make
causal predictions based on these categories [21]. Since creation of such causal categories may be
triggered only when required for generalization, we will present a process view such that cognitive
representations are fundamentally generative, and judgments are based on samples [37, 44, 45].

3

Formulation

Causal functions We use a Probabilistic Context-Free Grammar [PCFG; 46] to define a prior
over possible causal functional relationships (causal laws). Grammar G generates expressions that
specify features of the result object. For example, if one of the features is “color”, a possible causal
3

function could be color(r0 ) ⇐ red — recipient will turn red — or color(r0 ) ⇐ color(a)
— recipient will take the agent’s color, and so on. This grammar is set up to allow for arbitrarily
complex expressions allowing a rule to produce conjunctions of feature changes, for example,
AND (color(r 0 ) ⇐ red, shape(r 0 ) ⇐ triangle). A causal function outputs result object(s)
when particular agent and recipient objects are provided. Detailed definitions for our grammar G are
provided in Appendix A.
Latent causal categories While this PCFG provides an account for the set of possible causal
functions that people may entertain during learning (right box in Figure 2), it cannot tell us to what
extent should these causal laws apply. When making generalization predictions, if the novel objects
look similar to those in the learning phase, one may consider these objects falling into one category
and are thus governed by the same causal law. However, if the novel objects look very different from
learning examples, these objects may belong to different categories and therefore execute different
causal functions (left box in Figure 2).
We formalize the idea that the objects may fall into different causal categories with respect to featural
similarities, roles in the interaction, and shared causal laws. Let d denote a set of observations,
z denote a particular set of causal category memberships, and w some categorization parameters
(weights). We use superscript (i) for the i-th observation: d(i) for the i-th data point, z (i) the causal
category assigned to the i-th observation, a(i) the agent in the i-th data point, similarly for r(i) , r0(i) ,
and wz(i) for the weights associated with categorizy z (i) ; additionally, let z (−i) be the categorization
of observations except for d(i) , inference about the i-th observation’s category is given by:
P (z (i) |d, w) = P (z (i) |d(i) , w, z (−i) )
∝ P (z (i) |z (−i) )P (a(i) , r(i) |wz(i) )P (r0(i) |a(i) , r(i) , wz(i) )

(1)

Equation 1 consists of three parts: P (z (i) |z (−i) ) reflects our expectations about how causal categories
are distributed, P (a(i) , r(i) |wz(i) ) encodes our beliefs about object features and category membership, and P (r0(i) |a(i) , r(i) , wz(i) ) marks the causal function this particular category possesses. To
accommodate the fact that there could be any number of causal categories, we draw on an extended
Dirichlet Process, composed by a Chinese Restaurant Process (CRP) [47], a multinomial distribution
over the feature values of an unknown number of categories with a Dirichlet prior, and likelihoods
defined by causal functions, in correspondence to the three parts in Equation 1. Appendix B unpacks
this procedure in more details.
In total, we introduce three global parameters for our extended Dirichlet Process: a concentration
parameter α > 0 for the distribution of categories according to CRP, a Dirichlet prior β ≥ 0 to control
the impact of feature similarities, and a focus parameter γ ∈ [0, 1] for weighting the categorization
based on causal action roles (agent or recipient). In our Dirichlet Process, both the focus parameter
γ and the Dirichlet prior β are embedded in a local parameter µ(zi ) , the mean feature vector for
category z (i) (see Appendix B). Let f (zi ) be the causal function assigned to category z (i) , we can
rewrite Equation 1 as:
P (z (i) |d, w) ∝ P (z (i) |z (−i) )P (a(i) , r(i) |µ(zi ) )P (d(i) |f (zi ) )

(2)

Inference The Dirichlet Process defined by Equation 2 models the acquisition of causal categories,
equivalent to the learning phase of causal generalization. It is impossible to compute the posterior
directly because we do not know how many categories are there in advance, but we can approximate
the posterior distribution using Gibbs sampling (see also Appendix B). In the prediction stage, upon
observing a partial data point d∗ = (a∗ , r∗ , ·), an optimal decision can be made by marginalizing
over the posterior predictive distribution of each possible r0∗ value:
Z
P (d˜∗ ) ∝ p(d˜∗ |z)P (z|d)dz
z

1 X
≈
p(r0∗ |a∗ , r∗ , f (z̃) )P (a∗ , r∗ |µ(z) )P (z|d)
|Z̃|

(3)

z̃∈Z̃

and taking the maximum over this predictive posterior:
Choice = arg max P (d˜∗ )
4
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P (z (i) |a(i) , r(i) ) ∝ P (zi |z (−i) )P (a(i) , r(i) |µ(zi ) ).

(5)

Equation 5 is a simplified version of Equation 2, because in generalization scenarios, the resulting r0
is unknown and the assignment is purely based on the basis of feature-based fit to existing categories.
Instead of approximating a posterior over infinitely many possible categories, this process model
maintains a small set of available categories that are created online as new generalizations are
performed. Interested readers can find more implementation details in Appendix C. All code and data
are openly available at https://github.com/bramleyccslab/causal_objects.

4
4.1

Evaluations
One-shot causal generalization

Data We designed a one-shot causal generalization experiment (Figure 1A–D) involving six different one-shot learning tasks (see Appendix D). We collected data from one-hundred-and-twenty
participants (53 female, aged 40±11) from Amazon Mechanical Turk. Each participant faced a single
learning task and made 15 generalization predictions, leading to 1800 generalizations in total.
In addition, we distinguished two generalization sequences for each one-shot learning task: a nearfirst transfer and a far-first transfer. In the near-first transfer condition, generalizations start with
cases that differ by only one feature from the learning example and progress to cases in which all
of the features differ. In the far-first transfer condition, generalizations are first made about sets of
objects that are completely different from those in the learning examples and progress back to the
more similar cases.
Behavioral results Since there is no ground truth in this task to measure accuracy against, we use
Cronbach’s alpha [48] to measure inter-participant generalization consistency ρτ for each generalization under each learning task and order condition. Since our design is completely between-subject,
this tests how peaked the distribution of responses was on average across the sample of participants in that condition and task (e.g. each corresponding to the rows in Figure 3A). Fisher’s exact
test confirms that participants’ generalization consistency (ρτ = .80 ± .22) is significantly above
chance, p < 0.001, demonstrating a robust human capacity to make systematic one-shot causal
generalizations [49].
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Figure 4: Experiment 1. A. Generalization consistency patterns for all conditions visualized as
proportion of participants predicting each stone type for r0 (column) on each task (row). B-C.
Example LoCaLaPro predicted proportions with small α (=0.01) and large α (=8). For both figures,
β = 0, γ = 0.5. D. Fitted LoCaLaPro predictions.

Near-first transfers induced more consistent predictions across subjects (ρτ = .83 ± .21), compared
with far-first transfers (ρτ = .77 ± .21), t(89) = 3.54, p < .001, 95% CI = [0.03, 0.10]. Inter-person
generalization consistency ρτ was higher for near-first transfer under all learning conditions except
A6 “Recipient changes to a new color and shape”, for which both transfer sequences induced low
agreement (Figure 3). This generalization-order effect suggests that participants may be influenced
by their own generalization history in some way.
Models We fit several model variants to our choice data (Figure 4A) using maximum likelihood,
and then compared them using Bayesian Information Criterion to accommodate for different numbers
of parameters. The random choice Baseline model simply predicts P (choice = r0 ) = 1/9, for the
9 candidate objects and has no parameters. The Universal Causal Laws (UnCaLa) model uses the
PCFG-generated causal functions, assuming that the causal function governing the training case
applies universally to all potential generalization scenarios, no matter how dissimilar the objects
involved may be. The Local Causal Laws (LoCaLa) model implements the joint inference of latent
causal categories, combining both symbolic causal laws and similarity-based categorizations. Finally,
the Local Causal Laws Process (LoCaLaPro) model is the averaged predictions of our process version
of the LoCaLa model.
For the two causal category models LoCaLa and LoCaLaPro, we fit hyper parameters α and β, but
fixed the focus parameter γ = 0.5 because there is no information about what causal categorization
assumptions should be preferred in this experiment. For all of the non-random models, we applied a
softmax with a “inverse temperature” parameter t on the posterior predictives to account for response
noise [50].
Model fits Table 1 summarizes model fits. Both the UnCaLa and LoCaLa models improve dramatically over the random Baseline, and the LoCaLa outperforms the UnCaLa in both log likelihood and
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α

β

Table 1: Model fitting results
γ
t

Log likelihood

BIC

6.96
9.44
10.09

-3955
-2761
-2748
-2736

7910
5529
5518
5494

3.19
9.5

-4889
-3706
-3462

9778
7417
6942

Experiment 1
Baseline
UnCaLa
LoCaLa
LoCaLaPro

2.41
0.38

938.81
1

(0.5)
(0.5)
Experiment 2

Baseline
UnCala
LoCaLa

9

256

(0.5)
1

BIC. The process model LoCaLaPro best predicts the empirical data, and as shown in Figure 4D, it
indeed predicts the dominant judgment patterns among participants.
Figure 4B-C demonstrate that when concentration parameter α is small, it can reproduce a strong
generalization-order effects, because each new observation will stickily join previously assigned
categories (Figure 4B). When α becomes very large, however, a new observation has a high probability
of being attributed to a new category (Equation 8), and the overall generalization predictions will
simply approach the prior (Figure 4C). The fitted α parameter for LoCaLaPro is 0.38, confirming the
presence of a dominant order effect.
4.2

Multi-shot causal generalization

Data We extended the setup in Experiment 1 to investigate inference from multiple complete
observations, where each participant tested six pairs of objects before making generalizations. We
controlled whether participants observe the same agent object paired with various recipient objects
(fixed-agent conditions), or vice versa (fixed-recipient conditions). We employed two ground truth
rules between-subject to counterbalance between shape and shading features (see Appendix E).
One-hundred-and-sixty-three participants were recruited from Amazon Mechanical Turk. Sixty-one
participants were excluded before analysis for failure to provide task-relevant responses, resulting in
102 participants (37 female, aged 35 ± 10) × 16 generalization predictions = 1632 generalizations.
Behavioral results As with Experiment 1, we measured inter-person generalization consistency
ρT , and Fisher’s exact test confirmed that across all experimental conditions, participants produced
systematic generalization patterns against random guesses, p < 0.001. In particular, the fixedagent condition induced higher consistency (ρT = 0.89 ± 0.06) than the fixed-recipient condition
(ρT = 0.85 ± 0.1), t(31) = 2.12, p = 0.04, 95%CI = [0.001, 0.08], while the difference in ρT
between the ground truth condition was negligible, t(31) = 0.22, p = n.s. (see also Appendix E.3E.4). This suggests that participants made more homogeneous predictions after observing the
same agent acting on a range of recipients, and diverged more having observed different agents
interacting on the same recipient, echoing a well-known inductive bias—causal asymmetry—in
physical causation [51].
Models As with Experiment 1, we compared participants generalizations to a random Baseline
model, a Universal Causal Laws (UnCaLa) and a Local Causal Laws (LoCaLa) model, again
using maximum likelihood and BIC to account for different numbers of parameters. Since we
randomized the presentation of both evidence and generalization trials between subjects, we do not
expect systematic effects of the sort accommodated by our process model LoCaLaPro, so focus on
comparison between UnCaLa and LoCaLa. Different from Experiment 1, values of γ = 1, 0.5 and 0
are of particular theoretical interest here, representing categorization based on just the agent, agent
and recipient equally, or just the recipient. We also included γ = 0.25 and γ = 0.75 consistent with
a mixed focus biased toward either agent or recipient.
Model fits As summarized in Table 1, both models improve substantially over the random Baseline,
with LoCaLa fitting better than UnCaLa as in Experiment 1. Within LoCaLa, the best fitting γ value
was 1, indicating that causal categorization was dominated by features of the agents, in line with the
7

asymmetric causal attribution bias suggested by our regression analyses. The fitted α for LoCaLa is
9, above chance-level probability of assigning a new causal law to each new observation, confirming
the behavioral tendency to create multiple causal categories to account for the evidence. Here, γ = 1
together with α = 9 captures the causal asymmetry observed in behavioral data: When observing
multiple different agents, participants imputed many local causal laws. When seeing a single agent
interact with multiple recipients, they tended to impute a single causal law. The fitted β parameter
was quite large, as in Experiment 1, indicating a substantial heterogeneity across participant data
taken together.

5

Discussion

In this paper, we investigated causal generalization based on observations of interactions between
objects. Our two experiments demonstrated that people make systematic causal generalizations from
one or a few observations and revealed some of the inductive biases that drive these. Participants’
generalization patterns were well-captured by our Bayesian inference model operating on a latent
space of causal laws generated by a simple Probabilistic Context Free Grammar prior favoring
parsimony, and an extended Dirichlet Process that localized causal laws according to the interacting
objects’ features as well as their causal behaviors. Separately, these ideas extend previous work in
causal inference and categorization [13, 21, 37], and in combination they give the first precise formal
account of how people (1) partition the world according to causal behavior without relying on innate
knowledge – an essential feature of any general model of causal learning [e.g. 11, 27]; and (2) do
so in a way that is resource-efficient, requiring modest attention and memory, and supporting snap
judgments, albeit at the expense of inducing order effects.
Our framework integrates a symbolic approach to represent causal law generation, with nonparametric Bayesian categorization to model latent categories, emphasizing the constructive nature of
causal belief formation, in which both the content and extension of our causal concepts are generated
rather than pre-specified. The constructive nature of the PCFG calls upon a potentially infinite set of
possible causal functions, yet is governed by the preference for parsimony, and encourages systematic
composition [see also 13, 52]. The extended Dirichlet Process for category construction goes beyond
a hierarchical Baysian modeling approach where categories are pre-defined as inductive biases [e.g.
11, 22], and thus better captures the flexibility of human generalization behaviors [see also 21]. This
method draws a close link with probabilistic program induction models [e.g. 14, 52–54], where
causal beliefs and concepts can be viewed as programs, and accurate generalizations can be viewed
as evidence for successful program synthesis whereby these programs increasingly reflect the true
causal laws of nature. Moreover, our constructive computational modeling framework balances
between learning a single causal law versus making generalization predictions based on multiple
causal categories, and with the “creating new categories only on demand” assumption for a process
account, our model successfully reproduces the generalization-order effects in behavioral data.
However, our simple task and specific modeling choices just mark the starting point for exploring
causal generalization. Our modeling framework is compatible with many other options. For example,
one may to extend the symbolic approach to cover the categorization process as well, or use causal
Bayes net as an alternative representation for causal functions. Our task setup can be adapted to
investigate causal interactions between multiple objects, reversed agent-object roles, or active learning
and planning tasks. In our current work-in-progress, we are extending the existing framework to use
adaptor grammar [55–57] to model organic compositional causal generalization under boostrapping
conditions. We hope this line of work opens up more insights into how causality permeates the
cognitive representations we use to predict, explain, and act in the world.
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