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Abstract

What kind of thing is a theory of mind? How can we formalize
the various theories of mind we study as cognitive scientists?
In this paper, we argue that it is valuable to think of a theory
of mind as a kind of programming language: one that is spe-
cialized for setting up and reasoning about problems involving
other minds. Drawing on ideas from the theory and history
of programming languages, we show how this perspective can
help us formalize concepts in a theory of mind, precisely artic-
ulate differences between multiple theories of mind, and rea-
son about how we develop our theories-of-mind over time.

Introduction

How should we think about a theory of mind? On the influen-
tial “theory-theory” (Carey, 1985; Gopnik & Meltzoff, 1997),
we should think of a theory-of-mind as, indeed, a kind of the-
ory: akin to scientific theories (Gopnik & Wellman, 1992).
But what exactly do we mean by a “theory,” here? How can
we articulate a given theory-of-mind € in precise, computa-
tional terms? And what kind of thing is 6, anyway—how can
we formalize the space T of possible alternate theories-of-
mind that § € T is a member of?

A precise mathematical language for representing theories-
of-mind is valuable for three key reasons. First, such a lan-
guage would allow us to state our ideas and hypotheses about
theories-of-mind in explicit, unambiguous terms. Second,
such a language would allow us to systematically instan-
tiate our ideas and hypotheses in executable computational
models, which can then be used to run valuable simulations
and analyses—for example, Horschler et al. (2023) recently
showed how a suite of executable models could be used to
characterize the theory-of-mind of non-human primates. Fi-
nally, a systematic computational grounding for theories-of-
mind can be applied to engineer real-world Al systems with
human-like social intelligence in a principled manner.

The goal of this paper, then, is to offer a way to formal-
ize 6 and 7. We propose that we should think of a theory-
of-mind 6 as a kind of programming language (PL), one in
which a mind can set up and solve problems involving rea-
soning about other minds. The space of theories-of-mind 7 is
thus defined by a space of potential programming languages
for reasoning about minds.

This paper develops this idea in four stages. We begin
by discussing two prior attempts at formalizing theories-of-
mind, and motivating why a new account would be valuable.

Next, we introduce our account with an example of a par-
ticular programming language that instantiates a particular
theory of mind. We use this example to show how a pro-
gramming language’s design can reify concepts in a theory of
mind. We then move from the particular to the general, dis-
cussing how our account helps us formalize the differences
between multiple possible theories-of-mind in terms of vari-
ations on a programming language’s syntax and semantics.
Finally, we discuss how our account gives insight into the pro-
cess of theory change, by allowing us to draw wisdom from
the history of programming language design.

Three formal accounts of theories-of-mind

What do we want from a formalization of a theory of mind?
In our view, a formal account of theories-of-mind should at
minimum be able to explain two of their key features: (1) how
theories-of-mind empower their bearers to efficiently repre-
sent and reason about situations involving other minds, and
(2) how these theories’ bearers grow, mend, or replace theo-
ries entirely in the face of new evidence.

The Bayesian network account An early account (Gop-
nik et al., 2004; Gopnik & Wellman, 2012) addressed
these desiderata by formalizing theories-of-mind as causal
Bayesian networks (Pearl, 2000). On this account, latent con-
cepts like an agent’s beliefs and desires can be represented
as nodes in a Bayesian network, with directed edges pointing
to that agent’s actions (Figure 1). Tasks like prediction and
planning are supported by efficient algorithms for probabilis-
tic inference (Baker et al., 2008). Finally, theories themselves
can change in the face of new evidence, by hierarchical infer-
ence over a space of possible Bayesian networks (Goodman
et al., 2006). For example, a child might start with high con-
fidence that minds are well-modeled by the network shown
in Figure 1(a). Over time, she might come to prefer the less-
parsimonious network in Figure 1(b), because she discovers
that it better models minds when perceptual access is limited.

This account faces two challenges. First, writing a
Bayesian network to describe every possible social situation
is simply untenable. One agent’s beliefs and desires at a mo-
ment in time may be easy to represent with a fixed Bayesian
network, but human capacity for reasoning about minds is un-
bounded, generative, and infinite: we can reason just as well
about an agent’s beliefs about another agent’s beliefs, chang-
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Figure 1: Two possible theories-of-mind, instantiated as
Bayesian networks. Adapted from Goodman et al. (2000).

Bayesian
network (a)

Bayesian
network (b)

ing over time in response to that agent’s actions. This sug-
gests that a fixed Bayesian network is an insufficient repre-
sentational scheme for theories of mind, challenging desider-
atum (1). Second, this account does not fully explain how
one might grow a theory. Goodman et al. (2006)’s model
considered inference between two predetermined Bayesian
networks, but it did not account for where those hypotheses
themselves may come from, challenging desideratum (2).

To begin addressing these challenges, Tenenbaum et al.
(2007) proposed formalizing intuitive theories not as fixed
Bayesian networks, but rather as causal grammars that gen-
erate a whole family of scenario-specific Bayesian networks.
Causal grammars support reasoning about an infinitude of
scenarios within a domain, and support learning via inference
over hypotheses generated by the grammar. However, the for-
malism of a “grammar” is still too limited to represent the full
richness of theory-of-mind—for example, to represent recur-
sive beliefs about beliefs (Griffiths & Tenenbaum, 2007).

The programming pattern account A different approach

was sparked by the development of universal probabilistic

programming languages (PPLs) like Church (Goodman et al.,

2012) and WebPPL (Goodman & Stuhlmiiller, 2014). In a

PPL, complex probabilistic models can be generated by sim-

ple programs: for example, repeated nodes in a Bayesian net-

work can be generated automatically by loops.

Building on this idea, Goodman et al. (2015) cast theory-
of-mind as a foolbox of programming patterns in a uni-
versal PPL. For example, on this account, representing an
agent’s rational goal-driven behavior amounts to the pat-
tern of planning-as-inference (Botvinick & Toussaint, 2012),
where to accomplish a goal an agent infers what actions
“could have led” to the condition that the goal was achieved.
Concretely, in WebPPL, we might write:

Infer({ // (a) planning as
a = uniformDraw (Actions);
condition (goal == step(state,
return a;

})

inference

a));

Like causal grammars, these programming patterns enable
programmers to flexibly generate situation-specific proba-
bilistic models. However, these patterns are much more
powerful than causal grammars. For example, represent-
ing “thinking about thinking” or recursive social reasoning
amounts to the pattern of nested inference: running inference
queries on probabilistic models which themselves recursively
run inference queries (Stuhlmiiller & Goodman, 2014; Zhang

& Amin, 2022). Concretely, to infer an agent’s goal given an
observed_action, i.e. to perform Inverse Planning (Baker,

Saxe, & Tenenbaum, 2009), we might write:
Infer ({ // (b) inverse planning
goal = uniformDraw (Goals);
condition (observed_action == sample (
Infer ({ // nested Infer —— same as
a = uniformDraw (Actions);
condition (goal == step(state,
return a;
})
)) i
return goal;
1) i

(a)

a));

This toolbox has in practice been remarkably successful, and
has been used to quantitatively model a wide range of sophis-
ticated phenomena in social cognition (Evans et al., 2017).
Have we finally rescued (1), then? Certainly, we have made
progress on recovering the unbounded, generative, and infi-
nite nature of human thought. But programming patterns are
still not a satisfying formalization of a theory-of-mind, for
two reasons: First, as we will show later in this paper, it is
easy to write models that apply these programming patterns
but whose behavior violates our intuitions—hence, the pat-
terns must not fully capture key aspects of a typical theory-
of-mind. Second, and more importantly, we have now lost
(2), the capacity for theory change: there is no formal, enu-
merable schema of “programming patterns” that one might
perform inference over when theorizing about minds.

The programming language account In this paper, then,
we offer a new perspective that reconciles the strengths
of the Bayesian-network/causal-grammar accounts and the
programming-pattern account. On our account, a theory of
mind is not like a set of programming patterns, but rather an
entire programming language. Like Church and WebPPL, it
is a probabilistic programming language. But unlike Church
or WebPPL, it is not a universal PPL—rather, it is a domain-
specific PPL (a “DSL”), specialized for the domain of reason-
ing about minds.

In the discipline of programming language theory, there is
a long tradition of designing DSLs that capture the theories of
various domains (Bentley, 1986; Bernstein & Kjolstad, 2016;
[verson, 2007), including scientific domains as in the theories
of classical mechanics (Sussman & Wisdom, 2015), ray op-
tics (Hanrahan & Lawson, 1990), and color perception (Chen,
Chang, & Zhu, 2024). Instead of relying on the program-
mer to employ certain programming patterns, the syntax of a
DSL directly provides the conceptual vocabulary for setting
up problems in the target domain, and the semantics of such
a language determine how problems are solved. The “theory”
is thus represented by the design of the language itself.

Importantly, the syntax and semantics of any programming
language can be mathematically formalized and even mecha-
nized as members of a schema of many possible syntaxes and
semantices (Felleisen, Findler, & Flatt, 2009; Pierce, 2002).
Theory change can thus be modeled formally as learning over
a space of possible programming languages.
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What kinds of DSLs are we talking about, here?

Our discussion of DSLs has thus far has been very abstract.
Before we continue, let us briefly introduce a concrete ex-
ample of a DSL specialized for reasoning about reason-
ing: a real-world language called “memo” (Chandra, Chen,
Tenenbaum, & Ragan-Kelley, 2025), whose name stands for
“mental models.” memo was developed as a practical tool for
building efficient computational models of social cognition.
In our discussion here, we will use memo (and, later, hypo-
thetical variants of memo) as a way to illustrate examples,
much like how Goodman et al. (2015) use the real-world lan-
guage Church as a way to illustrate examples when discussing
the Probabilistic Language of Thought hypothesis.

Let us start with a “crash course” on memo. Models in
memo consist fundamentally of agents making choices. For
example, suppose Ali chooses a bar b to visit after work one
day. Because he is a rational agent, he is likelier to choose
a nearby bar. In memo, we can model this choice using the
chooses expression, saying that Ali chooses a bar b from the
set of Bars, with probability proportional to (“wpp”) some
decreasing function of the distance from work to b:

# Example 1

18| Ali: chooses (b in Bars, wpp=1/dist (work, b))

memo then allows us to make various probabilistic queries
about Ali’s choice, such as the probability that one can find
him at Tony’s Tavern:

w\return Pr[ Ali.b == "Tony’s_ Tavern" ]

Or the expected distance he will walk to get to the bar:

20| return E[ dist (work, Ali.b) ]

21
22
23
24

25
26
27
28
29

Now, suppose Zoe, who is at home, also goes to a nearby
bar that evening. We can model these two agents separately
and query the probability that they meet:

# Example 2
Ali: chooses (b in Bars, wpp=1/dist (work, b))

Zoe: chooses (b in Bars, wpp=1/dist (home, b))
return Pr[Ali.b == Zoe.Db] # chose same bar?

Suppose Zoe wishes to avoid Ali, choosing bar b with prob-
ability proportional to her confidence that Ali will not be at
b(®r[b != Ali.b]). Torepresent Zoe’s beliefs about Ali’s
whereabouts, we can use memo’s compound thinks state-
ment, which sets up our model of Zoe’s mental model of Ali:
# Example 3
zoe: thinks|[ # Zoe’s mental model of Ali
Ali: chooses (b in Bars, wpp=1/dist (work,b))

1
Zoe: chooses (b in Bars, wpp=Pr([b != Ali.b])

Of course, thinks can be nested arbitrarily: we can write
“Zoe thinks Ali thinks Zoe thinks...” and so on.

Having set up these mental models, we can query the like-
lihood that Zoe will be at Tony’s Tavern:

3| return Pr[ Zoe.b == "Tony’s, Tavern" ]

Or we can query our expectation of how worried Zoe will be
(zoe[...]) that she will meet Ali after all:

31| return E[ Zoe[ Pr[b == Ali.b] ] ]

(The outer expectation here is taken over the randomness of
Zoe’s choice of bar.)
As a last example, suppose that Zoe doesn’t even know
where Ali works—perhaps she only has uniform priors over
a set of possible Jobs. We can amend her mental model of
Ali to account for this additional hierarchical uncertainty:
32| Zoe: thinks|[ # Example 4
33 Ali: chooses(j in Jobs, wpp=1l), # unifor
34 Ali: chooses (b in Bars, wpp=1/dist (j, b))
35| ]

m

Zoe can still try to avoid Ali by marginalizing over her uncer-
tainty over Ali’s j. If she does nonetheless meet Ali, she can
apply Bayes’ rule to infer Ali’s job (“you probably work near
this bar”). To model this inference, we use the observes
Statement:

36| Zoe: chooses (b in Bars, wpp=Pr([b != Ali.b])
37| Zoe: observes Ali.b is Zoe.b # they meet

Now, we can predict what Zoe’s posterior belief will be, after
meeting Ali, that he works at City Hall:

%\return E[ Zoe[ Pr[Ali.j == "City_Hall"] 1 ]

Why use a DSL at all? How can less be more?

memo statements like chooses, observes, and thinks
correspond roughly to sampling, conditioning, and recursive
querying in a universal probabilistic programming language.
So what have we gained from writing these models in memo?
In fact, haven’t we given up expressive power by resorting to
a specialized language—one that may in fact be ill-suited to
express other kinds of programs?

An important lesson from decades of research in the field
of programming languages is that universality comes at a
cost: the burden of power. Making a language more expres-
sive runs the risk of making it possible for programmers to
express ideas they did not intend to express, which in turn
increases the burden on the programmer to ensure that their
programs are correct. Programming language pioneer Hu-
dak (1996) thus wrote that the ideal abstraction for problem-
solving is a programming language that exactly matches the
domain of study: “no more, no less.”

Church and WebPPL themselves are examples of this prin-
ciple at work. In theory, by the logic of Turing-completeness,
it is possible to implement by hand any WebPPL program’s
probabilistic calculation in any ordinary (non-probabilistic)
programming language—in fact, WebPPL programs are ex-
ecuted by automatically translating them to programs in the
programming language JavaScript (Goodman & Stuhlmiiller,
2014). The value WebPPL adds over JavaScript is the guaran-
tee that the probabilistic calculations will always be correct—
for example, by guaranteeing that distributions will always
be properly normalized. WebPPL empowers users to build
complex probabilistic models by limiting them to only ex-
press correct reasoning about probability. Analogously, the
value memo adds over WebPPL lies in its constraints: memo
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empowers users to build complex theory-of-mind models by
limiting them to only express correct reasoning about agents.
Let us illustrate this with an example. Consider how we
might implement the Ali-Zoe scenarios in WebPPL. Ali’s
choice of a nearby bar (Example 1) is straightforward to
model by applying the planning-as-inference pattern (instead
of condition, we use its counterpart factor to model a
graded probabilistic choice):
ali b distribution = Infer({ //
ali_b = uniformDraw (Bars) ;

factor (log( 1/dist (work, ali_b)
return ali_b;

Example 1
V)i
})

So far, so good. What about Zoe’s choice of a bar with the
goal of avoiding Ali (Example 2)? Following the planning-as-
inference pattern, it is tempting to write the following model:

zoe_b_distribution = Infer({ //
zoe_b = uniformDraw (Bars) ;
ali_b = sample(ali_b_distribution);
condition(zoe_b != ali_b);

return zoe_b;

1)

Example 2 (?)

But, unexpectedly, this model produces the wrong answer.
We can see the error most clearly if, instead of predicting
Zoe’s choice of bar, we predict the probability that they meet:

return zoe_b == ali_b;

When we run this, we find that the model erroneously predicts
a 0% chance that they meet. Ah, of course it does! Because
we conditioned on zoe_b !'= ali_b, it is no surprise that
the inference never meets that condition.

What has gone wrong here? The problem is that WebPPL
has no language-level support for the notion of an agent—
only the notion of a random choice. Zoe’s choice of zoe_b
and Ali’s choice of ali_b are conceptually indistinguish-
able. Hence, when we apply the planning-as-inference pat-
tern, WebPPL produces an inference as if Zoe could choose
not only which bar she herself visits, but also which bar
Ali visits—that is, as if Zoe’s “wishful thinking” gives her
“mind control” over Ali. Chandra, Chen, et al. (2025) re-
fer to this type of bug as “perpetration confusion”: confusion
over which agents have agency over which random choices.
It is quite common for even experienced programmers to en-
counter this bug in practice (Levine, 2018).

What this example illustrates is that while programming
patterns in a universal PPL give us the building-blocks to
express a vast range of computations that accord with our
theory-of-mind, those same building-blocks can also be as-
sembled to express computations that are outside our theory
of mind—for example, computations that represent one agent
having “mind control” over another. DSLs like memo address
this by providing all (and only!) the constructs necessary for
reasoning about minds: for example, by having language-
level syntax and semantics for reasoning about agents, which
by their very construction prevent issues of “mind control.”

In the next section, we will study how exactly the design
of a DSL like memo can instantiate a theory of mind.

chooses(z in D, wpp=(expr))
knows b.x

observes b.x is c.y

thinks [(statement) . . . ]

(statement)

SIS SIS}

Figure 2: Syntax of statements in memo. Variables a,b,c
range over names of agents, and x, y over names of choices.
Notice that the thinks statement has a uniquely recursive
syntactic structure that itself references the (statement) rule.
By omitting this rule from the syntax, we obtain a language
that cannot represent false beliefs.

e is well-typed a has not already chosen x

a knows e

a: chooses(x in X, wpp=e) is well-typed

(...other premises omitted...)

T-CHOOSES

Figure 3: Semantics of memo’s chooses expression, simpli-
fied from Chandra, Amin, and Zhang (2025). In this notation,
the premises above the bar allow deducing the conclusion be-
low the bar. By omitting the boxed premise, we obtain a lan-
guage whose semantics allow for “mind-reading,” which can
be used to formalize theories of omniscient minds.

How does a DSL instantiate a theory of mind?

A programming language is ultimately defined in terms of
two formal structures: its syntax and its semantics. In this
section, we will discuss through two case studies how memo’s
syntax and semantics reify principles in a theory of mind.
Along the way, we will show how varying memo’s syntax
and semantics gives rise to alternative theories of mind we
may wish to formalize.! The study of theory of mind seeks
to characterize not only the theory held by neurotypical adult
humans, but also the theories-of-mind held by children, ag-
ing minds, and non-human primates. Furthermore, it seeks to
characterize these minds’ theories not only of ordinary minds,
but also of “extraordinary” minds, such as omniscient be-
ings and machines (Brink & Wellman, 2020), and it seeks
to understand how minds decide which theory to attribute to
an agent they observe in the world (Burger & Jara-Ettinger,
2020; Gray, Young, & Waytz, 2012). Variants of a DSL like
memo can serve as formal representations of these theories.

A case study in syntax: false beliefs

In memo, the thinks statement is used to represent agents’
beliefs. We have already seen how to use thinks to represent
agents’ true beliefs and uncertainty. But this construct can
also be used to represent an agent’s false belief. For example,
to model that Zoe thinks Ali chooses a cheap bar, when he

The notion of “language variants” is well-studied in PL. For
example, some computer science curricula introduce programming
through a progression of increasingly-powerful “student languages”
(Felleisen, Findler, Flatt, & Krishnamurthi, 2018; Tsur & Rusk,
2018). Variants can also be used as executable models of students’
misconceptions about a language (Chandra et al., 2024; Lu & Krish-
namurthi, 2024).
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actually chooses a nearby one, we might write:

Ali: chooses (b in Bar, wpp=1/dist (work, b))
Zzoe: thinks]|
Ali: chooses (b in Bar, wpp=1/price (b))

]

Of course, the full generality of this statement is typically
unnecessary. Most of the time, memo programmers simply
need to express that an agent correctly knows another agent’s
choice. Suppose Zoe knows ahead of time where Ali is, per-
haps because he had posted an update on social media. In
principle, we could model this by writing that Zoe thinks
Ali chooses a bar (from any distribution), and then correctly
observes where he really went:

Ali: chooses (b in Bars, wpp=1/dist (work, b))

Zoe: thinks]|
Ali: chooses (b in Bars, wpp=...)
1
Zoe: observes Ali.b is Ali.b # observes truth

However, this is dissatisfying: it is verbose, and requires
choosing a “dummy” prior distribution inside thinks which
is never actually used for computation.

Because such situations are so common in everyday mod-
eling, memo provides an efficient, lightweight shorthand to
address these issues: the knows statement.

Ali:
zZoe:

chooses (b in Bars, wpp=1/dist (work, b))
knows (Ali.b)

memo’s knows statement accords with Phillips et al. (2021)’s
notion of “knowledge before belief”: in many ways, knows
is more fundamental than thinks/observes. Its syntax is
simpler than the compound, recursive structure of thinks
(see Figure 2), it is empirically used more frequently than
either thinks or observes,’ and it requires fewer lines of
code to implement in the memo compiler.

Suppose then that we created a new “lite” variant of memo
that dispenses with the complex thinks and observes
statements, but retains the simpler knows statement. What
would we lose? The resulting programming language, which
we might call “memo-junior,” could still be used to model a
wide variety of scenarios, such as Examples 1 and 2 in the
crash course above. However, “memo-junior” would not be
able to represent scenarios where agents have their own be-
liefs that differ from the true state of the world. In this way,
we could use memo-junior to begin to formalize a candidate
hypothesis for the three-year-old child’s theory of mind.

A case study in semantics: omniscience

Consider the following attempt at implementing Example 3:

Ali: chooses (b in Bars, wpp=1/dist (work, b))
Zoe: chooses (b in Bars, wpp=(b != Ali.Db))

This model raises an error in memo—the problem is that Zoe
is not aware of Ali’s b in her mental model. It does not make
sense for Zoe to choose a bar based on some function of Ali’s

2Among the 24 memo models published in memo’s documenta-
tion at the time of writing, knows was used 87 times while thinks
and observes were used 43 and 39 times, respectively.

b—in fact, she should not even be able to compute such a
function in the first place! If Zoe could choose a bar this way,
it would imply some kind of “mind-reading” of Ali on Zoe’s
part. Hence, memo forbids such statements.

But what exactly do we mean, formally, by “forbids” here?
The precise rule can be found in memo’s formal semantics
(Chandra, Amin, & Zhang, 2025) as a precondition to deduc-
ing that a chooses statement is well-typed (Figure 3): an
agent a must know the value of expression e if e is used to de-
fine the probability distribution with which a makes a choice.
In practice, this precondition appears in the memo compiler
as a check that is performed every time a chooses statement
is encountered. If the check fails, an error message prompts
the programmer to do what we did in Example 3: explicitly
state Zoe’s mental model of Ali’s choice of bar, using either
knows or thinks as needed.

In this way, the preconditions and postconditions of
memo’s semantics capture principles of agency, like the im-
possibility of mind-reading. The creators of memo explic-
itly enumerated the principles they intended to capture in the
semantics, and explained in detail how memo’s semantics
reify them (Chandra, Chen, et al., 2025, see §3.1). But these
principles were chosen by memo’s creators so that the lan-
guage matched their intuitions—they can easily be changed
to accommodate other intuitions. For example, by relaxing
the precondition discussed above, we can begin to formalize
a theory-of-mind that includes the possibility of omniscient
agents—a feature that seems to appear in children’s theories
of their parents (Barrett, Richert, & Driesenga, 2001).

How do theories—or DSLs—change over time?

Gopnik and Meltzoff (1997) liken the dynamics of theory-
change to scientific theory change (Kuhn, 1962; Lakatos,
1970). But how can we formally model this process? Think-
ing of theories-of-mind as DSLs suggests casting theory con-
struction as programming language design. In this section,
we will discuss how this metaphor supports three perspec-
tives on theory change.

The rational perspective Returning to Goodman et al.
(2006)’s account of theory change as hierarchical inference
over Bayesian networks, we might now say that theory
change is driven by hierarchical inference over syntaxes and
semantices of possible programming languages. We grow our
theories in the direction of usefulness—representational effi-
ciency and predictive power. This is, after all, how real-world
programming languages tend to grow, too: not from “ivory-
tower” innovations, but from demonstrated utility for solving
actual problems (Meijer, 2007; Meyerovich & Rabkin, 2012;
Stroustrup, 2020). How can we formalize this idea? Ellis
et al. (2021) describe a system that grows DSLs by recog-
nizing useful patterns and formalizing them into reusable ab-
stractions. If we think of theories-of-mind as DSLs, we can
imagine applying such a system to formalize the growth of
theories-of-mind in the same way.



The cultural perspective Many lines of evidence suggest
that learning natural language for theory-of-mind helps chil-
dren acquire the ability to represent false beliefs (De Villiers
& de Villiers, 2014; De Villiers & Pyers, 2002; Morgan &
Kegl, 2006; Pyers, 2020; Pyers & Senghas, 2009; Schick,
De Villiers, De Villiers, & Hoffmeister, 2007). For exam-
ple, Pyers and Senghas (2009) write that “The sentence ‘Mary
thought she saw a ghost’ has a main clause that is true (‘Mary
thought’) and an embedded clause that is false (‘she saw a
ghost’). Such syntax may give learners the logical tools for
understanding the false beliefs of others.” The DSL perspec-
tive suggests a way to formalize this hypothesis. As we dis-
cussed earlier, we might model the 3-year-old child’s theory-
of-mind as a “memo-junior” that lacks the compound thinks
expression. Exposure to the word “thinks” in the context of
others’ beliefs could supply the child with the recursive syn-
tactic structure unique to thinks, which would enable the
child to ultimately invent the semantics of thinks and thus
to be able to represent false beliefs.

The pragmatic perspective Theory change is messy busi-
ness. Gopnik and Meltzoff (1997) describe the liminal period
when a new theory is gingerly considered, but the old the-
ory is not yet abandoned. Indeed, Amsterlaw and Wellman
(2006) find that a child on a given day might show evidence
of using two or three different theories-of-mind across tasks.

Interestingly, PL design follows the same pattern: grow-
ing programming languages is messy business, too (Steele Jr,
1998). As an example, consider the case of the Python pro-
gramming language. In the early 2000s, it became increas-
ingly clear to Python users that the abstractions for work-
ing with text (“strings”) were fundamentally flawed—the lan-
guage failed to make the critical distinction between a se-
quence of characters and a sequence of bytes representing
those characters. This made it difficult to process text input
written in non-Latin alphabets, a serious problem for an in-
creasingly global population of programmers. The authors of
the language thus redesigned these abstractions from scratch
in the next major version, Python 3, which was released in
2008 (van Rossum, 2008). We can think of this new version
of the language as a kind of “paradigm shift.”

But—just like with scientific paradigm shifts—the transi-
tion was not immediate (Coghlan, 2012). The old version,
Python 2, remained actively used for the next twelve years,
and was only formally phased-out in 2020. There were many
reasons programmers hesitated to switch to Python 3 in the
interim: some did not want to rewrite their existing Python 2
code in Python 3, while others depended on libraries only
available in Python 2. Hence, for many years the choice
between Python 2 and Python 3 was a pragmatic one: pro-
grammers embarking on new projects, or who really needed
Python 3’s features, generally chose the new version, while
programmers working with large existing codebases contin-
ued to use Python 2 as long as they could. Many program-
mers even wrote their code carefully to be compatible with
both versions at once (Malloy & Power, 2019).

We might expect a similar dynamic to govern the adop-
tion of new theories-of-mind by children. Even though a new
theory might be compelling, there might be pragmatic value
in keeping around an older, tried-and-tested theory—perhaps
to recycle models and computations that are only compatible
with the old theory. A child might thus show patterns of be-
havior that, to an observing scientist, seem inconsistent with
any one theory-of-mind.

Discussion and future work

In this paper, we proposed that it is valuable to think of
theories-of-mind as domain-specific programming languages
that one can use to set up and reason about problems involv-
ing other minds. Using the memo PPL as a case study, we
discussed how a programming language can encode a theory-
of-mind, how variants of a programming language can en-
code alternate theories-of-mind, and how the metaphor of a
programming language can help us understand the develop-
ment of theory-of-mind. We conclude by reflecting on a few
more questions that PL theory may offer us tools to address:

Composing intuitive theories To solve real-world prob-
lems, our theories-of-mind must be able to interface with
our intuitive theories of other domains, such as (for exam-
ple) our intuitive theories of physics (Liu, Outa, & Akbiyik,
2024). How might we compose our intuitive theories to per-
form computations that straddle multiple different domain-
specific systems of knowledge? If we treat intuitive theories
as DSLs, then we can begin to reason about this question in
terms of composing DSLs. In fact, the PL community has
long studied how to design DSLs such that they can inter-
face modularly with each other (see, e.g., Felleisen, Findler,
Flatt, Krishnamurthi, Barzilay, et al., 2018). DSLs with well-
designed “application programming interfaces” (APIs) allow
programmers to write multilingual programs that combine the
strengths of multiple DSLs. For example, to make a web-
site, a programmer might use the language HTML to specify
the page layout, the language CSS to specify the typography,
and the language JavaScript to specify an animation. HTML,
CSS, and JavaScript are very different languages, specialized
to different domains of web design (structure, styling, and
scripting, respectively). However, because all three DSLs
come equipped with carefully-designed APIs, programmers
can write programs that easily interface between them. In
this way, we might imagine that our DSLs for reasoning about
minds and our DSLs for reasoning about physics are equipped
with suitable APIs, which allow them to be composed to rea-
son about everyday socio-physical situations (see worked ex-
ample here).

Comparing intuitive theories Intuitively, a human adult’s
theory-of-mind seems to be “richer” than that of a 3-year-old
child or a non-human primate. But how can we formalize
a claim about how “rich” or “expressive” a theory-of-mind
is? Is it possible to quantify and measure the richness or ex-


https://github.com/kach/memo/blob/main/demo/demo-physics.ipynb

pressivity of a theory? If we treat theories-of-mind as DSLs,
then we can consider applying formal definitions of the “ex-
pressivity” of a programming language, such as the one pro-
posed by Felleisen (1991), to formalize the expressivity of
the theory-of-mind represented by that DSL. By using this
definition as a measure of the expressivity of a given theory-
of-mind, we could test the claim that the evolutionary and
developmental trajectories of theories-of-mind tend towards
greater expressivity over time.

Theorems of mind People are not only capable of rea-
soning about specific situations involving other minds, they
are also capable of reasoning about general statements about
other minds. For example, we might agree that in any sit-
uation, if an agent forgets the value of a variable z, then
they must previously have had a belief about z. Where do
these general intuitions come from? If we treat theories-of-
mind as DSLs, then we can formalize and study these “the-
orems of mind” by applying well-known techniques for stat-
ing and proving general theorems about a programming lan-
guage. For example, Chandra, Amin, and Zhang (2025) show
how to formally state the property that in any memo model,
if an agent knows the value of a variable x, then they must
be certain of x (i.e. from their perspective, H(x) = 0). The
converse does not hold, because an agent can be certain about
a false belief. Hence, we can derive from first principles the
“theorem of mind” that knowledge implies certainty, but cer-
tainty does not imply knowledge.

The frame problem Our full theory of other minds is vast,
encompassing not only beliefs and desires, but also emotions,
memory, attention, perception, and more. When faced with
a concrete situation, how do we solve the “frame problem”
(McCarthy & Hayes, 1981) of efficiently bringing to bear
only the relevant part of our theory? Here, the PL notion
of program slicing (Weiser, 1984) may be valuable: a slice of
a program (or programming language) is a subset where ir-
relevant portions are removed. We might imagine that a rich,
general theory-of-mind can be sliced into a bespoke situation-
specific theory-of-mind that omits irrelevant syntax and se-
mantics for the sake of efficiency.
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