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Theory of mind enables an observer to interpret others’ behavior in terms of unobservable beliefs,
desires, intentions, feelings, and expectations about the world. This also empowers the person whose
behavior is being observed: By intelligently modifying her actions, she can influence the mental repre-
sentations that an observer ascribes to her, and by extension, what the observer comes to believe about
the world. That is, she can engage in intentionally communicative demonstrations. Here, we develop a
computational account of generating and interpreting communicative demonstrations by explicitly dis-
tinguishing between two interacting types of planning. Typically, instrumental planning aims to control
states of the environment, whereas belief-directed planning aims to influence an observer’s mental rep-
resentations. Our framework extends existing formal models of pragmatics and pedagogy to the setting
of value-guided decision-making, captures how people modify their intentional behavior to show what
they know about the reward or causal structure of an environment, and helps explain data on infant and
child imitation in terms of literal versus pragmatic interpretation of adult demonstrators’ actions.
Additionally, our analysis of belief-directed intentionality and mentalizing sheds light on the sociocogni-

tive mechanisms that underlie distinctly human forms of communication, culture, and sociality.
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Communicating often requires demonstration. Imagine teaching
a child to tie her shoes with words alone, or by simply showing
her the finished product—this is unlikely to work. Instead, we
must show her.

Because communicative demonstrations are essential for
humans, they are also routine. They occur when we coordinate
(Clark, 2005), cooperate (Jordan et al., 2016), create novel signs
(Scott-Phillips et al., 2009), and control low-level motor behaviors
during interaction (Pezzulo et al., 2019; Wolpert et al., 2003).
Developmental psychologists, especially, emphasize the impor-
tance of communicative demonstrations. This is because such
social interactions enable infants and children to learn a range of

useful behaviors and representations, including action types, sub-
goals, tool functions, causal structure, and normative concepts
(Brand et al., 2002; Brugger et al., 2007; Buchsbaum et al., 2011;
Butler et al., 2015; Hernik & Csibra, 2015; Hoehl et al., 2014,
Kirdly et al., 2013; Sage & Baldwin, 2011; Southgate et al., 2009).

How do communicative demonstrations work? What cognitive
processes support generating and interpreting demonstrations, as
well as related communicative actions such as gestures (Cartmill,
Beilock, & Goldin-Meadow, 2012) and depictions (Clark, 2016)?
Intuitively, demonstrative shoe-tying is very similar to ordinary
shoe-tying, but also importantly distinct. When demonstrating we
tie our shoes slowly, with exaggerated motions, pausing at and
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COMMUNICATION IN ACTION

repeating certain key actions. When watching a communicative
demonstration these distinctive features serve as important clues,
revealing which parts of a sequence of actions are essential and
which are merely incidental.

Communicative demonstration takes an ordinary act with its or-
dinary purpose and builds something richer on top of it. It depends
upon a shared understanding between the actor and the observer:
That the actor intends not just perform the ordinary action, but
also to convey something about it. This shared understanding
allows each pause, repetition, and exaggeration to carry special
significance.

Our goal is to explain how this works and why it is so impor-
tant. Following others who have studied how we communicate
with our actions (Clark, 2016; Csibra & Gergely, 2009; Sperber &
Wilson, 1986; Tomasello, 2010; Tomasello et al., 2005), we draw
inspiration from a different medium of human communication:
language. Just as demonstration layers communication on top of
simple goal-directed action, language layers pragmatic inference
on top of simple literal meaning. This analogy is central to our
approach.

More specifically, contemporary accounts of language empha-
size that speakers’ words are not only chosen according to their
conventional semantic meaning but also according to a model of
how they will be interpreted by the listener. Listeners, in turn, of-
ten reason about utterances in light of these goals. For example,
consider scalar implicature (Frank & Goodman, 2012; Spector,
2007): When a friend says to you, “I ate some of the pizza in the
refrigerator,” how does this change your beliefs about the leftover
pizza? Although the literal meaning of the statement is consistent
with them having eaten all of the pizza, in an everyday context the
statement implies that not all of the pizza was eaten; there is some
left over. This is because you both know that your partner has an
intention to inform you and that if they had wanted to inform you
that was no pizza left, they would have said they had eaten all of
the pizza. These pragmatic aspects of language use and compre-
hension have been extensively studied (Clark, 1996; Grice, 1957;
Horn, 1984; Levinson, 2000; Sperber & Wilson, 1986).

We aim to show that communicative demonstration operates
by similar logic. When demonstrating an action, we do not just
orient our behavior around its ordinary goal (analogous to a
“literal” semantics), but also around an understanding of the
actor’s communicative intent (analogous to “figurative,” or prag-
matic meaning). This general theme has been examined by
researchers in a number of disciplines, including linguistics (Clark,
2005, 2016), comparative psychology (Tomasello, 2010), and
developmental psychology (Csibra & Gergely, 2009). Here, we
precisely characterize the cognitive mechanisms underlying com-
municative demonstrations within a general mathematical frame-
work of probabilistic inference and decision-making. In particular,
we build on the general ideas developed for cooperative communi-
cation (Shafto et al., 2012, 2014), game-theoretic experimental
pragmatics (Franke, 2009), and rational speech-act theory (Good-
man & Frank, 2016) and adapt them to the domain of actions. To
accomplish this, we integrate them with a distinct set of ideas
developed to model communication in the context of goal-directed
planning and decision-making (Dayan & Niv, 2008; Newell &
Simon, 1972; Sutton & Barto, 1998). This marriage of formal
tools for modeling decision-making and pragmatic inference is at
the heart of our proposal.

2247

By drawing on ideas from pedagogy and pragmatics, our com-
putational approach helps answer two key questions about how
communicative demonstrations work. First, what allows nonlin-
guistic actions to have meaning? The literal semantics of words
are essential to creating their additional pragmatic meaning, but
actions (e.g., tying one’s shoes) must derive their meaning differ-
ently. Second, how can actions literally do things as well as figura-
tively show things? A demonstrator must be able to anticipate and
reason about the literal effects of their actions (e.g., how they
attain a secure bow) as well as their communicative effects (e.g.,
how they convey how to attain a secure bow). Meanwhile, an ob-
server must be able to determine whether actions are merely literal
or also communicative, and if so, what they are communicating.
Our aim is to answer these questions within a single computational
framework and test their empirical predictions.

To characterize communicative demonstrations, we draw on a
distinction between two types of action (Shafto et al., 2012):
instrumental and belief-directed. Instrumental actions are proto-
typically aimed at solving physical problems or accomplishing
physical goals in an environment. For example, when someone is
riding a bicycle, they pedal with their legs, causing the wheels to
turn. These actions are taken instrumentally to achieve a desired
outcome, such as quickly reaching a destination.

An agent’s actions can be interpreted as instrumental. Indeed,
this is the ordinary manner of interpreting actions. It includes rea-
soning about a range of mental states about the environment
including others’ goals (Baker et al., 2009; Gergely et al., 1995),
action costs (Jara-Ettinger et al., 2015), and false beliefs about the
world (Southgate et al., 2007). In these typical applications of
“theory of mind”’(Premack & Woodruff, 1978) an actor’s behavior
is interpreted as instrumental.

In principle, human social learning could depend exclusively
on actors performing instrumental actions and observers interpret-
ing them as such. And, these are certainly necessary features of
any account of human social learning. In practice, however, they
cannot be sufficient.

First, true communicative demonstration involves more than
mere instrumental action. Like linguistic utterances (Grice, 1957)
but unlike typical, instrumental actions, communicative demon-
strations are taken to affect another’s cognitive state—for instance,
to teach them. A father demonstrating how to tie shoes does not
organize his action around the sole goal of shoe-tying. Rather, he
has the additional goal of conveying various aspects of this general
skill. His actions are directed not just toward an object, but also
toward her thoughts and beliefs. In short, his actions are both
instrumental and belief-directed.

Second, demonstrations are often interpreted differently that or-
dinary actions. For instance, research on observational learning
has shown that infants and children are highly sensitive to “osten-
sive cues,” which are cues generated by an adult that make it clear
that they want their actions to be observed. The presence or
absence of ostensive cues can have a radical effect on how learners
interpret the very same sequence of actions (Butler et al., 2015;
Hernik & Csibra, 2015; Kirdly et al., 2013). How does interpreting
an actor that clearly “wants to be seen” differ from one that does
not care whether they are seen? Intuitively, wanting to be seen does
not inherently change the space of possible instrumental intentions.
Rather, it announces the presence of possible belief-directed inten-
tions (e.g., “I want you to see this so that you can infer something”),
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which a learner may then reason about. In other words, whereas
intentional actions are interpreted as “literally” instrumental, osten-
sive cues nudge an observer toward also pragmatically interpreting
actions as resulting from belief-directed goals.

Our goal is to capture the mechanics of these different types of
action and interpretation. We start by formalizing the distinction
between instrumental action and belief-directed action and their
interaction in communicative demonstrations. We then report two
sets of new experiments designed to test the key features of this
formal account. Next, we show how the formal account also cap-
tures key elements of prior studies on infant social learning.
Finally, we show how our account extends existing computational
approaches to language pragmatics and pedagogy, how it connects
with a number of active topics in social cognition, and what it
suggests for future research on the cognitive processes underlying
human communication.

General Method

Our goal is to understand how people produce, and others learn
from, communicative demonstrations. In particular, our aim is
to provide a normative, computational-level account of these proc-
esses in the sense of predicting how communicative demonstra-
tions should be performed and interpreted by rational agents
(Anderson, 1990; Marr, 1982). In this section, we describe the
computational framework that spells out these assumptions and
structures our investigation.

It is organized around two key ideas, which together comprise
this work’s main contributions. The first idea is that demonstrators
and observers are engaged in pragmatic reasoning that is grounded
in interpreting actions as instrumental. In other words, each explic-
itly models the problem of sending and receiving maximally in-
formative signals. To formalize this, we borrow from prior models
of pedagogical and pragmatic reasoning (Frank & Goodman, 2012;
Grice, 1957; Rafferty et al., 2016; Shafto et al., 2014; Sperber &
Wilson, 1986).

Specifically, we analyze pragmatic meaning as emerging from
recursive social reasoning (Camerer et al., 2004). In this approach,
a model begins by specifying a “literal” instrumental actor who
chooses an action without modeling the mental state reasoning of
an observer; the observer then models this choice by reasoning
about the actor’s mental states; the actor then chooses an action
that maximizes the probability of the observer drawing the correct
inference; the observer then models the actor as such; and so on.
In theory such “cognitive hierarchies” could proceed ad infinitum.
In practice, they attain their predictive power within a few layers
of recursive mentalizing (Camerer et al., 2004).

The second idea is that communicative demonstrations involve
reasoning about actions as both instrumental and belief-directed.
For example, a father showing his daughter how to tie shoes both
wants her shoes to be tied (an instrumental goal) and also
wants his daughter to learn how to tie shoes (a belief-directed
goal). Not only does this require balancing two types of
(potentially competing) goals, but it requires reasoning about
two distinct types of causal effects: how actions influence the
environment as well as how they also influence an observer’s
mental state. Meanwhile, an observer must be able to interpret
actions in terms of these different levels. To characterize these
planning and inference processes, our approach marries insights

HO, CUSHMAN, LITTMAN, AND AUSTERWEIL

from the study of goal-directed planning (Dayan & Niv, 2008;
Newell & Simon, 1972; Puterman, 1994) and theory of mind
(Baker et al., 2009; Dennett, 1987; Gergely & Csibra, 2003;
Malle, 2008).

These two key ideas—grounding the pragmatics of communica-
tive action in instrumental action, and planning actions over a
model of instrumental and belief-directed effects—can be com-
bined in a straightforward and productive manner. Specifically, we
begin by defining a form of instrumental action production and
observation. We then allow belief-directed goals to structure prag-
matic reasoning that arises as the next level up of cognitive hierar-
chy (see Figure 1 for an example of our model predictions). In this
manner a relatively simple and traditional planning problem of
attaining an instrumental goal (e.g., catching a fish) “grounds” the
pragmatic inferences that structure the additional and more com-
plex planning problem of attaining a belief-directed goal (e.g.,
teaching a person to fish).

Instrumental Planning and Literal Action
Interpretation

At the first level of a cognitive hierarchy, we model an actor
attempting to accomplish an instrumental goal—that is, to perform
a task without regard for an observer. To do this she must engage
in planning, which involves reasoning about what actions and
associated consequences best achieve her goals (Figure 2A). We
suppose an actor has a model of how her actions will affect the
environment, W, and instrumental goals expressed in terms of
utilities, G;. We denote an instrumental plan as m;. This can be
thought of as computing the steps of a procedure (e.g., “First bring
the flour down from the shelf. Then get a spoon. Take out 2 cups.”
etc.). When an instrumental demonstrator acts out a plan, this pro-
duces a sequence of events, which includes her physical actions
and their consequences (e.g., reaching for the flour, moving it
from the shelf to the counter, picking up a spoon, etc.). Given a
model and goals, an intentional agent plans and then acts. We can
express the probability of a demonstration D (i.e., a particular
sequence of actions and consequences):

P(D|W,G;) = > p(Dlm;, W)P(my|W, Gy) (1)

In Equation 1, P(m;|W, G;)expresses the output of a rational
planning process, whereas p(D|m;, W)expresses how an actor’s
planned actions interact with the environment. This kind of model-
based action selection is widely explored in the literature on value-
guided decision-making (Dayan & Niv, 2008). An agent who
plans and acts in this manner is oblivious to the fact that anyone
may be observing her. We describe this model not because it
describes an agent engaged in communicative demonstration—it
does not!—but rather because it grounds successive levels of hier-
archical mental state inference that we are interested in. The next
step is to model an observer who attempts to learn from an actor’s
behavior by assuming that the actor is purely instrumental (i.e., by
assuming the model summarized in Equation 1).

Specifically, to an observer, a demonstrator’s knowledge of
the world W and her instrumental goals G, are hidden. However,
by reasoning about the relationship between a demonstrator’s
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Note. Our account makes predictions about how instrumental actions (e.g., riding a bicycle) relate to communicative demonstrations (e.g., showing some-
one you can ride a bicycle without holding onto the handlebars). (A) An example domain in which one must navigate from the start location to the goal
(410 points) while avoiding tiles that are dangerous. Orange and pink tiles could be dangerous (—1 point) or safe (0 points), but in this particular case
both colors are safe. (B) Examples of instrumental versus belief-directed action predicted by our models. Top: The optimal instrumental sequence of
actions is to head straight towards the goal. Note that this is the case regardless of which tiles are safe or dangerous. Bottom: Optimal belief-directed
action sequences (i.e., communicative demonstrations) involve visiting extra orange and pink tiles to show that they are safe. (C) Inverse planning infer-
ences drawn by three types of model observers when presented with the example demonstrations. A literal observer reasons about actions in terms of
instrumental planning. A pragmatic observer reasons about actions in terms of both instrumental planning and an intention to convey information about
the world. An uncertain pragmatic observer reasons jointly about the target (e.g., that orange and pink tiles are safe in this case) and whether the actor
has communicative intent. Top: Mean final beliefs of simulated observer models given instrumental action sequences (n = 50; error bars are standard
errors). All three observer models draw relatively weak inferences about the target, and the uncertain pragmatic observer correctly infers that
demonstrators do not have communicative (belief-directed) goals. Bottom: Mean final inferences for observer models given belief-directed action sequen-
ces (n = 50). All three observers infer the target with high probability and the uncertain pragmatic observer correctly infers that the demonstrations are

communicative. See the online article for the color version of this figure.

plans and actions, he can infer her beliefs, desires, and intentions
(Figure 2B). For example, when you observe your neighbor pull
her bicycle out of her garage and then ride it toward work for the
first time, you might infer that a new bike route has just opened
up. This process of action interpretation can be cast as inference
about the world having observed the agent’s interactions with the
environment (Baker et al., 2009). Formally, this corresponds to
Bayesian belief-updating:

b'(W,G|D) o< P(D|W,G1)b(W,G). )

We can then define an observer model O (b'|D, b)that repre-
sents an agent observing D and updating their beliefs from b to b’
according to Equation 2. To highlight the connection to the inter-
pretation of linguistic utterances, we call this a literal observer
engaged in literal action interpretation.

Belief-Directed Planning and Pragmatic Action
Interpretation

In a communicative demonstration, the demonstrator has not
only instrumental intentions, but also belief-directed ones. To
return to our example, the fisherman wants not only to catch a fish
(an instrumental intention) but to show an observer how to fish
(a belief-directed intention).

Just as instrumental planning involves evaluating and choosing
plans over a model of the environment, we propose that belief-

directed planning involves doing so over a model of the other per-
son’s inferences. This means that rather than just planning a
sequence of possible actions and instrumental consequences, a
demonstrator also plans over how her actions affect observer
beliefs.

Specifically, we posit that it involves planning over the
rational inferences that an observer would draw by imputing
instrumental goals—those specified by Equation 2. In other
words, a demonstrator evaluates whether her actions would ac-
complish her belief-directed goals by asking what inferences an
observer would draw from her actions. She models those infer-
ences by assuming that the observer applies Equation 2, model-
ing her as an instrumental agent. In this way belief-directed
actions are “grounded” in the semantics of instrumental goals.
(Later we discuss the possibility of more complex planning
over still higher-order inferences.)

To capture this idea formally we distinguish between instru-
mental and belief-directed goals and planning (Figure 2C).
Recall that G; denotes instrumental goals expressed as utilities;
we denote belief-directed goals as Gp. Given a planning model
that includes both the environment (W) and the observer (O;) as
well as instrumental and belief-directed goals (G;, Gp), belief-
directed plans, mp, that “solve” this planning problem are well
defined (although we consider the question of computational
tractability in the discussion). When a demonstrator enacts this
belief-directed plan in the environment, they produce a demon-
stration D:
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Figure 2
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Bayesian Network Diagrams (Pearl, 1988) of the Relationships Between Instrumental and Belief-Directed

Planning and Inference
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Note. Nodes represent variables in the model, edges indicate causal influence, and highlighted nodes are directly observed or
assumed by either the demonstrator (blue) or observer (red). (A) During instrumental action, an actor generates a plan, 7, given
instrumental goals, Gy, and the world, W. Enacting the plan in the world results in a demonstration, D. (B) A literal observer
inverts the model of instrumental planning (Baker et al., 2009). This allows them to observe a demonstration D and draw infer-
ences about instrumental goals Gy and the world W by reasoning about instrumental planning ©. (C) During a communicative
demonstration, an actor’s plan 7 is further determined by belief-directed goals Gy and their model of a literal observer’s inference
process Oyp. Note that Oy, is derived directly from the inferences represented in panel B (see main text for details). (D) Given an
observed demonstration D and knowledge of how a literal observer would interpret it (i.e., Op), a pragmatic observer reasons
about the world W via inferences about belief-directed planning n. Together, panels C and D illustrate a key aspect of the model:
Shared understanding of instrumental action and its interpretation (i.e., the literal observer model) provides a way for a communi-
cative demonstrator and pragmatic observer to coordinate the meaning of demonstrations. See the online article for the color ver-

sion of this figure.

P(D|W, OL, G[7 GB) = Z P(l)‘Tl?B7 W, (91‘)P(TEB|VV7 OL, (;17 GB)
B

3

Again, we emphasize that belief-directed planning depends on
reasoning about both the world (W) and a literal observer’s belief
dynamics (Op). This is because whereas instrumental planning
aims to influence aspects of the environment, belief-directed plan-
ning aims to cause both environmental and mental effects. In par-
ticular, a belief-directed demonstrator plans and acts by reasoning
about how her actions influence observer beliefs via their capacity
for action interpretation.

Finally, just as an observer can interpret actions in terms of
instrumental intentions, he can also interpret them in terms of
belief-directed intentions (Figure 2D). For instance, an observer

might assume that the demonstrator is attempting to choose maxi-
mally informative actions (to accomplish her belief-directed goals)
and interpret actions in light of this fact. Formally, we can define
pragmatic action interpretation as recursive reasoning about the
world W, literal observer Oy, instrumental goals G;, and belief-
directed goals Gp:

' (W,G;,Gg|D,0y) < P(D|W, O, G, Gg)b(W, Gy, Gp) 4)

Analogously with the literal observer, Oy, we can define a prag-
matic observer, Op(b'|D,b), who updates their beliefs according
to Equation 4. Figure 2 visualizes the functional relationships
between the different model components as Bayesian Network
Diagrams (Pearl, 1988) from the perspective of the different
demonstrators and observers.
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Higher-Order and Mixed-Order Planning and Action
Interpretation

Equations 1-4 define a sequence of recursive planning and
inference processes. In theory, one could have observers who
reason about qualitatively different demonstrators as well as
demonstrators who reason about more sophisticated observers.
For instance, an observer could be wuncertain about whether
they should interpret actions pragmatically: They could be rea-
soning jointly about a demonstrator’s instrumental beliefs (e.g.,
where do they think the cookies are?) as well as whether they
have belief-directed intentions (e.g., are they trying to show me
where the cookies are?). Similar situations have been studied
in the context of epistemic trust (Mascaro & Sperber, 2009;
Shafto et al.,, 2012), where knowledge and helpfulness are
uncertain. We could also consider a demonstrator who wants to
show an uncertain but pragmatic reasoner that they have a
belief-directed intention (e.g., signal that they are signaling;
Scott-Phillips et al., 2009). These forms of inference and plan-
ning can be formalized in terms of higher-order and mixed-
order observers and demonstrators.

In this article, our primary goal is to understand the first step of
the process that relates goal-directed action to communicative
action, so we largely focus on straightforward instances of belief-
directed planning and pragmatic action interpretation. Nonethe-
less, we touch on questions about more complex reasoning
throughout the paper and return to them in more detail in the gen-
eral discussion.

Implementations of Belief-Space Planning

Recursive mentalizing and model-based planning are both com-
putationally intensive, as is their combination. The work presented
here is not committed to a specific cognitive strategy that people
use to compute near-optimal solutions to belief-state planning
problems. Rather, our aim is to present a computational-level
account (Anderson, 1990; Marr, 1982) that characterizes the prob-
lem that people are solving when generating and interpreting
communicative demonstrations.

Nonetheless, to generate predictions and evaluate human data
requires a specific implementation of belief-space planning (and
inference). Briefly, for our Gridworld simulations and analyses,
our approach involves first constructing an approximate, discrete
belief-space dynamics model that is independent of the particular
reward on a task or trial. This approximate belief-dynamics model
is designed to only capture parts of the belief-space that are likely
to be visited given an initial belief and environmental dynamics.
For a specific trial, this approximate model is combined with an
instrumental and/or belief-directed utility function and solved
exactly using dynamic programming (Bellman, 1957). We note
that in contrast to approaches that use sampling to do approximate
planning (e.g., Hula et al., 2015), this implementation allows us to
straightforwardly compute expected reward and action probabil-
ities that can be used for analyzing human responses as well as
defining higher-order observers.

Further details about our implementation are reported in the ap-
pendix and code itself is available at https://github.com/markkho/
comdem-data-code. Finally, although we largely sidestep issues of
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computational cost here, we will return to these questions in our
discussion of future work.

Experimental Studies of Communicative
Demonstration

Our account provides both quantitative and qualitative predic-
tions about demonstrator actions and observer inferences. We test
these in a Gridworld paradigm in which participants played the
role of demonstrator that could move a circle on a grid of colored
tiles, or observer who was shown a demonstrator’s behavior.
Experiments 1a and 1b focus on communication of reward struc-
ture, whereas Experiments 2a and 2b focus on learning relevant
causal knowledge. Both sets of studies use goal-directed behavior
(i.e., doing an activity) as a baseline to compare communicative
behavior (i.e., showing an aspect of an activity). Using a combina-
tion of behavioral measures, simulations, and model-fitting, we
find that belief-directed planning captures key aspects of people’s
communicative demonstrations.

Experiment 1: Communicating Reward Structure

Communicative demonstrations can be used to convey several
kinds of useful information. One important kind concerns the
“reward function”—that is, information about what is desirable
and undesirable in the world. This is often expressed as a relation-
ship between object features and reward. For example, eating red
tomatoes might keep you healthy, whereas eating green tomatoes
makes you sick. Thus, a knowledgeable demonstrator will eat red
tomatoes and avoid green ones, and an uninformed observer can
infer the true reward structure by observing this.

Experiment 1 uses this case study of teaching a reward func-
tion to test our account of communicative demonstration. Crit-
ically, we note the methodological importance of using feature-
based reward: Distinguishing between “doing” an activity and
“showing” relies on the possibility of information that general-
izes beyond the immediate activity. This is because if a dem-
onstrator is only showing how to do the immediate activity,
the best strategy is to simply do the activity and have the
learner copy those exact actions. Moreover, as we explore in
the discussion, this experimental consideration is closely related
to theoretical claims that relate communicative demonstrations
to the transmission of generalizable knowledge (Csibra &
Gergely, 2009).

Thus, in Experiment la, we focus on how people in the role
of demonstrator convey feature-based—that is, generalizable—
information about reward. Using a combination of behavioral
and model-based analyses, we show that people motivated to
demonstrate task information uniquely engage in strategies that
reflect a combination of instrumental and belief-directed plan-
ning. For example, we expect people to engage in ‘“targeted
variability” where they strategically visit tiles that have high
diagnostic value. We first look for these types of behavioral
signatures predicted by the model before reporting the results
of model-fitting and parameter estimation. Experiment 1b then
focuses on observer judgments. We find that people make
more accurate and confident inferences when demonstrations
are known to be communicatively generated, consistent with
our model of pragmatic action interpretation.
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Method
Task

Participants were asked to navigate the Gridworld shown in
Figure 3 by moving the blue circle up, down, left, or right on each
time step. Yellow tiles were always “goal” states, meaning that
whenever it was entered, the participant received +10 points and
the trial ended. White tiles always reward O points. The remaining
tile colors—orange, purple, and blue—each were randomly
assigned to be either safe or dangerous, meaning that their reward
values could either be 0 or —2 points, respectively. Thus, the set
of possible reward structures formed by all combinations of safe
or dangerous yields a space of eight possible distinct reward
structures.

Procedure

Sixty participants recruited from Amazon Mechanical Turk
performed the feature-based reward teaching task; two were
excluded because of missing data attributable to recording error,
leaving a total of 58 participants for analysis (29 in each condi-
tion). They received a base pay of $1.00 and received a bonus
based on points received across the whole experiment, with each
point worth =2 cents. The experiment was organized into a train-
ing phase and test phase. The training phase was designed to fa-
miliarize participants with the domain by alternating between
learning a reward function and then applying it. On the learning
trials, they were not told the underlying reward structure (i.e.,
which colors were safe/dangerous), but received immediate feed-
back on how many points were won or lost when stepping on tiles.
On the applying trials immediately following each learning trial,
they were given a new grid configuration that required knowledge
of tile color type and applied what they just learned about the
tiles without receiving feedback. They repeated this procedure
eight times for each of the eight possible combination of “safe”

Figure 3
Experiment 1

Do
Condition

Show
Condition

Show your partner that

The safe colors are and . . the safe colors are and . ,

Note. Participants were either placed in a condition where they were sim-
ply told the reward function (left) or also told to show the reward function
to a partner (right). The thick curved lines are representative examples of
behavior in the two conditions. See the online article for the color version
of this figure.
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and “dangerous” colors. The order of the reward functions was
randomized between participants.

Following the training phase participants were split into two
conditions: One that only motivated completing the task (the “Do”
condition) and another that additionally motivated demonstrating
the task to an observer (the “Show” condition). Both Do and Show
participants were told which colors were safe, and they and won or
lost points based on which tiles were safe or dangerous. Only
Show participants were additionally told that their behavior would
be shown to another person, that this person could not see the
points they received, that they would apply what they learned to a
new grid, and that the points won by their partner would be added
to their bonus. When bonuses were calculated, participants each
received what they would have had their partner done as well as
possible. Participants did not receive feedback on the reward for
each action, although this could be easily inferred from the infor-
mation provided. Procedures were approved by Brown Univer-
sity’s Research Protection Office (protocol #1505001248, title:
“Exploring Human and Machine Decision-Making in Multiagent
Environments”).

Simulated Demonstrators

We generated simulated behaviors of instrumental and belief-
directed demonstrators from our model for each of the eight
reward structures. Specifically, for each of the eight trials, 200
sequences of states and actions were generated. Half of these were
from the instrumental demonstrator, which correspond to the Do
condition, whereas the other half were from the belief-directed
demonstrator, which correspond to the Show condition. Details for
how we formalized the task and models are described in the online
supplemental materials.

Results

The open-ended nature of the task led to a range of participant
demonstrations, visualized in Figure 4A. These data largely
matched the qualitative and quantitative predictions of the model
simulations: Do participants selected routes based exclusively on
efficiency, whereas Show participants took routes that additionally
signaled feature reward values. To understand people’s behavior
in light of the model, we performed three sets of analyses. First,
we examined task-specific behavioral predictions based on our
simulated demonstrations. Specifically, we examined the number
of color tiles and the variability of color tiles visited as a signature
of belief-directed planning. Second, we examined how the sequen-
ces of actions people took in each condition led to transitions in
the belief-space of several observer models. Finally, we performed
a model comparison analysis to confirm that the behavior in Show
is explained by belief-directed planning and not a particular
parameterization of pure instrumental planning.

Behavioral Analysis

Our model predicts that instrumental action and communicative
demonstrations will differ from one another in systematic
ways. For instance, on trials where multiple colors are safe (for
example, orange and blue in Figure 3), it may be worthwhile for
belief-directed planning to engage in “targeted variability” where
multiple tile types are visited, whereas pure instrumental planning


https://doi.org/10.1037/xge0001035.supp
https://doi.org/10.1037/xge0001035.supp

allied publishers.

This document is copyrighted by the American Psychological Association or one of its

This article is intended s

sseminated broadly.
are reserved.

for text and data mining, Al training, and similar technologies,

ely for the persor

g

All rights, includin

COMMUNICATION IN ACTION 2253

Figure 4
Experiment 1 Results

Safe
Colors

l:l Orange

. Purple
I:I Blue

(none)

I:] Orange

Blue I:‘

Do
Condition ||

Show
Condition

B

Safe Colors

. Purple
D Blue

Note. (A) Participant demonstrations by trial. Each line is one participant’s demonstration. Column labels indicate codes for each reward structure. Top
row: Ground rewards of the task. Yellow goal tiles are worth +10 points, colors that are safe are O points, otherwise they are —2 points. Middle row: Do
participant trajectories with the tile colors that were visible to the participants (orange, purple, blue, white and yellow); Bottom row: Show participant
trajectories. (B) An exaggerated demonstration (red line) in the Show condition. Behaviors such as this are predicted by the planning in observer belief
space model. Panel (A) adapted from “Showing versus Doing: Teaching by Demonstration,” by M. K. Ho, M. Littman, J. MacGlashan, F. Cushman &
J. L. Austerweil, 2016, Advances in neural information processing systems, 29, pp. 3027-3035. Copyright 2016 by the authors. Adapted with permis-

sion. See the online article for the color version of this figure.

would lead to visiting only one or the other if it is maximally effi-
cient for reaching the goal. We quantified these types of predicted
differences by calculating the proportion of orange, blue, or purple
tiles visited in a trajectory (color visitation proportion) and the
entropy of the frequency distribution over orange, blue, and
purple tiles in a trajectory (color visitation entropy). As shown in
Figure 5A (top row), both color visitation proportion and entropy
were generally higher for the belief-directed model, although this
varied by the particular reward function.

We then calculated color visitation proportion and entropy for
the empirical trajectories and performed two sets of analyses.
First, we analyzed the trajectories independently of the planning
models using a mixed-effects logistic regression for color visita-
tion proportion and a mixed-effects linear regression for color visi-
tation entropy. For both of these models, condition was included
as a fixed effect while by-participant and by-item (i.e., reward
function) random intercepts were fit. Show condition trajectories
had a greater color visitation proportion (B = 2.59, SE = 47,
Z =546, p < .0001 [Wald Z test]) as well as color visitation en-
tropy (B = .16, SE = .05, 1[57.04] = 3.30, p < .01 [Satterthwaite’s
approximation]).

Second, we regressed the color visitation measures from partici-
pant trajectories onto the mean simulated trajectory values using
logistic and linear mixed-effects models, respectively. For these
models, we included the simulation predictions as a fixed effect
and by-participant and by-item intercepts as random effects.
We found that the measures produced by the instrumental and
belief-directed model simulations were predictive of both color

visitation proportion (f = 2.59, SE = 47, Z = 5.46, p < .0001
[Wald Z test]) and entropy (p = .92, SE = .06, [9.41]1 = 14.37,p <
.001 [Satterthwaite’s approximation]).

Collectively, these sets of analyses indicate that qualitative dif-
ferences related to targeted variability between the Do and Show
conditions matched those of the instrumental and belief-directed
planning models.

Belief-Space Analysis

The behavioral analyses provide insight into people’s demon-
strations in terms of features of the ground task itself (e.g., what
colors were visited). To gain initial insight into the effects of peo-
ple’s demonstrations on belief-dynamics, we analyzed belief-space
transitions for three types of observer models. To be clear, our
goal is not to compare observer models, but to characterize the
inferential effects of people’s behavior on several rational observer
models.

First, we examined the effect on a literal observer. For each
participant trajectory, the model’s final belief in the true trial
parameters was used as a predictor in a mixed-effects linear model
that included by-participant and by-reward function random
intercepts as well as condition (Do/Show) as a fixed effect. Condi-
tion was found to be significant (B = .19, SE = .03, #[56.00] = 5.54,
p < .001 [Satterthwaite’s approximation]), indicating that trajecto-
ries in Show led the observer model to have a higher belief on the
target.

Second, we compared how a pragmatic observer who reasons
about the demonstrator’s actions as intentionally informative
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Figure 5
Experiment 1a Analyses

Color Visitation Proportion Color Visitation Entropy

08
. Model/Condition
Simulated "1
A = B - s . .
3 1 ~ Object-Directed/
Trajectories - o )
(o]
02 = Belief-Directed/
All  Orange Orange Purple Orange Purple Blue None All  Orange Orange Purple Orange Purple Blue None Show
Purple Blue Blue Purple Blue Blue
08 I
Participant o6 I .

Trajectories
04

All  Orange Orange Purple Orange Purple Blue None All  Orange Orange Purple Orange Purple Blue None
Purple Blue Blue Purple Blue Blue
Safe Colors Safe Colors
B - C
0.8 30
25
0.6 Log-likelihood ;g °
Belief Ratio
Probability Test 15
0.4 Statistic i ®
5
0.2
0
Do Show
0.0™ Literal Observer _Pragmatic Observer Uncertain Uncertain Expenmental
Belief in Target Belief in Target  Pragmatic Observer Pragmau: Observer Condition

Belief in Target Belief in

Informative Intent

Observer Models

Note. (A) Comparison of color visitation proportion and color visitation entropy for simulated trajectories (top row) and participant trajectories (bottom
row). Each pair of bars corresponds to one of the 8 reward functions. Analyses with mixed-effects linear models revealed a significant effect by
Do/Show condition and that simulation values predict experimental measures. Error-bars are bootstrapped 95% confidence intervals. (B) Belief-space
analysis. We provided participant-generated trajectories from the Do and Show conditions to three different observer models and measured final beliefs.
A literal observer updates his beliefs about the world assuming an instrumental demonstrator, while a pragmatic observer updates his beliefs assuming
the demonstrator is belief-directed and attempting to be informative. The uncertain pragmatic observer has probabilistic beliefs about both the world as
well as whether the demonstrator is belief-directed. Empirical Show trajectories are consistently better at conveying task structure across all three ob-
server models and are interpreted by the uncertain pragmatic observer model as being more intentionally informative. (C) By-participant model fitting
results. Each point represents the log-likelihood ratio test statistic comparing the instrumental planning model to the belief-directed planning model.
Belief-directed planning better accounts for demonstrator behavior more in Show than in Do (permutation test, p < 10~; see main text and the online
supplemental materials for details). See the online article for the color version of this figure.

would learn. Using the same analysis with final beliefs as the pre-
dictor in a mixed-effects linear model, we found condition was
similarly significant (B = .23, SE = .04, 1[56.00] = 5.74, p < .001
[Satterthwaite’s approximation]), confirming that a pragmatic
observer would also learn better from these trajectories.

A literal observer assumes the demonstrator definitely does not
have an intention to inform, while the pragmatic observer assumes
the complete opposite. But what if the observer is uncertain about
the demonstrator’s communicative intent? Analogous situations
have been studied in the context of epistemic trust (Mascaro &
Sperber, 2009) and can be modeled as joint inference over anoth-
er’s knowledge and helpfulness (Eaves & Shafto, 2012, 2017;
Shafto et al., 2012). To test how such an observer would respond

to people’s demonstrations, we implemented an uncertain prag-
matic observer, who reasons jointly about the task parameters and
whether the demonstrator has informative intentions. Using the
same analysis over final belief in the trial parameters as before, we
find that condition was significant (B = .23, SE = .03, [56.00] =
6.45, p < .001 [Satterthwaite’s approximation]). Additionally, we
used a similarly structured analysis to determine if the uncertain
pragmatic observer tracks whether the demonstrator was attempt-
ing to be informative. We found a significant effect of condition
(B = .09, SE = .03, #[56.00] = 3.51, p < .001 [Satterthwaite’s
approximation]), which confirms that people’s actions in Show are
not only more informative but interpreted as more intentionally
informative by an uncertain model.
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In summary, we examined how people’s behaviors in Do and
Show affected the beliefs of three types of observer models (lit-
eral, pragmatic, and uncertain pragmatic). People’s behavior in
Show better conveyed the underlying structure of the task for all
three observer models. Additionally, we found that Show demon-
strations are themselves interpretable as intentionally informative
to an observer who is unsure.

Model-Fitting Analysis

As a final, stronger test of the distinction between doing an ac-
tivity and showing an activity, we employ model fitting. This
approach ensures that the effectiveness of Show trajectories is due
to belief-directed planning and not a particular parameterization of
instrumental planning. For example, people could simply act more
randomly in the Show condition rather than engage in targeted
variability. Additionally, model-fitting allows us to understand
people’s low-level actions—for example, movements in the cardi-
nal directions—in terms of high-level psychological and computa-
tional constructs—for example, communicative utilities and
recursive models of an observer. Here, we describe our general
results and report details related to implementation and parameter
estimates in the online supplemental materials.

Our main question is whether including belief transitions and
utilities in a demonstrator’s planning model explains behavior in
Show but not in Do. To assess this, we fit maximum-likelihood pa-
rameters for the instrumental planner and for the belief-directed
planner to each participant. Because instrumental planning is a
nested version of belief-directed planning (i.e., where belief transi-
tions and utilities are ignored), we compared model-fits in each
condition using a log-likelihood ratio test with three degrees of
freedom difference per participant. For Do, the instrumental model
was not rejected, X2(87) = 100.78, p = .15, whereas for Show, it
was, ¥%(87) = 391.60, p < 10, indicating that the belief-directed
planning model provides a better explanation of behavior for the
Show but not Do. Additionally, we can compare models for indi-
vidual participants. Figure 5C shows the likelihood ratio test statis-
tic associated with each participant. We used a permutation test
with 10, 000 random permutations to determine whether the differ-
ence in mean test statistics between Do and Show was significant
(Do LR M = 3.47, SD = 4.63; Show LR M = 13.50, SD = 8.78).
None of the permutations exceeded the true difference in mean
test statistic (p = W <107, indicating that more participants in
Show are explained by belief-directed planning.

Given belief-directed planning models fit to each individual par-
ticipant’s collection of demonstrations, we can also examine the
parameters corresponding to planning goals and representations.
In particular, we examined two parameters corresponding to the
strength of the demonstrator’s communicative goal (Gpg) and the
informativeness of instrumental actions for a literal observer (O )
in light of the Do and Show conditions. As expected, we find that
estimated communicative goal strength was higher for Show than
Do (Wilcoxon Signed-Ranks test: Z=—2.11, p < .05). Similarly,
we find that instrumental action informativeness to be higher for
Show than Do (Wilcoxon Signed-Ranks test: Z = 1.98, p < .05).
Moreover, these two parameter estimates are correlated in Show
but not in Do, indicating a coupling between the representational
and motivational dimensions of communicative demonstrations
(Do: r= .27, p = .16; Show: r = .50, p < .01). These analyses of
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individually fit parameters provide further confirmation that
the behavior in Show results from a planning process informed by
literal action interpretation. For complete details on how these
parameters were specified, please see the online supplemental
materials.

To summarize, we find that belief-directed planning provides a
better model of behavior in Show than in Do.

Experiment 1b: Learning Reward Structure From
Demonstrations

We next turn to observer behavior. Specifically, we evaluated
whether communicative demonstrations are effective for teaching
human observers the true reward function, and also whether observers’
expectations of communicative (‘“‘showing”) or noncommunicative
(“doing”) behavior matter. Participants were either placed in a Com-
municative or Noncommunicative interpretation condition, corre-
sponding to the literal and pragmatic observer models, respectively.
They were then given the trajectories from either the Show or Do
conditions in Experiment la. Overall, we find a large positive effect on
observer accuracy and confidence when given demonstrations from
Show versus Do, and a small positive effect of observer interpretation
consistent with the model predictions.

Method
Materials and Procedure

The stimuli were the state/action/next-state sequences produced
by participants in Experiment la. These were generated from the
eight critical trials from the 29 participants the Do/Show demon-
strator conditions, for a total of 464 demonstrations. Each partici-
pant was told they would observe a single demonstration from a
partner. They were also assigned to a Communicative or Noncom-
municative interpretation condition. The instructions were the
same except participants in the Communicative condition were
also told that their partner “knows that you are watching and is
trying to show you which colors are safe and dangerous.” Next,
they were shown a page with the animated demonstration and
answered, for each of the three colors (orange, purple, and blue),
whether they thought it was safe or dangerous and their confidence
on a continuous scale (0 to 100). Each participant received a start-
ing payment of 25¢ and won/lost 5¢ for each correct/incorrect an-
swer (minimum payment was 10¢). Two MTurkers were assigned
to each demonstration and observer instruction combination using
psiTurk (Gureckis et al., 2016). Procedures were approved by Uni-
versity of Wisconsin-Madison ED/SBS IRB (Study #2017-0830;
title: “Studying Human and Machine Interactions”).

Simulated Observers

To compare model predictions with human performance, we
simulated observer beliefs using the literal and pragmatic observer
models reported in the belief-space analysis in Experiment la.
Because participants gave judgments for each color separately, we
compared the marginalized probabilities for each color to judg-
ments. Mean correct belief probabilities by observer model and
demonstrator condition are shown in Figure 6.
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Figure 6
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Comparison of Model and Human Observers Learning From Human Demonstrations

Model

= Literal Action Interpretation

1.0 = Pragmatic Action Interpretation
Correct (.9
Belief
(Probabilities)
0.8
0.7
0.6

Do Show
Demonstrator Condition

Experiment

= Non-Communicative
1.0 = Communicative

0.9

Correct
Proportion

0.8

0.7

0.6

Do Show
Demonstrator Condition

Note. Observer models were either literal observers or pragmatic observers and were given Experiment la trajectories from the Do or Show condition.
The left panel shows the correct probability that a color is safe (not the probability of the task) to facilitate comparison with Experiment 1b. Participants
in Experiment 1b were either told the demonstrator was intentionally communicating (Communicative condition) or nothing (Non-Communicative con-
dition), were given Do or Show trajectories, and gave safe/dangerous judgments for each color that were coded as correct or incorrect. Error bars are
bootstrapped 95% confidence intervals. See the online article for the color version of this figure.

Results

Participants exposed to Show trajectories were more accurate
and confident in their beliefs, compared with participants exposed
to Do trajectories. To analyze accuracy, we used a mixed-effects
logistic regression with correct/incorrect judgments as the out-
come variable. By-trial (reward function), by-demonstrator, and
by-observer intercepts were used as random effects, and both sets
of instructions and their interaction were set as fixed effects using
contrast coding. The effect of whether the trajectories were from
Do or Show (demonstrator instructions) was significant (f = .40,
SE = .11, Z =3.64, p < .001 [Wald Z test]) as was the effect of
the Communicative/Noncommunicative interpretation (observer
instructions; f = .13, SE = .07, Z = 2.02, p < .05 [Wald Z test]).
Demonstrator Show instructions had a larger effect size, corre-
sponding to an increase in observer accuracy by 1.5 times, as
compared with observer Communicative instructions, which corre-
sponds to an increase in observer accuracy by 1.14 times. There
was no significant interaction (f = .09, SE = .14, Z = .64, p = .52
[Wald Z test]). This general pattern parallels the simulation results
(see Figure 6).

Confidence judgments were analyzed by mixed-effects linear
regression. Reported confidence was the outcome variable; trial,
demonstrator, and observer were random effects; and demonstrator
instructions, observer instructions, and their interaction were fixed
effects. Observers receiving Show demonstrations were more
confident (B = 3.34, SE = .93, 1[57.20] = 3.59, p < .001 [Sat-
terthwaite’s approximation]), as were those receiving Communica-
tive instructions (f = 3.57, SE = .87, 1[1790.85] = 4.08, p < .0001
[Satterthwaite’s approximation]). There was no significant interac-
tion (B=1.16, SE = 1.75, 1[1790.85] = .67, p = .51 [Satterthwaite’s
approximation]). In short, the generation and interpretation of

demonstrations as communicative increased both accuracy and
confidence.

Discussion

Are people’s communicative demonstrations reflective of
belief-directed planning? Experiment 1 addressed this question in
the context of communicating information about reward structure.
To test this, in Experiment la participants performed a series of
tasks that differed by reward structure and were motivated to
merely “Do” or additionally “Show” the task. In Experiment 1b,
these demonstrations were observed by a separate set of partici-
pants, who were either told that the demonstrations were produced
communicatively or not told this. These participants were then
asked for their beliefs about the reward structure.

Our analyses of demonstrators’ behavior as well as observers’
judgments provide evidence for belief-directed planning and prag-
matic action interpretation described by our account. First, we
show that the belief-directed demonstrator model predicts how
people will modity their goal-directed behavior by increasing the
variability of color tiles visited on specific trials. Second, using
three different observer model variants, we find that Show demon-
strations more effectively convey the underlying task structure and
that they are more likely to be interpreted as intentionally informa-
tive by a rational model. Additionally, the qualitative pattern of
judgments provided by two of these models (the literal and prag-
matic observer) match those of participants in Experiment 1b.
Finally, the model-comparison analysis of Do/Show demonstra-
tions allows us to conclude that the variability in actions taken in
communicative demonstrations are not simply attributable to
undirected noise but rather belief-directed planning.
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In short, Experiment 1 tests the predictions of our demonstrator
and observer models in the context of conveying information
about reward structure. Overall, we find that the differences
between planning and interpreting instrumental actions versus
communicative demonstrations can be understood in terms of our
account of recursive planning and inference.

Experiment 2: Communicating Causal Structure by
Demonstration

Actions can convey more than just the reward structure of the
world; they can also convey its causal structure. For instance, con-
sider showing someone else how to use a can opener. You would
want to make sure that they learn the key causal dependencies
between squeezing the handles and puncturing the lid, and
between rotating the handle and cutting the lid free. Exaggerating
certain motions involved in using a can opener can provide clear
evidence of the underlying causal mechanism and would directly
result from belief-directed planning, even though these exaggera-
tions may not be the most efficient way to actually open the can.

In Experiment 2, we examine how people modify their instru-
mental actions to convey information about hidden causal struc-
ture. We used a variation on the Gridworld task in which certain
tiles have different probabilistic outcomes (see Figure 7), allowing
us to examine how people exploit complex dynamics of an envi-
ronment when acting communicatively. In particular, having prob-
abilistic causal affordances enables us to directly test whether
communicative demonstrators are leveraging observers’ capacity
for theory of mind when planning over beliefs. This is because
such situations allow demonstrators to show that they are frying to
do something, even if it is potentially costly or may not succeed.
For instance, suppose you want to show someone how to use a can
opener, but it fails on some cans and breaks them because it is of
poor quality. You may still be able to convey how can openers
work by using properly exaggerated motions to indicate how you
expect it to work, even if it does not actually work the way it is
supposed to. In this experiment, we introduce “‘jumper tiles” that
allow agents to jump over dangerous tiles. This provides opportu-
nities for participants to show observers when certain tiles are

Figure 7
Experiment 2 Paradigm

(@) Strong Jumpers Weak Jumpers
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jumpers by taking extra jumping actions as well as showing them
that they can be used to avoid dangerous tiles by taking risky
Jjumps that sometimes do not work.

As we discuss, our framework for planning and interpretation of
communicative demonstrations allows us to compare belief-
directed planning not only to instrumental planning but also to var-
iants that make weaker assumptions about observers. For instance,
whether an observer engages in inverse planning or simple causal
reasoning will affect whether a demonstrator engages in risky
jumping. Overall, we find that the full belief-directed planning
model uniquely predicts how people will act to convey causal
structure through their actions.

Method
Task

We used the layout shown in Figure 7a to test how people con-
vey causal structure. Each trial, people start at the bottom center of
the grid and must reach the yellow goal tile (worth 50 points) in as
few steps as possible (each step was penalized —1 point). Danger-
ous tiles (red) are always worth —10 points. “Jumper tiles” (green)
are worth zero points, but stochastically cause the agent to jump
over the immediate tile, thus avoiding losing points if it is danger-
ous. Within a trial, all of the jumper tiles are either “strong,”
meaning that 3/4ths of the time the tile moved the agent two steps
and 1/4th of the time moved it only one step, or “weak,” in which
the probabilities were reversed. As a result, the value of actions
from a particular jumper tile depends on both the layout of the
dangerous and jumper tiles, as well as whether the jumper tiles are
strong or weak.

Procedure

Eighty Amazon Mechanical Turk participants participated for
payment. The overall design of this experiment was similar to that
of Experiment 1 with a few modifications. Participants were
trained on the basic experimental interface and interacted with a
set of 16 exploration grids in which they had to figure out whether
the jumper tiles were strong or weak. The grids were designed
such that there was no way to try a jumper tile without some risk

(b)

N —
>

~—v

Strong Jumper
Affording

Weak Jumper
Affording

Note. Each trial had a particular configuration of dangerous tiles (red) and jumper tiles (green). (a) Example trajectories showing whether the jumper
tiles are strong (the agent is usually moved two tiles after stepping off it) or weak (agent is only sometimes moved two tiles). Dotted line indicates a suc-
cessful jump of two tiles. Within a trial, jumper tiles are either all strong or all weak. (b) Example of regions of grid with different affordances based on
whether the jumper tiles are strong or weak. See the online article for the color version of this figure.
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of entering a dangerous tile. After each of these exploration
rounds, they had to answer whether they thought the jumper tiles
on that trial were strong or weak and won or lost 50 points based
on their answer. They were then split into two conditions: Do and
Show. Forty-one participants were assigned to Show, whereas 39
were assigned to Do. In Do, participants were always told whether
the jumper tiles were strong or weak; in Show, they were also told
this information but were additionally told that their behavior
would be shown to a partner who would have to answer whether
the jumper tiles were strong or weak. They would then win or lose
50 points based on their partner’s answer.

Both conditions were given the same set of eight grids twice.
We designed the grids to favor certain trajectories when jumper
tiles were weak (weak affording), others when jumper tiles strong
(strong affording), and others whether the jumper tiles were weak
or strong (Figure 7b). We arranged these variations to distinguish
between doing and showing, because sometimes the most effective
way to communicate task structure would be to incur the risk of
jumping onto a dangerous tile. Each grid was then presented where
the jumper tiles were strong and weak, for a total of 16 distinct
rounds per person. Procedures were approved by University of
Wisconsin-Madison ED/SBS IRB (Study #2017-0830; title:
“Studying Human and Machine Interactions”).

Simulated Demonstrators

Similar to Experiment 1, we simulated both instrumental and
belief-directed demonstrators for both strong and weak variants of
the Gridworld trials. However, we also generated two types of
belief-directed demonstrator. The first was a demonstrator who
planned over a literal observer who performed inverse planning—
that is, it assumes that the observer reasons about instrumental
intentions. The second was a demonstrator who planned over a
lesioned literal observer that does not perform inverse planning
and can only do causal reasoning. Fifty sequences of states and
actions were generated for each of these three models for each
transition function and Gridworld.

Results

As in Experiment la, we performed three sets of analyses to
understand participants’ behavior (see Figure 8): task-specific be-
havioral predictions, performance in model observers’ belief-space,
and by-participant model-fitting. For the behavioral analyses, we
focused on jumping rate and risky jumping rate, because these are
key signatures of belief-directed planning. Risky jumping in partic-
ular allows us to contrast demonstrations designed for observers
engaging in inverse planning versus one that only does causal rea-
soning. Overall, these analyses allow us to evaluate whether peo-
ple’s communicative behavior is explained by planning over a
model of observers’ beliefs from several different perspectives.

Jumping and Risky Jumping

Jumpers allow people to take inconvenient or risky actions to
convey information about the task. For example, repeatedly jump-
ing off of green tiles can provide evidence of the underlying causal
mechanism by providing observers the opportunity to directly
observe the relevant statistics. However, our set up also provides
demonstrators with an opportunity to convey their expectation that

HO, CUSHMAN, LITTMAN, AND AUSTERWEIL

a particular outcome is likely by taking risky jumps, where possi-
ble outcomes have a large influence on reward. For instance, if
green jumper tiles were strong, an agent could try to use it to jump
over a red tile, whereas if it were weak, they would not. If the ob-
server can reason about an actor’s intention to use jumpers to skip
over red tiles—that is, if they can engage in literal action inter-
pretation—then a communicative demonstrator could use risky
jumping to signal their expectations. In contrast, a rational com-
municative agent who does not think the observer can reason
about intentions would not take risky jumps if they did not have
to. These two possible communicative agents correspond directly
to belief-directed planning over a full literal observer and
planning over a lesioned observer that we simulated. As shown in
Figure 8A (top row), although both types of agents engage in
more jumping than the instrumental agent baseline, only planning
over a full literal observer predicts more risky jumping.

We analyzed participants’ jumping and risky jumping independ-
ent of the models and then with the model predictions. For our first
set of analyses, we fit a linear mixed-effects model to the number
of jumps per round and a logistic mixed-effects model to whether
jumps were risky. A jump was defined as any action that had a
nonzero probability of moving two tiles, whereas a risky jump was
coded as any jump that had a nonzero probability of landing on a
red tile. Both models included condition (Do/Show) as a fixed
effect as well as by-participant and by-item random intercepts.
The Show condition had significantly more jumps per round (f§ =
71, SE = .14, 1[79.71] = 5.22, p < .0001 [Satterthwaite’s approxi-
mation]) and jumps that were risky (B = .98, SE = .24, Z=4.16,p
< .0001 [Wald Z test]), matching the qualitative patterns of belief-
directed planning.

To assess whether belief-directed planning over the full literal
observer predicted risky jumping over and above planning over
the lesioned literal observer, we compared two nested logistic
regression mixed-effects models. Both models set whether a jump
was risky as the dependent variable, included by-participant and
by-item random effects, and used data from both Do and Show
conditions. The first model contained only the lesioned planning
risky-jump proportions as a fixed effect for each grid, transition
structure (strong/weak), and condition, whereas the second addi-
tionally included the proportions from belief-directed planning
over the full literal observer. Note that the predictors for Do condi-
tion jumps were always those of a planner for whom the observer
belief model is irrelevant, that is, the pure instrumental planner.
Using log-likelihood ratio tests, we found that including the full
planning predictions produced a significantly better fit, x*(1) =
1242, p < .001, indicating that people’s risky jumping is
explained by belief-directed planning over a full literal observer
performing inverse planning.

In sum, if people are engaging in belief-directed planning over a
literal observer model in Experiment 2b, they will be more likely
to use jumpers, especially when they are risky, if it effectively sig-
nals the underlying causal structure of a task. We find that people
do engage in these behaviors in the manner predicted by the full
belief-directed planning model.

Belief-Space Analysis

We next ask whether actor behavior in the Show condition con-
veys more information about state transitions than actor behavior
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Figure 8
Experiment 2a Results
Jump Count Risky Jumps per Jump Model
‘ ‘ 0.6
24 L Object-Directed
Slmulate_d 047 ouly - Belief-Directed
Trajectories | | - _ == T (Full Literal Observer)
b Belief-Directed
(Lesioned Observer)
0 0.0
Strong Jumpers Weak Jumpers Strong Jumpers Weak Jumpers
0.6 1 -
5] Condition
a1, = 0.4
Participant I D
Trajectories ! | » - ]
J = .=
0.0
Strong Jumpers Weak Jumpers Strong Jumpers Weak Jumpers

Transition Function Transition Function

1.0 =
Condition
Do 100 o4
0.8 S Show o
80
0.6/ = e + Log-lfi{l;?ihood
Belief 10
Probability Stzgsstt " o
0.4
20 -:
-
Do Show
0.0" Experimental
A Literal Observer Pragmatic Observer Uncertain Uncertain C on dltl on

Pragmatic Observer Pragmatic Observer
Belief in Target

Belief in Target Belief in Target

Belief in
Informative Intent

Observer Models

Note. (A) Comparison of simulated (top) and experimental jumping (bottom). We simulated instrumental planning actions (blue bars) as well as two
types of belief-directed planning demonstrations (dark and light green bars). The first belief-directed planner calculated a plan over a full literal observer
model capable of reasoning about instrumental intentions (e.g., whether the agent was trying to jump). The second belief-directed planner was provided
with a lesioned literal observer model that could not reason about instrumental intentions and could only draw inferences based on observed outcomes
(e.g., whether the agent actually jumped). In particular, note that because inference about risky jumping requires that the observer reason about planning
(an action is only risky with respect to the agent’s intention not to lose points), only the first belief-directed planner will engage in additional risky jump-
ing. (B) Belief-space analysis. Participant trajectories were provided to three different observer models: a literal observer; a pragmatic observer; and an
uncertain pragmatic observer. We examined how the trajectories from each participant condition influenced the beliefs of each observer model.
(C) Model-fitting Analysis: Each point represents the log-likelihood ratio test statistic comparing the instrumental planning model to the belief-directed
planning model. Belief-directed planning better accounts for demonstrator behavior more in Show than in Do (permutation test, p < 10~ *; see text for
details of analysis). See the online article for the color version of this figure.

in the Do condition. To do this, we assessed changes in the belief
space of three types of model observers as in Experiment la: a lit-
eral observer, a pragmatic observer, and an uncertain pragmatic
observer. The observer models were generated using the same pro-
cedure as in Experiment 1a.

We used the same mixed-effects model as in the previous
analyses to determine whether Show and Do demonstrations
resulted in different final beliefs. All three observer models
learned the target better from the Show than Do demonstrations
(Show/Do fixed effect for Literal Observer belief in strong/weak:
B =.08, SE = .02, 7[78.00] = 5.03, p < .001; Pragmatic Observer:

B=.11, SE =.02, 1[78.00] = 5.82, p < .001; Uncertain Pragmatic
Observer: B = .09, SE = .02, 7[78.00] = 5.21, p < .001 [Sat-
terthwaite’s approximation]). Additionally, for the uncertain prag-
matic observer, we found that the model interpreted Show
demonstrations as being more likely to be communicative (Show/
Do fixed effect: B = .17, SE = .02, #[78.00] = 7.20 [Satterthwaite’s
approximation], p < .001). Figure 8B plots mean beliefs by con-
dition for each observer model. Collectively, these analyses indi-
cate that participants in Show chose action sequences that are
consistently successful in modifying the belief state of an observer
toward the target belief.
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Model-Fitting Analyses

For our final set of analyses, we used by-participant model fit-
ting and model comparison to determine whether belief-directed
planning explains behavior in the Show condition but not the Do
condition. We performed the same analyses as in Experiment la.
Likelihood ratio tests at the condition level revealed that both Do
and Show behavior was explained better by belief-directed plan-
ning (Do: ¥*[117] = 174.27, p < .0001; Show: %[123] = 1328.24,
p < 107 **). However, a comparison of participant-level likeli-
hood ratio test statistics revealed a clear difference in how well the
models account for behavior in each condition (Figure 8C). Spe-
cifically, we used a permutation test to compare means of the like-
lihood ratio test statistic in each condition (10,000 random
permutations) and found none of the permutations exceeded the
true difference in mean test statistic (p = W <10~*). This indi-
cates that belief-directed planning captures variability in Show
behavior that is distinct from Do.

Additionally, the participant-level fits allow us to assess individ-
ual parameter estimates and whether they reflect the belief-
directed planning goals and representations in our model. As in
Experiment 1a, we examined parameters associated with commu-
nicative goal strength and instrumental action informativeness
(full details on how these parameters are specified are available in
the online supplemental materials). As expected, we found that
estimated communicative goal strength was higher in Show than
in Do (Wilcoxon Signed-Ranks test: Z =—15.04, p < .0001). How-
ever, we did not find a difference in instrumental action informa-
tiveness (Wilcoxon Signed-Ranks test: Z = — .98, p = .33). These
analyses provide further confirmation that our model of belief-
directed planning captures the qualitative dimensions of people’s
communicative demonstrations.

Experiment 2b: Learning Causal Structure From
Demonstrations

Following the same structure as Experiment 1b, we tested
whether Show demonstrations better conveyed information than
Do demonstrations, as well as whether Communicative or Non-
communicative instructions influenced learning. We found that

Figure 9

HO, CUSHMAN, LITTMAN, AND AUSTERWEIL

Show demonstrations were more effective at conveying the correct
causal structure, but we found no effect of observer interpretation,
consistent with the simulation results.

Method

Three hundred twenty participants (150 female, 168 male, two
neither) were recruited via Amazon Mechanical Turk to participate
in our study. Two participants were assigned to each of the 80
demonstrators from Experiment 2a in two conditions (Communi-
cative and Noncommunicative) using psiTurk (Gureckis et al.,
2016). After completing a consent form, participants were shown
instructions explaining that they would watch their partner play a
game, that their goal was to reach the yellow square on each round
and win 50 points, that red squares caused them to lose 10 points,
and that green tiles were jumper tiles.

Participants observed their partner play 16 rounds of the game
and had to determine whether the jumpers on that round were
strong or weak. Each correct/incorrect answer was worth *=5¢. In
only the Communicative condition they were told “Your partner
knows that you are watching and is trying to show you whether
the jumpers on that round are strong or weak.”

Participants viewed a video of each demonstration as many
times as they wanted (but at least once) and provided two judg-
ments: whether the jumpers on that trial were strong or weak, and
their confidence on a continuous slider ranging from no confidence
to extremely confident. After completing all 16 trials, participants
were asked several posttask questions. Procedures were approved
by University of Wisconsin-Madison ED/SBS IRB (Study #2017-
0830; title: “Studying Human and Machine Interactions”).

Using the same parameters as in the Experiment 2a simulations,
we calculated both literal observer and pragmatic observer beliefs
for Do or Show trajectories from Experiment 2a. Aggregated
results are shown in Figure 9.

Results

We analyzed participants’ strong/weak judgments and confi-
dence ratings using mixed-effects models. We coded strong/
weak judgments as correct or incorrect. A mixed-effects logistic

Experiment 2b Model and Human Observers Learning From Human Demonstrations

Model

1.0 = Literal Action Interpretation
’ = Pragmatic Action Interpretation
0.9

Correct
Belief 0.8
(Probabilities)
0.7

0.6

0.5

0.4

Do Show
Demonstrator Condition

Experiment
= Non-Communicative
1.0 = Communicative
0.9

Correct
Proportion 0.8

0.7

0.6

0.5

Do Show
Demonstrator Condition

Note. Observer models are either literal or pragmatic. Error bars are bootstrapped 95% confidence intervals.

See the online article for the color version of this figure.
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regression was fit with correctness as the predictor variable; item
(i.e., transition function and grid configuration), participant, and
trial number intercepts as random effects; and demonstrator
condition (Do/Show), observer condition (Communicative/
Noncommunicative), and their interaction as fixed effects. We
found a significant effect of demonstrator condition corresponding
to Show demonstrations increasing correctness by 2.31 times
(B=.90, SE=.18,Z=5.11, p < .0001 [Wald Z test]). However,
there was no effect of observer interpretation (f = —.01, SE = .10,
Z =-13, p = 90 [Wald Z test]) and no interaction (B = .08,
SE = .21,Z= .38, p=.70 [Wald Z test]).

For confidence judgments, we fit a mixed-effects linear model
with confidence as the predictor variable; item, participant, and
trial number intercepts as random effects; and observer condition,
demonstrator condition, and their interaction as fixed effects. We
found no effect of either demonstrator condition, observer condi-
tion, or their interaction.

Discussion

People can intentionally communicate causal knowledge through
their actions. Experiment 2 tested whether people did this consistent
with belief-directed planning using a Gridworld paradigm with
strong or weak jumper tiles. We find that people are willing to use
jumping and risky jumping as a signal for causal structure and that
belief-directed planning explains the behavior of Show participants
more than Do participants. Risky jumping, in particular, provides
strong evidence for belief-directed planning since it relies on the
observer’s beliefs about a demonstrator’s aversion to risk and their
causal knowledge. Finally, we find that observers more successfully
learn causal structure from Show rather than Do participants, con-
sistent with our model.

The current results further illustrate the generality of our frame-
work for modeling communicative demonstrations. Similar to
Experiment 1, we find that the model explains differences between
doing and showing behaviors and their interpretation. We note that
unlike in Experiment 1, we did not find that the framing of the tra-
jectories as communicative or not influenced observer inferences.
This may be due to the fact that the space of possible causal struc-
tures was smaller (two vs. eight) and that the relative effectiveness
of Do versus Show demonstrations left little room for observer
interpretation to have an effect. In the next section, we analyze
previous developmental studies in which infant observers were
given experimentally controlled demonstrations in communicative
or noncommunicative contexts. There we find cases in which
observer interpretation has a large influence on inferences.

Infant and Child Observer Studies

The previous adult experiments illustrate how belief-directed
planning and pragmatic interpretation facilitate powerful forms of
teaching and social learning. At the same time, the developmental
literature documents a range of findings on the interpretation of
communicative demonstration and their relation to learning
action-guiding representations (Brugger et al., 2007; Buchsbaum
et al, 2011; Butler et al., 2015; Hernik & Csibra, 2015;
Hoehl et al., 2014; Kirdly et al., 2013; Sage & Baldwin, 2011;
Southgate et al., 2009). Having formalized the actor and observer
roles in communicative demonstrations, we next compare the

2261

major qualitative predictions of our model against previous devel-
opmental findings.

Specifically, we revisit three studies in which an infant or child
observed experimentally controlled demonstrations. Each set of
studies focused on a different type of action-guiding representation
that could be conveyed demonstratively: Kirdly et al. (2013) focus
on differential imitation of subgoals, Butler and Markman (2012)
focus on learning generic causal properties, whereas Hernik and
Csibra (2015) focus on inferring novel functional properties of
tools. In each case, what is being conveyed is a decision-making
representation that can be directly reflected in intentional action
and thus demonstration. Figure 10 shows how the different com-
ponents of our formalism can be mapped onto the experiments.

Additionally, the studies all compare learning between at least
two observer conditions: A Communicative condition where dem-
onstrations were performed following an ostensive cue, and an
Intentional condition where there was no such cue. These condi-
tions map directly onto our formalization of literal versus prag-
matic action interpretation. By formulating participants as one or
the other type of observer, we can generate distinctive patterns of
inferences and attributions. In general, we find that the pragmatic
observer models tend to differ from literal observer models in two
qualitative ways. First, we find inferential amplification, in which
actions that are mildly diagnostic of instrumental goals become
highly diagnostic of belief-directed goals. Second, we observe
deviation attribution, in which actions that would have been attrib-
uted to irrationality or noise when interpreted as purely instrumen-
tal become attributable to belief-directed goals. These patterns are
readily characterized in the framework of probabilistic inference
and planning we have articulated, underscoring the value of our
approach for understanding previous results.

Our primary goal is to test whether our account is compatible
with the basic qualitative dimensions of existing findings and
show how our model can be applied to interpreting studies of
social learning of action-guiding representations. Previous work
has used Bayesian models of cooperative communication to inte-
grate results across studies and understand developmental changes
in phenomena such as epistemic trust (Eaves & Shafto, 2017).
Much of this work has focused on social learning in the context of
labeling, and an important challenge is extending such analyses to
settings that involve action-guiding representations (e.g., subgoals,
object affordances, and tool functions). Although we do not
address questions of developmental changes, the application of
our model illustrates how constructs from the planning and rein-
forcement learning literature (Dayan & Niv, 2008; Sutton & Barto,
1998) can be used to define linking functions that connect model
constructs to measures used to assess the learning of action-guid-
ing representations. In the next few sections, we discuss how our
model explains the qualitative findings of several studies. The full

details of our formalization are included in the online
supplemental materials and implemented as probabilistic
programs.’

Throughout, we are required to make formally explicit several
elements of the original experiments: the environmental context,
the communicative context, and the demonstrations themselves. In

UAll models in this section were implemented using WebPPL
(Goodman & Stuhlmiiller, 2014) and can be found at https://github.com/
markkho/comdem-data-code.
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deciding what aspects of a study are theoretically relevant, we
have attempted to stay true to the original interpretations of the
researchers. This illustrates how our approach can formally
describe the key qualitative findings from the literature.

Learning Causal Structure From Demonstrations
Summary of Findings

Butler and Markman (2012; Experiment 3) investigated how 3-
and 4-year-olds learned about a novel causal property by observa-
tion and how this depends on the communicative context. In their
paradigm, participants observe an experimenter clean up a set of
objects (these had been made messy in a prior distractor tasks,
ostensibly the main task). The objects included many paperclips
as well as a novel object (a wooden block with tape on it) that, ear-
lier, had been labeled a “blicket.” At the critical point of the
experiment, the experimenter moves the blicket on top of the
paperclips and they adhere to it by magnetic force.

The “demonstration” occurred in one of three experimental condi-
tions: Accidental, in which the blicket was apparently dropped on the
paperclips while being put away and the experimenter exclaimed
“Oops!”’; Intentional, in which the experimenter appeared to purpose-
fully place the blicket on the paperclips without engaging the child;

Figure 10
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and Communicative, in which he addressed the child (“Look, watch
this™) before placing the blicket on the paperclips (Figure 11a). The
children were then given a set of inert (i.e., nonmagnetic) blickets
and paperclips to play with.

Their main analyses revealed two important patterns of results
for the four-year-olds (but not three-year-olds). First, those in the
Communicative condition showed greater exploration and pickup-
attempts than those in the Intentional and Accidental conditions.
Second, there was no detectable difference in exploration or
pickup-attempts between the Accidental and Intentional conditions
(Figure 11d). These results indicate an influence of communicative
context on how observers draw inferences.

Model Results and Discussion

The model captures the relationships between exploration/
pickup-attempts in the Accidental, Intentional, and Communica-
tive conditions in terms of literal and pragmatic interpretation. As
illustrated in Figure 1la—11c, we model observers as reasoning
about whether or not blickets are magnetic (i.e., whether paper-
clips tend to attach to them) while also assuming that the observer
initially understands the event as one in which the demonstrator
has goal of putting the blicket away. We model observer infer-
ences in the Accidental and Intentional conditions both as literal

Comparison of General Model With Three Developmental Studies on Interpreting Communicative Demonstrations
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Note. (A) Bayesian network diagram of pragmatic action interpretation (reproduced from Figure 1D) illustrating how inference from an observed demon-
stration is mediated by communicative planning. Shaded nodes indicate variables that are assumed or observed by the observer; open nodes indicate vari-
ables with uncertain values; edges indicate functional dependencies. (B, C, D) Diagrams illustrating how the variables in our general model map onto the
specific experiments by Butler and Markman (2012), Kirdly et al. (2013), and Hernik and Csibra (2015). See the online article for the color version of
this figure.
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Summary and Model of Butler and Markman (2012); Experiment 3
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Note. (a) Participants were shown a demonstration of the blicket (brown block) landing on the paperclips and sticking in one of three conditions:
Accidental, Intentional, or Communicative. (b) task model with possible transitions to and from states (Blicket on TABLE, PAPERCLIPS ATTACHED,
PapercLIPS UNATTACHED, and BLICKET Putr Away) when taking actions (Put Away and Put on Paperclips). The only instrumental goal is putting the blicket
away (green check). (¢c) Two possible causal relations correspond to blickets being magnetic or inert. Arrow width indicates relative probabilities. These
differ based transition probabilities to PAPERCLIPS ATTACHED and PApeErRcLIPS UNATTACHED (highlighted in orange). (d) Empirical results. Four-year-olds
explored blickets more and attempted to elicit magnetism more in the Communicative condition. (e) The pragmatic action interpretation model (green)
reasons about the demonstrator’s informative goals, which leads to an amplification of the inferences produced by the literal observer model (blue). Panel
(d) adapted from “Preschoolers use intentional and pedagogical cues to guide inductive inferences and exploration,” by L. P. Butler & E. M. Markman,
2012, Child Development, 83(4), pp. 1416—1428. Copyright 2012 by John Wiley & Sons, Inc. Adapted with permission. See the online article for the

color version of this figure.

action interpretation but model the Accidental demonstrator as
“slipping” while attempting to put the blicket away. Inferences in
the Communicative condition are then modeled as resulting from
pragmatic interpretation. Figure 11c shows the results for a single
parameterization of the model, but we found that the overall

pattern of results was robust. Complete details on the formaliza-
tion and alternative parameterizations can be found in the online
supplemental materials.

To understand the model, first consider the Intentional and
Communicative conditions. Leading up to the critical part of
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the experiment, the participants can infer that the demonstrator
has the goal of putting the blicket away since they had just put
all the other objects away. Then at the critical part, the demon-
strator places the blicket on the paperclips, causing them to
stick together. Interpreted literally, the action appears as unex-
plained noise since it is irrelevant to putting the blicket away.
However, the resulting observation that the paperclips stick to
the blicket is informative: It provides evidence that blickets are
magnetic. This is important because when the same demonstra-
tion is interpreted pragmatically, the act of placing the blicket
on the paperclips and the observation that they stick together
can be explained in terms of belief-directed intentions. In par-
ticular, the formerly unexplained action can be attributed to in-
formative goals, while the possibility that the evidence for
blicket-magnetism is intentional strengthens the inferences
drawn from that very evidence. In other words, pragmatic
interpretation leads to stronger inferences about blicket-magne-
tism due to deviation attribution and inferential amplification.

Our model can also explain why the Intentional and Accidental
conditions did not differ. Specifically, in both conditions, the
blicket landing on the paperclips is not relevant to the instrumental
intention to clean the table—in both cases, this event is interpreted
as noise. A difference is the source of the noise: In the Intentional
condition, the noise is internal to the demonstrator’s decision pro-
cess, while in the Accidental condition the noise is “external”’; for
whatever reason, the demonstrator’s hand slipped. Nonetheless, in
both cases, the resulting observation itself provides only unin-
tended evidence for blicket-magnetism.

Inferring Novel Tool Functions From Demonstration
Summary of Findings

Hernik and Csibra (2015) examined how infants could learn
about novel tools and their functions. In a series of studies infants
observed familiarization training videos in which a demonstrator
manually used novel tools (e.g., a pink or blue flowerpot turned
upside down) on objects (e.g., a peeled or unpeeled banana). Their
first study has two key features. First, these training demonstra-
tions were marked as communicative by the demonstrator. Second,
the objects were apparently transformed by a tool (e.g., an
unpeeled banana, placed briefly under a blue tool, became peeled;
a peeled banana, placed briefly under a pink tool, became
unpeeled—healed). During the test trials they attempted to diag-
nose what the children had learned about what the tools do. To do
this, they showed infants videos of each tool while it was in use,
such that the initial condition of the object was not observed. This
was done without any communicative marking. On congruent
trials, the final state of an object was congruent with that of the
training trials for a tool (e.g., a peeled banana for a blue tool). On
incongruent trials, the resulting state was the same as the initial
state typically observed in the training phase for a tool (e.g., an
unpeeled banana for a blue tool). Critically, they found signifi-
cantly greater looking times on incongruent test trials, indicating
that infants’ expectations were violated when the result state of
the tool differed from those of the training trials (Figure 12a,
first row).

The authors also reported two additional comparison studies?.
In the first of these, demonstrations were still communicative
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and child-directed, however, tools did not transform objects in
the training trials. Unlike in the original study, they found no
detectable difference between congruent and incongruent test
trials. In the second comparison study, demonstrations were no
longer child-directed and the tools transformed the objects in
the training trials (as in the first study). Here, although they
found a difference in congruent and incongruent looking times
for initial test trials, this difference did not persist past the first
set of test trials, unlike in the original study. Collectively, these
three studies (summarized in Figure 12a) suggest that commu-
nicative marking and state changes interact when encoding
novel tool functions, leading to especially robust, context-sensi-
tive learning.

Model Results and Discussion

We model the observer in a single experimental trial as reason-
ing about whether the novel tool has the function of being a “ba-
nana peeler” or not (Figure 12b). Overall, we find a close
correspondence between experimental looking times reported by
Hernik and Csibra (2015) and the surprisal (negative log-likeli-
hood) values for the literal/pragmatic observers with different
training sequences (Figure 12¢ and 12d). In particular, the model-
ing accounts for two central features of the results: The difference
in sustained violation of expectation between Studies 1 and 3, and
the absence of a violation of expectation in Study 2. According to
our account, these are explained by the amplification of inferences
that result from pragmatic action interpretation.

First, consider the difference between Studies 1 and 3: The
transformation demonstrations in Study 1 are performed in a
child-directed communicative context, while those of Study 3 are
not. (In other words, they correspond to the Communicative &
Intentional conditions, respectively, of Kirdly et al., 2013, and
Butler & Markman, 2012.) Thus, we model Study 3 participants as
engaging in literal action interpretation when observing the trans-
formation sequence. Although this allows them to draw a weak in-
ference that the novel object is a banana peeler, it is easily
defeated given contrary evidence, and so fails to drive robust vio-
lation of expectation in the test phase. In contrast, in Study 1, the
communicative context makes the demonstrator’s belief-directed
intentions apparent, and so we model the participants as reasoning
pragmatically. A pragmatic observer recognizes that evidence for
the tool being a banana peeler has been intentionally presented to
them, which leads to an amplification of the literal inference. In
short, compared with participants in Study 3, those in Study 1
would reason that not only does the novel tool coincide with the
change in the object, but the demonstrator wants the observer to
know that this is a reliable feature of the world.

Meanwhile, our treatment of Study 2 uniquely draws out an im-
portant aspect of our model of pragmatic action interpretation:
Although a communicative context is established, the demonstrator
does not perform an action with any clear instrumental purpose. Put
simply, the tool does not do anything (alternatively, one might say,
the child fully expects that a random novel tool will not peel a ba-
nana, and thus no information is conveyed). In principle, the

2 Hernik and Csibra (2015) report a fourth study that conceptually
replicates the results of Studies 1 and 3. The analysis of Study 4 in terms of
our framework is identical to that of Studies 1 and 3.
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Figure 12
Summary and Model of Hernik and Csibra (2015) Experiments 1, 2, and 3
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Note. (a) Participants viewed video trials where novel tools (blue or pink flower pots) were used on bananas (peeled or unpeeled). The banana either
changed or not when the tool was used. Note that the event sequence for a single tool here. Violation of expectation (VOE) measures were used to
assess whether a novel functional concept (e.g., the tool is a banana peeler) was learned. VOE was sustained across multiple test trials only when train-
ing occurred with communicative marking and target transformation. (b) Possible causal structures in our model of a single trial. It is possible that the
banana changes from a state UNPEELED, to a new state, PEELED, regardless of what action is taken for some (unspecified) reason unrelated to the flower-
pot. If the tool is a banana peeler (top), then using it makes a transformation more likely. If it is not (bottom), then tool use has no additional effect.
Note that although the participants never see the banana change without the tool, the model considers the possibility that the tool has no effect.
(c) Looking-time results from Studies 1-3. (d) model posterior surprisals for congruent/incongruent test trial observations. A pragmatic observer trained
on a tool-transformation sequence (left) has a high surprisal on an incongruent trial. The same observer model trained on a nontransformation sequence
(middle) expects both sequences nearly equally. A literal observer trained on a tool-transformation sequence (right) has a higher surprisal on the incon-
gruent observation, but lower than the first pragmatic observer. Panel (c) adapted from "Infants learn enduring functions of novel tools from action dem-
onstrations,” by M. Hernik & G. Csibra, 2015, Journal of Experimental Child Psychology, 130, pp. 176-192. Copyright 2015 by Elsevier. Adapted with
permission. * p < .05. See the online article for the color version of this figure.

communicative context would allow for inferences to be
amplified, but in this case it fails because there is nothing obvious
to amplify.

Notably, our model actually identifies Study 2 congruent trials
as more surprising than incongruent trials because the demonstra-
tor’s attempts to use the tool suggests that they expect it to change,

even though it does not. (In other words they are surprised not by
the state of the banana, but by the persistence of the demonstrator.)
Indeed, although Hernik and Csibra (2015) found no significant
difference between congruent/incongruent looking times, they
report that more than half of the infants tended to look at the
congruent events more than the incongruent events.
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Imitating Subgoals Based on Communicative
Demonstrations

Summary of Findings

Experiment 1 of Kiraly et al. (2013) examined children’s imita-
tion of goal-directed behavior. In the modeling phase, infants
observed an experimenter sit down and then bend over to use their
head to touch a novel object, causing it to light up. This demon-
stration was performed in a 2 X 2 design. The first factor was
whether the context was communicatively cued or not. In the
Communicative conditions, the experimenter looked at the
infant, called their name, and made sure they were paying atten-
tion before the demonstration. In the Intentional® conditions, the
demonstrator did not interact with the infant but instead waited
until a signal was given from another experimenter that the infant
was paying attention before performing the demonstration.
The second factor manipulated whether the demonstrator’s hands
were occupied or free (Figure 13A). In the Hands-Occupied condi-
tions, the demonstrator was wearing a blanket and clutching it
with their hands. In the Hands-Free conditions, they were wearing
a blanket but their hands were placed on the table next to the novel
object.

During the test phase children had the opportunity to interact
with the novel object. The main analysis examines whether the
infants imitated the demonstrator by attempting to turn the light on
with their head based on the two factors. Neither main effect was
significant, but the interaction was significant. Specifically, in the
Communicative condition, there was more imitation of the head
action in the Hands-Free condition than the Hands-Occupied con-
dition, whereas there was no detected difference in the Intentional
condition (Figure 13D).

Intuitively, a person who turns on a light with their head in the
Hands-Occupied condition uses their head only because their
hands are occupied, whereas a person who turns on a light with
their head in the Hands-Free condition uses their head because it is
necessary or preferable. Moreover, a person who communicatively
demonstrates turning on a light with their head in the Hands-Free
condition is choosing a highly diagnostic signal that head-use is
important or preferable. Our model naturally captures these intui-
tive principles.

Model Results and Discussion

The modeling captures two key patterns in the results: (a) In
Hands-Free, head-use imitation increases from the Intentional to
Communicative conditions; and (b) in Hands-Occupied, head-use
imitation decreases from the Intentional to Communicative condi-
tions. Our model explains how these effects arise naturally when
an observer engages in pragmatic action interpretation in the Com-
municative conditions.

Figure 13B and 13C illustrates our formalization of the task. A
key aspect of the experiment we model is the difference between
the available actions in Hands-Free versus Hands-Occupied. In
Hands-Free, both Use Hand and Use Head are available, whereas
in Hands-Occupied, only Use Head is available. The differential
structure of available actions directly affects what evidence is pro-
vided about what actions are optimal. This evidence, in turn,

HO, CUSHMAN, LITTMAN, AND AUSTERWEIL

interacts with whether the observer interprets actions literally or
pragmatically. We discuss this process in the Hands-Free condi-
tions and then the Hands-Occupied conditions.

In the Hands-Free conditions, the demonstrator can use either
his hands or his head. When a literal observer sees the demonstra-
tor use his head to turn on the light, she will assume that this is
either because using one’s head is optimal, or because the demon-
strator acted suboptimally (which can always occur with some low
probability). This only causes a slight increase in her belief that
head-use is optimal since her prior belief was low and there
remains the possibility that the demonstrator acted suboptimally.
Notably, however, a pragmatic observer will draw stronger infer-
ences. This is because she assumes that the demonstrator used his
head not only for instrumental reasons (e.g., to efficiently turn on
the light), but also belief-directed reasons (e.g., to provide diag-
nostic information). Put informally, the communicative context
leads to amplification of existing inferences: The pragmatic ob-
server knows that the demonstrator wants the literal observer to
have certain inferences, which strengthens those inferences. (It is
as if the pragmatic observer reasons: “He wants me to think that
head-use is optimal, so head-use really must be optimal.”) The
communicative context also offers an explanation for seemingly
suboptimal behavior: The literal observer only attributes head-use
to suboptimality or the low-probability case of head-use being
optimal. In contrast, the pragmatic observer can attribute head-use
to the belief-directed goal to inform her that head-use is optimal.

In contrast to the Hands-Free conditions, in the Hands-Occupied
conditions, the demonstrator can only use his head. (This is known
to the observer, who can see that the demonstrator’s hands are
occupied.) To a literal observer, head-use provides evidence that
turning the light on is a goal, but it does not imply that head-use is
optimal in general. Rather, it provides evidence that one should
turn on the light, even if it requires using one’s head. Interpreted
pragmatically, the overt evidence for this becomes stronger evi-
dence that turning on the light is a goal (i.e., inferential amplifica-
tion), leading to the strong inference that one should turn on the
light (which is typically done with one’s hands).

Given the resulting observer inferences about goals and subgoals,
we simulate imitation by calculating how they would act in Hands-
Free. Figure 13E plots the probability of the literal and pragmatic
observers taking Use Head after observing the demonstrator actions
in Hands-Free versus Hands-Occupied for a particular set of param-
eters. In the online supplemental materials, we describe the formal-
ization of the task in more detail and provide an analysis across a
range of parameterizations. Overall, we find that the pragmatic
action interpretation model is able to capture the qualitative pattern
of results reported in the original experiments.

General Discussion

How do people communicate with their actions? To address this
question, we combine ideas from work on inverse planning and
linguistic pragmatics. Specifically, we develop and test an account
of communicating with one’s actions in terms of belief-directed
planning and pragmatic action interpretation. Our account formal-
izes two ideas: First, communicative demonstrations are grounded

3 Kirdly et al. (2013) use the term “Incidental” to describe this condition.
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Figure 13
Summary and Model of Kirdly et al. (2013); Experiment 1 Results
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Checks indicate a + 1 reward. (D) Empirical results in Kirdly et al. (2013). Infants differentially attempt to use their head in the Communicative condi-
tions but not the Intentional conditions. Error bars are 95% binomial confidence intervals. (E) model results. After observing either the Hands-Free or
Hands-Occupied demonstration, each observer model has a belief over the three possible utility functions, which induces an expected reward function.
This plots the observer’s softmax probability (é = 2.5) of taking Use Head from Hanps FrRee under the expected rewards. In particular, our models
capture the exaggerated difference in the communicative conditions. Panel (D) adapted from "Beyond rational imitation: Learning arbitrary means
actions from communicative demonstrations," by I. Kirdly, G. Csibra & G. Gergely, 2013, Journal of Experimental Child Psychology, 116(2), pp.
471-486. Copyright 2013 by Elsevier. Adapted with permission. See the online article for the color version of this figure.

in shared assumptions about the interpretation of instrumental
action. That is, both demonstrator and observer understand instru-
mental planning and inverse planning. Second, communicative
demonstrators rationally plan their actions based on their model of

the environment and an observer’s inverse planning. Pragmatic
action interpretation then involves reasoning about the instrumen-
tal and belief-directed intentions underlying such demonstrations.
We have shown how this model facilitates powerful forms of
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teaching and observational learning in theory and captures data
from novel and existing experiments in practice.

In Experiments 1 and 2, we used our models to predict how
people teach about novel tasks by engaging in belief-directed
planning as well as how they learn via pragmatic action interpreta-
tion. Using a combination of simulations and model-fitting, we
show a close correspondence between our account and human
behavior and judgments. Additionally, we examined three previ-
ously reported developmental studies of learning from communi-
cative demonstrations to assess the theoretical import of our
models. Each set of studies focus on learning a different decision-
making representation: Kirdly et al. (2013) examine imitation of
subgoals; Butler and Markman (2012) test learning about generic
causal properties; and Hernik and Csibra (2015) study inferring
novel tool functions. We show how these previously reported
findings can be understood in terms of belief-directed planning
and pragmatic action interpretation given particular contexts and
environmental constraints.

In short, we have developed and tested a model for characteriz-
ing communicative demonstrations that combines ideas from work
on language pragmatics and pedagogy (Frank & Goodman, 2012;
Shafto et al., 2014) with work on value-guided decision-making
and planning (Dayan & Niv, 2008; Newell & Simon, 1972). This
adds to a growing body of computational work that characterizes
the communicative aspects of nonverbal social interactions
(Ho et al., 2017, 2019). Additionally, our formal approach pro-
vides a complementary perspective to existing accounts of the evo-
lution and development of cognitive abilities supporting human
social learning (Csibra & Gergely, 2009; Tomasello et al., 2005).
In the remainder of this section, we discuss the implications of our
work for formal models of social cognition as well as our under-
standing of the cognitive mechanisms underlying human sociality.

Summary of Model Contributions

We have developed a framework for characterizing communica-
tive demonstrations that combines ideas from instrumental plan-
ning with those from pragmatic reasoning. Our approach extends
existing accounts in several ways by providing an account of how
the meaning of communicative actions are grounded as well as
how agents can reason about both the instrumental and belief-
directed effects of actions.

Grounding Communication in Instrumental Action

Our model reveals connections between communicative demon-
strations and other forms of communication, such as language and
teaching by example. For instance, in Rational Speech Act (Frank
& Goodman, 2012; Goodman & Frank, 2016; Yoon et al., 2017)
and Bayesian Pedagogy (Shafto et al., 2014) models, a transmitter
(e.g., a speaker or teacher) provides a signal (e.g., an utterance or
an example) to a receiver (e.g., a listener or learner) who must
infer an underlying message (e.g., a linguistic meaning or novel
concept). In these settings, candidate signals have a default inter-
pretation, which communicative partners can use to recursively
anticipate each others’ selection of a particular signal and interpre-
tation of that signal. In models of linguistic pragmatics, this
default interpretation is the semantics of words, while in models of
concept teaching, it is a probabilistic concept class. One way to
identify such interpretations is to estimate them empirically, for
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instance, by asking people what the expected semantics are in
nonpragmatic contexts (Frank & Goodman, 2012; Kao et al.,
2014). Alternatively, one can derive constraints on default inter-
pretations assuming the cooperative interpretation is optimal
(Yang et al., 2017). From a theoretical perspective, the default
interpretation of signals plays a critical role in determining how
interactants can coordinate on the meaning of a communicative
act.

Our model illustrates a new and powerful form of default inter-
pretation: instrumental action and inverse planning. In our model,
the default interpretations are determined by relating possible
environments that an agent occupies to a theory of instrumental
action within that environment. That is, it is derived from value-
guided decision-making, a general framework for describing the
behavior of any adaptive system or organism (Anderson, 1990;
Newell, 1982; Sutton & Barto, 1998). Prior work has established
that the capacity to recognize intentional behavior is present in
humans from a young age (Gergely & Csibra, 2003; Malle, 2008).
In recent years, various aspects of mindreading, including reason-
ing about beliefs, desires, intentions, uncertainty, appraisal, and
emotions, have been cast as probabilistic inference (Baker et al.,
2017; Kiley Hamlin et al., 2013; Ong et al., 2015). Put simply, we
propose that people can ground inferences about what a person is
trying to communicate in inferences about what she is trying to do.

Reasoning About the Instrumental and Belief-Directed
Effects of Actions

Instrumental actions are not inherently communicative, but peo-
ple can nonetheless use them communicatively. For example, con-
sider a cyclist who takes her hands off of the handlebars as she is
riding. In itself, this is a meaningless physical action. But, in the
right context, it acquires communicative meaning: Suppose that
the cyclist is riding beside her friend in the park and, while her
friend is watching, takes her hands off the handlebars without fall-
ing over. In doing so, she is effectively saying, “I do not need my
hands to stay balanced!”

Our model explains what kind of context allows inherently
“meaningless” actions to become “meaningful” via a process of re-
cursive planning and inference. Specifically, demonstrators plan
over the instrumental and belief-directed effects of their actions,
while observers infer the instrumental and/or belief-directed inten-
tions behind a demonstrator’s actions. We characterize these proc-
esses by merging a formalization of sequential decision-making
(Newell & Simon, 1972; Puterman, 1994) with a formalization of
recursive theory of mind (Baker et al., 2009; Camerer et al.,
2004).

By focusing on the interplay of instrumental and belief-directed
planning, this work builds on several existing models and suggests
new directions for research. In particular, by introducing inverse
planning as a component of a learner’s inference model, we extend
work by Shafto et al., 2014 (Experiment 3) that modeled how peo-
ple teach causal concepts, as well as work by Buchsbaum et al.,
2011 that modeled teaching action sequences. Related work by
Rafferty et al., 2016 models the role of planning over learner
beliefs to teach concepts and considers how different models of a
learner’s belief dynamics affect teaching strategies. Here, we
briefly explored observer uncertainty about the demonstrator (e.g.,
the uncertain pragmatic observer who reasons about whether
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demonstrators are communicative), but characterizing demonstra-
tor uncertainty about the observer in instrumental planning settings
is a promising direction for future work.

Connections and Future Directions

Communicative demonstrations play a key role in teaching and
social learning as well as a range of human social interactions.
Moreover, as we have argued, the mechanisms underlying com-
municative demonstration can be understood in terms of familiar
ideas from probabilistic inference (Tenenbaum & Griffiths, 2001),
model-based planning (Dayan & Niv, 2008), and cooperative com-
munication (Goodman & Frank, 2016; Shafto et al., 2014). Here,
we discuss how our account and findings connect to other active
areas of research.

First, although there is extensive research into the mechanisms
of standard instrumental planning, belief-directed planning has
been less systematically explored. In our discussion of the model,
we noted how recursive reasoning and planning are both computa-
tionally demanding processes. A promising approach will be to
ask whether, and how, the key features that enable efficient and
powerful instrumental planning in physical domains might also
extend to the case of belief-directed planning. These include
hierarchical action representations (Barto & Mahadevan, 2003;
Botvinick et al., 2009), state abstractions (Ho et al., 2019), and
function approximation (Sutton et al., 1999). Additionally, by bet-
ter understanding the computational processes involved in belief-
directed planning, we can ask whether it relies on the same cogni-
tive and neural substrates as instrumental planning, or instead on
analogous but distinct mechanisms and representations.

Second, our planning and inference models underscore the flexi-
bility of human social learning mechanisms, which can help us
understand the distinctive scale and scope of human sociality and
culture. For example, there is an emerging consensus that both
human children and certain nonhuman primates can imitate in the
strong sense of copying intentions (Whiten et al., 2009). Nonethe-
less, only humans appear to engage in “overimitation” whereby
seemingly causally irrelevant actions are still copied by an ob-
server with high fidelity (Lyons et al., 2011). Thus, precisely char-
acterizing the mechanisms underlying overimitation will be key
for understanding human cultural transmission (Clay & Tennie,
2018; Keupp et al., 2018). Our account extends previous computa-
tional proposals that attempt to provide a rational interpretation of
overimitation (e.g., Buchsbaum et al., 2011). Specifically, because
our framework allows for reasoning about whether an actor has
communicative intentions, what their content might be, and how
they plan to convey this information, it can capture different prag-
matic inferences than those of previous accounts. For instance,
interpreting an action as an ostensive cue requires recognizing that
the demonstrator is first establishing they have an intention to
communicate something and then taking actions to communicate
it. Put another way, our framework could be used to derive osten-
sive cues as components of a larger plan whose ultimate goal is to
convey information.

Additionally, our account naturally raises the question, “What
kinds of belief-directed goals do people tend to have,” and the
complementary question, “What kinds of belief-directed goals do
we tend to expect of others?” Put differently, what are the actual
and subjective priors on communicative intentions? Some existing
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theories take a strong stand on these questions. For instance, the
theory of natural pedagogy (Csibra & Gergely, 2009) proposes
that child observers treat communicative demonstrations as con-
veying relevant, generalizable information (e.g., “blickets are
magnetic”), and a number of findings support this view (Butler &
Markman, 2012; Butler & Tomasello, 2016). Our approach sug-
gests a way to understand why this might be the case: Relevant,
generalizable knowledge is useful, adults have lots of it, and
infants and children have much less. If an adult initiates communi-
cation with a child, the theory of natural pedagogy embodies a
very natural prior on the adult’s communicative intentions.
But different settings and social relationships might imply very
different distributions over communicative intentions, as we con-
sider next.

We have focused on communicative demonstrations aimed at
teaching skills, but this model applies to a much larger array of
human behaviors. Often, for instance, we use communicative
demonstrations in arbitrary contexts to convey our feelings (e.g.,
giving roses on Valentine’s Day), intellect (e.g., asking a very
technical question during a department colloquium), or income
(e.g., driving a Maserati). Such demonstrations are a form of
costly signaling (Gintis et al., 2001) and have been studied in sit-
uations ranging from information search (Hoffman et al., 2015) to
time-consuming deliberation (Jordan et al., 2016; Levine et al.,
2018) to third-party punishment (Fehrler & Przepiorka, 2013; Jor-
dan et al., 2016; Millet & Dewitte, 2007). We would expect that
many of the benefits of communicative demonstrations for teach-
ing skills carry over into these other settings. For instance, the
capacity to adaptively generate and interpret costly signals in
novel contexts may play a key role in supporting complex forms
of cooperation, coordination, and politics, much like how flexible
teaching supports enhanced cultural accumulation (Tennie et al.,
2009). Future research should explore the connections between the
mechanisms we explore here, signaling behaviors in other
domains, and the distinctive scale and scope of human sociality.

Conclusion

We have formulated and tested a computational account of com-
municative demonstrations based on rational, belief-directed plan-
ning and pragmatic action interpretation. The models we develop
build on existing theoretical work and are supported by the results
of novel experiments and previously reported findings. This
account provides insight into the mechanism of human communi-
cation, imitation, and interaction while also suggesting future
directions for examining the relationship between communicative
demonstrations and other dimensions of human sociality.
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