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Abstract

What does it mean for one person to help or hinder another? We argue that
there are at least two important factors: one, the persons’s intention, and
two, what difference their action made. While prior work has focused on
inferring helping or hindering intentions, we show here that counterfactual
simulation is critical for understanding whether someone actually helped
or hindered. We develop and test a computational model of responsibility
judgments for helping and hindering interactions that integrates intention
inference (via inverse planning) with causal attribution (via counterfactual
simulation). Experiment 1 investigates scenarios where one agent helps or
hinders another by acting on the physical environment. Experiment 2 fea-
tures more complex scenarios where one agent influences the other by signal-
ing their intentions, sometimes without acting on the physical environment.
Finally, Experiment 3 investigates how the agent who was helped or hin-
dered is held responsible depending on how they updated their beliefs about
the other from a previous interaction. Across all three experiments, respon-
sibility judgments were best captured by a model that combines intention
inferences with causal attributions.
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Introduction

Few moral ideals are as deeply ingrained as that of the Good Samaritan: someone
who kindly helps a stranger in need. Good Samaritans are commonly depicted in popular
culture, held up as role models for children, and even codied into law (e.g.

i ). These images endure because they re ect the fact
that helping is a cornerstone of human social life. Our prosociality is W|despread and near-
universal ( : ; , ; : ; , ),
sets us apart from other spemes ( , X , ),
and emerges eatrly in life ( , ; , ;

, ). While a large body of research has documented the
diverse ways in which people help one another, and |IIum|nated when and why people help
(for reviews, see e.g. ,

: ), less is understood about a more basic questlon How do people represent
the concept of helping and recognize when it happens? On the ip side, how do people
recognize acts of hindering or harming?

One in uential theory formalizes helping and hindering in terms of utility adoption
( , ; , ). This approach builds on a formal model of
action understanding that assumes that people are rational utility-maximizers (

, ). Accordingly, people act in ways that generally maximize their expected
rewards and minimize their expected costs. Social behavior arises when one agent incorpo-
rates another agent's utility into their own ( , ). For example, an agent intends

to help another agent if they choose actions that increase the other's expected utility, some-
times even at a cost to themselves. In contrast, the agent intends tdinder the other agent

if they act to decrease the other's expected utility.

This utility-based approach to action understanding not only predicts how some-
one will act given their goals and intentions, but also captures what inferences one can
make about an agent's mental states from their actions. Such mental state inferences can
be modeled computationally as Bayesian inverse planning (

, , ). Roughly,
we infer that an agent must have a goal such that thelr observed behavior is a sensible way
of achieving it. Inverse planning models accurately capture peoples inferences of helping
and hindering intentions ( , X

: ; ; )

However, intending to help is not the same as actually helping. A young child may
intend to help with grocery shopping, but ultimately slow things down compared to their
parent shopping alone. While inverse planning can recover the child's intentions to help,
it does not track whether those intentions were successfully realized. Determining whether
the child actually helped is fundamentally a causal question, and requires contrasting what
happened with what would have happened had the child not been there. Such counterfac-
tual comparisons are key to de ning what it means to help, hinder, or harm across many
domains. In philosophy, the counterfactual comparative accountof harm de nes harm as
causing someone to be worse o than they would have been otherwise ( , ;
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; , ). In computer science, researchers have argued that help-
ing and harmlng are mherently causal notions requiring counterfactual analysis (

; , §. And in the law, criminal
liability has long requwed proving not only mens rea(a guilty mind), but also actus reus(a
guilty act), distinguishing the intent to harm from the act of harm (

). Yet, while counterfactual accounts of help and harm have been proposed across these
elds, they have not been tested as a cognitive theory of how people actually understand
these concepts.

Counterfactual thinking plays a central role in causal reasoning. For example, in
the physical domain, when asked whether one ball caused another to go through a goal,
people mentally simulate how thlngs would have turned out if the rst ball had not been
there ( , ; , ;

; : ). A computational model that gen-
erates counterfactual scenarios using an intuitive physics engine (

, : but see , ) accurately captured
participants' causal judgments. Participants' causal judgments increased the more certain
they were that the counterfactual outcome would have been di erent.

In the social domain, counterfactual simulation has been argued to be important,
too ( , ; , : , ). For example, to determine what
causal role a person played in bringing about an outcome, one may consider what Would
have happened Wlthout them, or if they had acted di erently ( , ;

, ). The more likely the outcome Would have been di erent had a person
not acted as they did, the more responsible participants tended to hold them. Thoughts
about how things could have gone di erently also feature centrally in theorles of how people
explain behaV|or ( , ; ' ; , ;

, ). However, despite the theoretical parallels between physical
and social causation, no work has directly tested what role counterfactual simulation plays
for determining whether one agent helped or hindered another.

In this paper, we develop a computational model of responsibility judgments for help-
ing and hindering scenarios that goes beyond inferring an agent's intentions and incorporates
whether the agent's actions made a di erence to the outcome. The responsibility model
has two components. First, it infers an agent's intentions from its actions by inverting a
model of the agent's planning process. Second, it evaluates an agent's causal role by sim-
ulating how things would have unfolded if the agent hadn't been there. The integration
of intentions and causation is consistent with prior theories of responsibility that hlghllght
the in uence of person inferences and causal attributions ( , ;

; , ). Here, we go beyond this earlier work by formally instantiating both

LOur experiments focus on hindering (i.e. obstructing progress) rather than harming (i.e. causing
damage or injury), but we believe that counterfactual comparisons are critical for both.
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Figure 1. Overview of experiments . In Experiment 1, we investigated interactions
between a naivered , who plans only towards the star, and a naiveblue , who plans to
help or hinderred . In Experiment 2, we investigated a sophisticatedred , who additionally

infers blue 's intentions, and a sophisticatedblue , who reasons about a sophisticateded .

In Experiment 3, we studied repeated interactions and the e ect of prior beliefs about others
on responsibility judgments.

components as computations that operate over a shared underlying representation.

To test the model, we designed a dynamic environment where one agentgd ) tries
to reach a star within a limited period of time, and another agent (blue ) intends to either
help or hinder red (Figure 1). blue can move boxes, butred can't. For example, in
Figure 1A, red started in the top left corner, blue pulled a box out of red 's way, and red
succeeded in reaching the star. The agents take turns moving, antlue can only move a
box once in each scenario. We model agents at di erent levels of sophistication (

; , ). A naive red agent only reasons about the physical
world, while a sophlstlcated red infers and plans aroundblue 's intentions. This agent can,
for example, try to avoid blue or wait for blue to move a box out of the way. A naiveblue
agent plans to help or hinder a naivered , and a sophisticatedblue plans to help or hinder
a sophisticatedred . Because the sophisticatectblue is aware that the sophisticated red
maintains beliefs about it (assuming it to be naive), blue can act in ways so as to in uence
those beliefs, such as appearing to help when in fact it intends to hinder (Figure 1B).

Across three experiments, we test how well the model captures participants' judg-
ments about the agents' intentions, counterfactual outcomes, and responsibility. In Exper-
iments 1 and 2, we study how people attribute responsibility to the blue agent. Exper-
iment 1 features naive agents only, and Experiment 2 features sophisticated agents who
exhibit more complex behaviors. In Experiment 3, we investigate responsibility judgments
for both blue andred , and speci cally look at how a sophisticatedred agent may be held
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responsible for the outcome on the basis of itbeliefsabout blue 's intentions.

Computational model

We represent our setting as a set of Markov Decision Processes (MDPs), which capture
how somal interactions between rational agents unfold over time in a dynamic world (

, ; : ). We extend the MDPs to allow agents to have social goals
and presentational goals in addition to physical goals ( ,

; : ; , ). The MDP for agent
i 2 fred ;blue g at level " is the tuple

M, = hSA;T; i; i;g;R;; ;Hi; 1)

where S is the space of all statess; A is the joint action space of all pairs of actions
Ared; e ; T 1S A S| [0; 1] dictates the transition probabilities; ; 2 X is agent
i's social goal; i 2 P is agenti's presentational goal; g, 2 G is agenti's physical goal,
R{ :S A X P G! Risagenti's reward function at level *; 2 (0;1) is a reward
discount factor, and H is a nite time horizon. In total, we construct four MDPs: Mred
for the naive red , M}, for the naive blue , M2, for the sophisticated red , and M 3¢
for the sophisticated blue .

Planning

Each agent's reward function depends on the agent's actions and goals. The reward
discount encourages agents to reach their goals sooner rather than later. Theed agent
only has a physical goalg,eq , which is to reach the star, SO (¢g = req = 0. If time runs
out, then red gets partial reward based on its navigable distance from the goal (ignoring
boxes), which incentivizes it to get as close as possible. The naive and sophisticatedd
reward functions are the same; the di erence between the two agents is that the naiveed
only reasons about the physical world, while the sophisticateded infers blue 's intentions
and anticipates blue 's next possible action at each time step.

blue has no physical goal, sogyue = 0. Its social goal pue is a constant that
scalesred 's reward into some of its own reward such that when pue is positive, blue
attempts to help red , and when pe iS negative, blue attempts to hinder red . blue 's
presentational goal e is a constant that incorporates red 's beliefs about blue 's actual
social goals into some ofblue 's reward. When e is positive, blue wants to appear
helpful by maximizing red 's estimate of the value of p,e , While the opposite is true when

bue IS Negative. Rewards are computed and experienced at each timestep, blue aims
to not only achieve its presentational goal but also maintain it for as long as possible. The
naive blue agent does not have a presentational goal because it assumes a nareel who
only reasons about the world. A sophisticatedblue agent can have distinct social and
presentational goals. For example, it may want to hinder ( piue < 0) but appear helpful
( blue = 0)-

Agents recursively solve the MDPs at each level of sophistication to estimate each
other's rewards. Each MDP M, is solved by computing a state-value functionQ; (s;a; ),
which captures the expected reward the agent would receive if it were to take actioa while
in state s. Computing the Q-function requires knowing the other agent's goals and beliefs.
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However,red does not knowblue 's social goal pye and the sophisticatedblue does not
have access tared 's beliefs about itself. Thus, the agents infer these latent states from
observed actions at each timestep through a Bayesian update:
p etblue jst 1; at)lule / p af)lule jSt 1; e})lu%e p eEJIule (2)

starting from a uniform prior at t =0.

The Q-functions for each agent's MDP can then be used to generate an action plan,
or policy, that maximizes the agent's total expected reward. Both agents model the other
as having asoftmax policy where actions are selected based on the Q-function:

pajs; / exp O s;a; (3)

The inverse temperature parameter captures the agent's level of randomness while
acting, and maintains uncertainty over each agent's estimate of the other. When choosing
their own actions, agents useargmax policies where they choose the highest Q-valued action
from each possible state, starting from their initial locations. In the case of ties, agents
prefer to stay in place over any move action. If multiple move actions are tied for the
highest Q-value, then the agent selects uniformly at random among them. We assume that
these solutions approximate people's intuitive theories of how agents might interact based
on their mental states, capacmes and S|tuat|onal constraints ( ,

: ; : ; , ). To predict respon5|b|I|ty
in each scenario, we use MDPs to infer intentions and attribute causation (Figure 2).

Intention inference

To infer blue 's intentions the model computes the nal posterior on blue 's social
goal pue atthe end of each trial, which takes into account its full sequence of actions over
the H timesteps:

Intention = p efl e : (4)

For the sophisticated blue , this distribution is marginalized over the presentational goal

blue -

Causal attribution

We assume that people assess an agent's causal contribution by considering a rel-
evant counterfactual situation and simulating what would have happened in their minds
( , ; , ; , ). Here,
we consider whetherred would have succeeded ifblue hadn't been there. We simu-
late counterfactual scenarios by removingblue from the MDP and then running red's
policy. Each scenario is condltloned on the history of states and actions that actually hap-
pened ( : ; : ; , ). The model
conditions red 's counterfactual path on its actual path by repeating the actual path with
probability priow at each timestep. Once the counterfactual path deviates from the actual
path, red follows its policy in the counterfactual MDP without blue for the remaining
timesteps. More precisely, the model computes the likelihood thatred 's counterfactual
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Figure 2. Computational model of responsibility . In this scenario, red started in
the top left corner. blue pushed a box into its path, causingred to backtrack and miss
the goal in time. The model predicts how responsibléblue is for the outcome through two
processes (1)ntention inference: inferring the relative likelihood of blue 's intention to help

or hinder through Bayesian inverse planning, conditioning onblue 's observed action at each
timestep, and (2) causal attribution: running noisy counterfactual simulations about what
would have happened ifblue hadn't been there. The model combines these two processes
to predict responsibility judgments.

outcome o® 2 f successfailg without blue would have been dierent from what actually
happenedo:

Counterfactual = p(0°6 0] Myeq ): (5)

red 's policy in each simulation is softmax rather than argmax to introduce uncertainty
about red 's counterfactual behavior, controlled via an inverse temperature parameter
(Equation 3). We aggregate many noisy simulations for each scenario to get a graded
prediction for how likely red would have succeeded withoutblue .

Responsibility from intention inference and causal attribution

We propose that people hold an agent more responsible the more certain they are
that (1) the agent intended to bring about the outcome, and that (2) the agent's actions
made a di erence to the outcome (Figure 2). To predict responsibility judgments, we t a
linear combination of intention inferences and counterfactual judgments:

Responsibility = + 1 Intention + » Counterfactual,

where is an intercept and ; and » capture the relative in uence of each component.



HELPING AND HINDERING 8

Figure 3. Select trials from Experiment 1 . Participants' judgments separated by
condition (intention, counterfactual, e ort, and responsibility) on a subset of trials from
Experiment 1. Note that the scale for intention goes from de nitely hindering being 0 to
de nitely helping being 100. Each trial diagram illustrates blue 's path in light blue, box
movements with blue arrows, andred 's path with red arrows. Bars show mean ratings,
error bars are bootstrapped 95% con dence intervals, large points show model predictions,
and small points are individual judgments.

Alternative models

We compare the responsibility model to lesioned models that only include the inten-
tion or counterfactual component, as well as alternative models, such as one that considers

the amount of e ort an agent exerted ( , ). Prior work has shown
that the more e ort an agent exerted to bring about a negatlve outcome, the more neg-
atively they tended to be judged ( , , ). We model

e ort as the normalized sum of all action costs incurred, and test a model that combines
counterfactual judgments with e ort inferences in Experiment 1.
It is also possible that people assign responsibility by relying on perceptual and kine-
matic features instead of inferring mental states and simulating counterfactuals (
X , ). Causal events and social interactions are sometimes
perceived rapldly from motion cues alone ( : ;
X , ) We
constructed a heurlstlc maodel that predlcts responS|b|I|ty Judgments using a linear regres-
sion based on four features in each trial: the outcome, the number of steps thaied took,
the number of steps that blue took, and the number of steps any boxes were moved. We
chose these features because they are directly observable, related to each agent's behavior,
and do not require mental simulation to compute.

Results
Experiment 1: Naive agents

In Experiment 1, participants watched scenarios showing interactions between naive
red and blue agents, and made judgments about what happened using sliders. Between
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conditions they were either asked to judge whatblue intended to do (from de nitely
hinder to de nitely help), how likely red would have succeeded iblue hadn't been
there (from not at all to very much ), how much eort  blue exerted (from very little
to very much ), or how responsible blue was for the outcome (from not at all to very
much ). See the Methods section for the full materials.

Figure 3 shows patrticipants' judgments for a subset of scenarios. In the rst two
scenarios, participants made similar judgments about how likelyblue was helping and
how much e ort blue exerted. However,red could not have succeeded withoutblue
in scenario 1, whereas it could have in scenario 2blue was held more responsible for
the success in scenario 1 than in scenario 2. In scenario &d succeededdespite blue 's
intention to hinder, so blue was attributed little responsibility for the success. In scenarios 4
and 5, blue intended to hinder by blocking red 's access to the goal. However, iblue
hadn't been there, red would have succeeded in scenario 4 but not 5, hence the di erence
in responsibility judgments. In scenario 6, blue 's causal role was judged to be low, but
blue actually intended to help so it was not held very responsible for the failure.

Overall, the individual model components capture much of the variance in partici-
pants' counterfactual judgments (Pearsonr = 0:97, RMSE = 11:55) and intention inferences
(r =0:93 RMSE = 16:94). In addition, e ort judgments were modeled well as the total ac-

Table 1

Model ts and comparison in Experiment 1 . Estimated posterior means and 95%
credible intervals for di erent predictors in the models tested in Experiment 1. All models
included random intercepts for participants. Credible e ects are indicated with an asterisk
(meaning that the 95% credible interval excludes 0)r = Pearson correlation coe cient and
RMSE = root mean squared error. elpd shows the di erence in expected log predictive
density using approximate leave-one-out cross-validation between the best- tting model (in-
dicated by 0) and the other models, along with associated standard error. Lower numbers
represent worse performance ( , ). n best' is the number of
individual participants whose judgments were best predicted by each model.

Model Predictor Estimate r RMSE elpd (se) n best
Intercept 2.68 [ 0:74, 6.15]

Intention + Counterfactual  Intention 0.69 [0.64, 0.73] 0.93 11.80 0(0) 30
Counterfactual 0.25 [0.21, 0.29]

. Intercept 1.05[ 2:73 4.68] )

Intention Intention 0.83 [0.79, 0.87] 0.90 14.39 720 (10.6) 13
Intercept 59.11 [55.15, 63.04] 3

E ort + Counterfactual E ort 0:76[ 0:90, 0:62 0.74 21.78 3127 (26.0)
Counterfactual 0.71 [0.66, 0.76]
Intercept 42.80 [40.23, 45.39] )

Counterfactual Counterfactual  0.58 [0.53, 0.62] 0.68 23.62 3642 (30.5) 1
Intercept 107.16 [100.34, 114.46]
Outcome 6.05 [2.24, 9.69]

Heuristic red steps 837[ 9:18, 7:56] 0.65 24.59 4038 (36.8) 3
blue steps 9.68 [7.64, 11.71]

Box moves 3:12[ 9:09, 2.83]
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Figure 4. Responsibility model predictions in Experiment 1 . Participants’ mean
judgments for blue compared to model predictions that consider intentions only, counter-
factuals only, both intentions and counterfactuals, e ort instead of intentions, with coun-
terfactuals, and a heuristic model. Model predictors use participants' mean judgments from
the respective conditions. Error bars are bootstrapped 95% con dence intervals, RMSE =
root mean squared error, andr = Pearson correlation coe cient.

tion costs incurred by blue in each trial (r = 0:95, RMSE = 8:54). To predict responsibility
judgments, we t ve Bayesian linear mixed e ects models using di erent combinations of
mean intention, counterfactual, and e ort judgments as predictors (Figure 4 and Table 1).
The “intention + counterfactual' model predicts responsibility judgments best on all mea-
sures (Table 1). This model best t overall judgments (r = 0:93, RMSE = 11:80) as well
as the most individual participants (30 out of 50). Both the intention and counterfactual
predictors were positive and credible. Notably, counterfactual judgments predict responsi-
bility better when combined with intention judgments than Wlth e ort judgments. While
responsibility can be sensitive to e ort ( , , ), it addi-
tionally matters what that e ort was directed towards. Intentlons can distinguish between
e ort to bring about an outcome and e ort to prevent that same outcome (e.g. scenarios 2
vs. 3 in Figure 3).

The results of Experiment 1 indicate that responsibility for helping and hindering
is best explained by a combination of considering whatblue was intending to do and
how much of a di erence blue 's actions made to the outcome. We instantiated these two
cognitive processes in the model using inverse planning to capture intention inferences, and
counterfactual simulations to capture causal attributions. The more certain participants
were that blue intended the outcome and played a critical causal role in bringing it about,
the more responsible they heldblue . So far, we have studied relatively simple settings where
blue inuences red through direct interventions on the environment. In Experiment 2,
we ask whether the model extends to richer social dynamics where sophisticated agents
explicitly reason about each other's mental states, and wherélue can inuence red by
strategically manipulating its beliefs.

Experiment 2: Sophisticated agents

In Experiment 2, participants watched helping and hindering interactions between
sophisticated agents. A sophisticatedred agent infers blue 's intentions and can, for ex-
ample, anticipate help by waiting for blue to move a box out of the way. This enables
a sophisticatedred to succeed in scenarios where a naiveed wouldn't. A sophisticated
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Figure 5. Select trials from Experiment 2 . Participants' judgments separated by condi-
tion (intention, counterfactual, and responsibility) on a subset of trials from Experiment 2.
Note that the scale for intention goes from de nitely hindering being 0 and de nitely
helping being 100. Bars show mean ratings, error bars are bootstrapped 95% con dence
intervals, large points show model predictions, and small points are individual judgments.

blue reasons about a sophisticateded and maintains distinct social and presentational
goals. Under certain combinations of these goaldhlue can deceivered by signaling false
intentions (knowing that red assumes it to be naive; see , ;
, ). For example, in scenario 5 in Figure Bjue
initially appears to help by moving towards the box and picking it up. However, it then

Table 2

Model ts and comparison in Experiment 2 . Estimated posterior means and 95%
credible intervals for di erent predictors in the models tested in Experiment 1. All models in-
cluded random intercepts for participants. Credible e ects are indicated with an asterisk. r

= Pearson correlation coe cient and RMSE = root mean squared error. elpd shows the
di erence in expected log predictive density using approximate leave-one-out cross-validation
between the best- tting model (indicated by 0) and the other models, along with associated
standard error. "n best' is the number of individual participants whose judgments were best
predicted by each model.

Model Predictor Estimate r RMSE elpd (se) n best
Intercept 5.24 [0.48, 10.09]

Intention + Counterfactual  Intention 0.38 [0.30, 0.45] 0.92 1064 0(0) 14
Counterfactual 0.55 [0.46, 0.63]
Intercept 19.62 [15.55, 23.65] .

Counterfactual Counterfactual  0.86 [0.79, 0.93] 0.86 13.62 465 (10.2) 21

. Intercept 4.58 [ 0:30, 9.55]

Intention \ntention 0.71 [0.66, 0.77] 0.83 14.90 693 (12.8) 15
Intercept 67.29 [56.92, 77.09]
Outcome 16.72 [12.24, 21.39]

Heuristic red steps 3:69[ 458 275 0.50 23.43 2431 (22.5) O
blue steps 1:12[ 3:37, 0.94]

Box moves 17.43 [11.51, 23.69]
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Figure 6. Responsibility model predictions in Experiment 2 . Participants' mean

judgments compared to model predictions considering intentions only, counterfactuals only,
both intentions and counterfactuals, and a heuristic model. Model predictors use partic-
ipants' mean intention and counterfactual judgments. Error bars are bootstrapped 95%
con dence intervals, RMSE = root mean squared error, andr = Pearson correlation coef-
cient.

leaves the box where it is becausélue actually intended to hinder, forcing red to back-
track and ultimately fail to reach the goal. Participants recognized blue 's actual intentions
and often commented on its presentational goals (e.g. Some rounds were easy to decide as
“intended to hinder' by how crafty Blue would lure Red into a false sense that [Red] would
be helped, but then would get blocked at the right moment.).

Figure 5 illustrates participants' judgments across di erent outcomes andblue 's in-
tentions, from unequivocally helping (scenarios 1 and 2), to unequivocally hindering (sce-
narios 3 and 4), to hindering but appearing to help (scenarios 5 and 6). We dropped the
e ort condition here because it did not predict responsibility as well as intentions in Ex-
periment 1. Overall, the individual model components captured much of the variance in
participants' intention inferences (r = 0:94, RMSE = 15:56) and counterfactual judgments
(Pearsonr = 0:88, RMSE = 22:08). Using participants' intention and counterfactual judg-
ments, we tested a similar set of Bayesian models as in Experiment 1 to predict responsibility
judgments (Figure 6). Consistent with Experiment 1, the “intention + counterfactual' model
best explains overall responsibility judgments on all metrics, withr = 0:92, RMSE = 10:64,
and best cross-validation performance (Table 2). Both the intention and counterfactual
and predictors were positive and credible. However, individual participants showed more
variation in model ts, with 20 out of 50 best described by the “counterfactual' model, 16
best described by the “intention' model, and 14 best described by the full model.

One possible explanation for the greater individual variation in model ts is that par-
ticipants were more uncertain about both blue 's intentions and the counterfactual outcomes
in this experiment compared to Experiment 1. Exploratory Bayesian regression analyses
showed that participants' responses were credibly closer to the midpoint of each scale in
Experiment 2 than in Experiment 1. Intention judgments were closer by 2.08 points (95%
Crl [1.27, 2.89], Bayes FactorBF1p > 100 and counterfactual judgments were closer by
6.72 points (95% Crl [5.93, 7.49],BF 10 > 100). This increased uncertainty may re ect
the greater complexity of the agents' mental models. Intentions were harder to read when
blue 's behavior was the product socialand presentational goals, while counterfactual out-
comes may have been harder to assess when the sophisticatestl actively coordinated
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with blue rather than navigating straightforwardly toward the goal. As a result of this
increased uncertainty, participants may have di ered in which aspects they considered more
heavily when assigning responsibility. Nonetheless, the overall results replicate and extend
the ndings of Experiment 1. Responsibility judgments were again sensitive to how certain
participants were that blue made a causal di erence to the outcome, but in these scenarios,
that di erence was not limited to physical changes in the environment. When agents plan
recursively with each other in mind, it becomes possible for one agent to hinder another
one by merely a ecting its mental states.

So far, we have focusedblue 's responsibility by evaluating blue 's intentions to help
or hinder red , and considering what would have happened ifblue hadn't been there. In
Experiment 3, we additionally explore how people attribute responsibility to red . Prior
work has shown that agents are blamed more for a negatlve outcome when they could have
foreseen or prevented it ( : ), a pattern that
contributes to victim blaming when victims are faulted for not knowing better about
the perpetrator or the situation (

: ). We investigate whether such judgments can be explalned in our settlng by
simulating counterfactuals of what would have happened ifred had held a di erent belief
about blue 's intentions.

Experiment 3: Hinder me once, blame on you; hinder me twice, blame on me

To manipulate red 's prior beliefs about whether blue will try to help or hinder, we
designed trials where pairs of sophisticateded and blue agents interact twice in the same
environment. Some participants saw both rounds of interaction (vith prior condition),
while others only saw the second round rfo prior condition). We further designed two
types of trials, half in which blue attempted to help red and the other half in which blue
hindered red . In helping trials, red succeeded withblue 's help in the rst round, but
then chose di erent actions and failed in the second round. For example, in Figure 7blue
pulled a box out of red 's way in both rounds A and B, but red chose a di erent route and
failed to reach the goal in round B. In hindering trials, red failed after being hindered by
blue in both rounds in the exact same manner. For example, in Figure 7red was forced
to backtrack after its path was blocked by blue in both rounds. Note that in both types
of trials, red failed in the second round, for which participants were asked to infeblue 's
intention and assign responsibility to both agents.

With this trial design, the rst round in each trial provides evidence about blue 's

Table 3

Model ts in Experiment 3 . “Intercept’, "Condition', “Trial type', and "Interaction' show
the posterior means of each predictor along with 95% credible intervals. We contrast-coded
the condition (no prior = 1, with prior = 1) and trial type (helping = 1, hindering =1)
predictors. Both models included a random intercept for each participant.

Agent Intercept Condition Trial type Interaction

red  58.25[54.95, 61.48] 14.43 [11.16, 17.75] 17:10[ 1874, 1544 5.86 [4.29, 7.44]
blue  54.73[52.31, 57.15] 4:78[ 7:23, 2:25 25.40 [23.61, 27.18] 5:.98[ 7:87, 412
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Figure 7. Results in Experiment 3 . Participants' judgments (intention, responsibility for
blue , and responsibility for red ) across all trials of each type in each condition. Participants
in the with prior condition saw both rounds A and B of each trial, while those in theno
prior condition only saw round B. All judgments were made about round B. Bars show
mean ratings, error bars are bootstrapped 95% con dence intervals, large points show model
predictions, and small points show individual participant judgments.

intentions and creates di erent normative expectations for howred should have rationally
acted in the second round. In helping trials, red should have repeated its actions given
evidence thatblue is a helper. In hindering trials, red should have acted di erently given
evidence thatblue is a hinderer. We therefore predicted that participants in the with prior
condition would hold red more responsible in the second round becauged failed to act
according to these expectations. Participants in theno prior condition, who did not see
the rst round, would not have formed such expectations. We additionally predicted that
blue would generally be held less responsible in helping trials because it did not intend the
failure, and that responsibility would shift to red to account for this.

Figure 7 shows participants' intention and responsibility judgments grouped by trial
type. As predicted, responsibility judgments to both agents were credibly a ected by trial
type, condition, and their interaction (Table 3). Participants held red more responsible
and blue less responsible in thewith prior condition (red : 72.7 on a scale of 0-100, 95%
con dence interval (CI): [70.0, 75.2]; blue : 49.9, CI [46.6, 53.2]) compared to theno prior
condition (red : 44.0, ClI [40.7, 47.4];blue : 59.5, CI [56.2, 62.7]).red was blamed more
for failing when there was evidence that it had previously succeeded wittblue 's help or
previously been hindered byblue in the same manner. These di erences between conditions
were more pronounced in hindering trials than in helping trials. Participants also generally
held blue less responsible in helping trials (29.5, CI [26.6, 32.3]) than in hindering trials
(79.7, CI [77.3, 82.1]), and conversely helded more responsible in helping trials (75.7, CI
[73.2, 78.1]) than in hindering trials (42.0, CI [39.1, 45.2)).

We modeled inferences aboublue 's intentions in the second round of each trial by
either starting with uniform priors ( no prior condition), or using posteriors from the rst
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Figure 8. Responsibility model predictions in Experiment 3 . Participants' mean

responsibility judgments for blue (left) and red (right) compared to model predictions.
The model for blue combines participants' inferences aboutlue 's intentions and counter-
factual model predictions about what would have if blue hadn't been there. The model for
red predicts responsibility based on what would have happened ifed had held di erent

prior beliefs about blue 's intentions. Error bars are bootstrapped 95% con dence intervals,
RMSE = root mean squared error, andr = Pearson correlation coe cient.

round as priors (with prior condition). The intention model captures participants' inten-
tion judgments well (Pearsonr = 0:88, RMSE = 23:47). Intention judgments together with
counterfactual model predictions about how likelyred would have succeeded withoublue
explain responsibility judgments for blue well (Figure 8), consistent with the results from
Experiment 1 and 2. The posteriors on both the intention (M = 0:61, 95% credible interval
(Crl) [0.57, 0.65]) and counterfactual (M = 0:16, Crl [0.12, 0.20]) predictors were positive
and credible. One puzzling result is the pattern of intention judgments for hindering trials
in the with prior condition. Surprisingly, participants were more divided in their inferences
about blue 's intentions after seeing their actions twice. Nonetheless, the intention infer-
ences translated into responsibility judgments in the expected direction. The more likely
a participant inferred that blue intended to help, the less responsible they heldlue for
red 's failure to reach the goal = 0:77).

We next modeled responsibility judgments forred . red 's intentions to reach the star
are unambiguous, so we focused exclusively on the counterfactual component. Speci cally,
we considered whethered would have succeeded if it had held di erent initial beliefs about
blue 's intentions. For the no prior condition, we simulated a sophisticatedred agent in the
second round with uniform priors. This agent assigns the same initial probability to blue
being a hinderer or a helper. For thewith prior condition, we simulated a sophisticated
red initialized with posterior beliefs about blue 's intentions from the rst round, capturing
the beliefs we expect a rational agentshould haveformed. We t a softmax parameter
controlling how quickly red updates its beliefs at each timestep (

, ; , ). We predicted thated would
be held more responsible for the failure in the second round to the extent thated would
have succeeded if it had properly updated its beliefs. Counterfactual model predictions
were then t to participants' responsibility judgments via a Bayesian mixed e ects model.
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This model also performed well at capturing responsibility (Figure 8) and the posterior on
the counterfactual predictor was positive and credible M = 0:74, Crl [0.66, 0.81]).

Together, the results of Experiment 3 demonstrate that responsibility judgments can
be sensitive to an agent's prior beliefs about another agent's social intentions, and that
counterfactual contrasts provide a exible mechanism for capturing responsibility not only
to agents who act on others (e.g.blue ), but also to those who are acted upon (e.g.red ).
We applied a similar formalism to model responsibility for blue and red while implement-
ing di erent relevant counterfactual scenarios. Participants' judgments about blue were
consistent with Experiments 1 and 2, while participants held red more responsible when
they saw evidence thatred failed to anticipate blue 's helping or hindering actions. These
ndings echo the folk intuition captured in expressions such as fool me once, shame on
you; fool me twice, shame on me.

General discussion

When we explain and predict others' behavior, we naturally do so by postulating
mental states such as beliefs and intentions ( ,

). We know that others are motivated not only by phyS|caI or material goals, such as
acquiring an object, but also by social goals, like helping or hindering someone else. Such so-
cial behavior can be understood as ratlonal actions that value another agent's utility as part
of one's own ( , ; , ). Even children
might conceptualize helping and hmderlng in thls way ( , ;

: ). Here, we argue that while intention inferences are critical for understanding
helping and hindering, they are not enough. Intending to help (or hinder) is di erent from
actually helping (or hindering). Judging whether someone actually helped (or hindered)
requires understanding what di erence the agent's actions made by simulating what would
have happened in relevant counterfactual scenarios.

We found support for the critical role that counterfactual simulations play across three
experiments. Responsibility judgments in social interactions rely on both inferences about
an agent's intentions towards the other agent, and assessments of how much of a di erence
the agent made to the outcome. We presented a computational model of responsibility that
combines inverse planning to infer intentions, and counterfactual simulation to determine
causal role. Our ndings are consistent with prior work showing the in uence of both
mental state inferences and causal attributions on responsibility judgments ( , ;

: ). However, they go further by formally instantiating both components as
computations over a shared underlying representation.

The responsibility model extends prior work in three important ways. First, we
demonstrate that counterfactual reasoning, which has been shown to underlie people's causal
judgments in physical domains (

, ), plays a critical role in how people aSS|gn respon5|b|I|ty for social mteractlons
The model presented here anchors counterfactual simulations in an intuitive theory of mind
that includes explicit representations of mental states, as well as a causal understanding of
how those mental states drive actions ( , ; ).

Second, the model captures agents interacting with varying levels of theory of mind.
These range from simply optimizing another agent's physical goals ( , ),
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to recursively optimizing each other's nested social and physical goals ( , ,
), and presentational goals independent of actual social goals ( , ).

Sophisticated agents generate rich social behaviors such as anticipating another agent's

helping or hrnderrng or deceptively planning to hinder an agent by appearing to help them

( : ; : ). People hold sophisticated agents

responsible for causally in uencing another agent's beliefs (Experiment 2) and acting on

mistaken beliefs (Experiment 3).

Finally, the model exibly captures responsibility judgments to di erent social roles
using di erent counterfactual contrasts. Responsibility for blue is captured well by con-
sidering their intentions and the counterfactual scenario in which they hadn't been there.
In contrast, responsibility for red is captured by considering howred would have acted if
they had formed di erent beliefs about blue 's intentions. This relates to drstrnctrons in how
responsibility is attributed to perpetrators versus victims ( , ;

: ). Victim
blaming often arises from consrderrng how the vrctrm (rather than the perpetrator) could
have acted di erently ( , ; , ; , ;

, ), especially when their experiences
are percerved to be the consequences of their own actions ( :
, ). More broadly, people tend to be blamed more when they could
have foreseen or prevented a negative outcome from happening ( ;
, ). We show how this attribution may arise from thinking about partrcular
counterfactual contrasts over a person's mental states.

Limitations and extensions

A key open question raised by this work is how people select and construe the relevant
counterfactual contrasts in the rst place. We modeled blue 's causal role by considering
what would have happened if it hadn't been there, andred 's causal role by considering
what would have happened if it had held di erent prior beliefs about blue 's intentions.
But many other counterfactual situations could be considered instead. People can imagine
that someone could have had di erent traits ( ,

), or been replaced by someone else another person in the same role (
, ), a reasonable person ( , : , ), or even themselves (

, ). Because di erent counterfactual contrasts
can yield di erent causal Judgments ( , ; , ),
understanding how people select the most relevant one is a key avenue for future work.

Normative expectations shape how people select counterfactuals. Often, alternatives
to abnormal events come to mind more easily than to normal ones ( ,

; , ; but see :

, ; , ) Thus, di ering
expectations about how an agentshould have acted in a situation can lead to variation in
responsibility judgments ( , ). Our paradigm provides a rich testbed
for probing the role of dierent counterfactual tests for how people assign responsibility

( , ).



HELPING AND HINDERING 18

Finally, di erent counterfactual contrasts also reveal di erent ways of making a dif-
ference. People are sensitive to the dynamics of how events unfold ( , X ,

; see also : : ). For example, in scenario 4 in Flgureréd
could still have succeeded W|thoutblue by taking a slightly di erent path around the box.
blue didn't make a di erence to whether red succeeded, but did a ecthowred succeeded.
Responsibility may be sensitive to these ner-grained aspects of causation. Intentions, for
instance, may re ect the stability of a cause across varying background conditions (
, ). An agent who deliberately planned to bring about an out-
come would likely still have done so under di erent circumstances, whereas an agent who
accidentally caused the same outcome might not have ( , X

, ). Our framework prowdes a startlng point for

implementing and testlng d| erent aspects of causation in a social domain.

Conclusion

We present a computational framework for modeling responsibility judgments that
combines two cognitive processes: mental state inference and causal attribution. By embed-
ding these mechanisms in a formal model of rational planning, we explain how people make
responsibility judgments through inferring others' intentions and evaluating their causal
roles by simulating what would have happened in relevant counterfactual scenarios. Our
model accounts for patterns of human judgment across a range of social interactions where
one agent helps or hinders another. It also opens new avenues for investigating how people
construe di erent counterfactual contrasts and aspects of causation in social contexts. To-
gether, these contributions move us closer to understanding the computational principles
underlying people's evaluations of others' social acts.

Methods

All experiments were approved by the Stanford Institutional Review Board and pre-
registered on the Open Science Framework. All participants were recruited through Proli ¢
and compensated at a rate of $12/hour for completing a study. At the beginning of each
experiment, participants gave informed consent, and at the end of each experiment they
optionally shared demographic information and comments about what factors in uenced
their responses. All experiment materials and links to preregistrations are available at
https://github.com/cicl-stanford/helping_hindering

Experiment 1

Participants. We recruited 200 participants (age M = 37; SD = 12; gender. 97
female, 93 male, 9 non-binary, 1 undisclosedrace: 147 White, 19 Black/African Amer-
ican, 22 Asian, 3 American Indian/Alaska Native, 1 Native Hawaiian/Paci c Islander, 3
Multiracial, 5 undisclosed). They were assigned to theintention, counterfactual, e ort , or
responsibility conditions with n =50 in each.
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Design. We designed 30 trials by manipulating three factors: blue 's intention,
the actual outcome, and the counterfactual outcome (see Supplementary Information for
details). We manipulated scenarios such that the model's posterior orblue 's intention

bue Was relatively certain that blue helped, relatively certain that blue hindered, or
ambiguous. red 's actual outcome was either a success or a fail, anded 's outcome in
the relevant counterfactual situation would have either been a success, a failure, or close
(de ned as succeeding with exactly zero time steps left). For example, scenario 1 in Figure 3
shows a trial in which blue intended to help, the actual outcome was a success, and the
counterfactual outcome would have been a fail.

Procedure.  Participants were guided through instructions with an example trial
and then answered four comprehension questions. They had to answer all four questions
correctly in order to proceed to the main task. Otherwise, they were redirected to the
beginning of the instructions. During the main task, they saw 30 trials featuring a newred
and blue agent each time in a randomized order.

On each trial, participants clicked through a step-by-step animation and then an-
swered a question about what happened using a continuous slider response scale. In the
intention condition, participants were asked What was blue intending to do? with the
slider ranging from de nitely hinder red (0) to unsure at the midpoint (50) to de -
nitely help red (100). In the counterfactual condition, participants were asked how much
they agreed with the statement that red [would have / would still have] succeeded ifblue
hadn't been there, with the slider endpoints labeled not at all (0) and very much (100).

We used would have if the actual outcome was a fail and would still have if it was a
success. In thee ort condition, participants were asked How much e ort did blue ex-
ert? with the slider ranging from very little (0) to very much (100). Finally, in
the responsibility condition, participants were asked How responsible washblue for red 's
[success/fail]? with the slider ranging from not at all (0) to very much (100). The
experiment took an average of 13.4 minutes (SB= 6.1) to complete.

Experiment 2

Participants. We recruited 150 participants (age M = 38; SD = 12; gender. 78
female, 64 male, 4 non-binary, 4 undisclosedace: 102 White, 20 Black/African American,
14 Asian, 1 American Indian/Alaska Native, 7 Multiracial, 6 undisclosed). They were
assigned to theresponsibility, counterfactual, or intention condition with n = 50 in each.

Design. We designed 24 trials by manipulating three factors: blue 's intention,
the actual outcome, and the counterfactual outcome (see Supplementary information for
details). blue 's intention was to either help ( pue > 0, biwe > 0), hinder ( pue < O,

bue < 0), or fake help ( pue < 0, pwe > 0). The actual outcome was either a success
or fail, and the counterfactual outcome was either a success, a fail, or a close. For example,
scenario 1 in Figure 5 shows a trial in whichblue had intentions to fake help, and red
failed but would have succeeded withoutblue .

Procedure.  The procedure was identical to that of Experiment 1. In each trial,
participants were asked to make judgments about how responsiblelue was for the out-
come, how much they agreed thatred would have succeeded iblue hadn't been there, or
what blue was intending to do, depending on the condition. On average, the experiment
took 13.5 minutes (SD= 5:4) to complete.
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Experiment 3

Participants. We recruited 100 participants (age M = 37; SD = 13; gender. 48
female, 50 male, 2 undisclosedrace: 68 White, 16 Black/African American, 9 Asian, 4
Multiracial, 3 undisclosed). They were assigned to thewith prior or no prior conditions
with n =50 in each.

Design. We designed two types of trials: blue was either a helper or a hinderer.
Importantly, blue 's intentions were consistent and it always took the same actions in both
rounds. In helping trials, red succeeded in the rst round, but failed in the second round
after seemingly ignoring blue 's help. For instance, in the helping example in Figure 7,
blue pulled a box out of red 's way in both rounds but in round B red attempted to take
a di erent path to the goal and failed. In hindering trials, the two rounds were e ectively
identical. In the hindering example in Figure 7, blue pushed a box intored 's way in
round A, forcing red to backtrack and fail. In round B, red failed again in the exact same
manner. We designed six trials of each type for a total of 12 trials.

Procedure.  The procedure was similar to Experiments 1 and 2. After correctly
answering comprehension questions following the instructions, participants were shown 12
di erent trials in a randomized order. In the with prior condition, each trial consisted of two
rounds of the agents interacting (see Figure 1). Participants clicked through a step-by-step
animation of the rst round and were then asked Now that you have seen this trial, what
do you think red should do in Round 2?. They responded on a continuous slider from
do the same thing (0) to try something di erent (100). Then, they clicked through the
second round and were asked three new questions. The rst question read, Now that you
have seen this trial, do you think blue is a hinderer or a helper? with a response slider
ranging from de nitely a hinderer (0) to unsure at the midpoint (50) to de nitely a
helper (100). The second question read How responsible wablue for the [success/fail]
in this round? , with the slider ranging from not at all (0) to very much (100). The
third question was the same as the second, but asked about responsibility foed instead.
Participants had access to their response from the rst round and video replays of both
rounds.

The no prior condition was similar except that each trial only featured the second
round of each pair of agents, along with the same three questions aboutlue 's intentions
and responsibility for both agents. The experiment took an average of 17.9 minutes (SB
9:5) to complete.
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Supplementary information
Modeling details

Each state s in our deterministic environment is a function of the locations of the
red and blue agents, the locations of all boxes, whether theblue agent is holding a box,
whether the blue agent has already moved the box, whose turn it is, and the number of
timesteps remaining. Both agents incur a constant costc(a) for each action taken at each
timestep.

Naive red planning. The naivered agent has level’ =0 and gets a small prox-
imity reward reg at each timestep that is a function of its shortest navigable distance from
the goal, ignoring all boxes. The closer it is to the goal, the higher this reward.red also
gets a large terminal rewardr Ly when the episode ends, either because it reaches the goal
or because time runs out. Ifred has not reached the goal by timeT, then its terminal
reward also depends on its distance from the goal. This reward structure encouragesd
to get as close to the goal as possible, as soon as possible, even when a box makes the goal
technically impossible to reach. Together, the reward function is

R (S;@red ) = Fred (S;Gred ) + g (SiGred)  C(@red ): (6)

Note that this does not depend onblue 's actions or goals, so the MDPM 2, reduces to a
ordinary MDP. That is, the naive red computes the Q-function
X
QRed (S';@feq) = Rieg S'i@leq + T s aleq;s™ maxQpy s ardg (7)
st+l Ared
according to the Bellman Optimality Equation. red then forms an optimal policy by
selecting the highest Q-valued action in each state, i.e. %4 (s) = arg max , Q%4 (s; ).
Naive blue planning. The naive blue agent has level = 1 since it reasons about
a naivered at * =0. It gets a social reward based on an estimate ofed 's reward:

Ré|ue S;Alue s blue = blue FQPed S; Ared c(aplue ): (8)

The sign and magnitude of pe dictate blue 's behavior towards red . When e is

positive, blue attempts to maximize red 's reward by engaging in helping behavior, such
as pulling aside a box to enablered to get closer to the goal (as this increases its own
reward). When e is negative,blue tries to minimize red 's reward. blue computes the

Q-function:

1 . . — 1 . . 1 Q.
leue Sv ablue »  blue - Rblue Sl ablue y  blue + V blue S y  blue (9)
where the value function is given by
X
1 Q - <0 1 00,0 . :
Voiue S blue = Qred | S Max Qblue S 7 Apjue 5 blue - (10)

areq | —12—— 8plue

Equation 3

This is the standard Bellman Optimality Equation adapted to account for turn-taking.
blue 's action ape brings the state to s° then red 's action aeq brings the state to s%°
from which blue considers its next actionad, . . blue predicts red 's possible actions by
solving M 2, to obtain an estimate of ®%,, and then assumes thatred selects from a
softmax of this function (Equation 3).
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Sophisticated red planning.  The sophisticatedred at level * =2 has the same
reward function as the naivered . The di erence between the agents is that the sophisticated
red additionally models the naive blue 's policy when computing its Q-function:

Qrzed Sidred = ered S;dred Tt Vrgd SO: (11)

Suppose that at the previous states !, blue took action a,l, to get to the current state
s. Then, the value function is computed as an expectation over estimates oblue 's actual
social goal andblue 's next possible action given those estimates:

X X
2 0 _— ; 1. 1 ¢ <0 2 00,0 .
Viea S° = |0 €blue | {SZ 7ablue} |Oab|ue J{ZS,eblue max Qfed Shaweq - (12
a red
Eolue Equation 3 blue Equation 2

red has two softmax inverse temperature parameters that independently control the un-
certainty in these estimates.

Sophisticated blue planning.  The sophisticated blue agent's reward function is
similar to the naive blue , but additionally includes a presentational social reward based on
an estimate of red 's belief about blue 's social goal.

Rglue (S; @lue 5 blue ; blue ) = (13)

2 e p t o .
blue Ried (Si@red)* bue P €buue = SION piue c(aplue ):

Here,p(efe = biue ) iS the sophisticatedblue 's estimate of the sophisticatedred 's belief
that blue 's (who it assumes to be naive) social goal is equal to its presentational goal.
For example, if e IS positive, then blue attempts to appear helpful by maximizing the
likelihood that red thinks its social goal epe is positive, regardless of what its true social
goal pe is. The sophisticated blue 's Q and V functions are similar to the naive blue
(Equations 9 and 10), but reason over a sophisticateded .

Parameters.  Both agents can move up, down, left, or right, or stay in place. All
agents incur a xed cost of 1 on each timestep. blue can additionally pick up, push, pull,
or put down boxes, and incurs an additional cost for picking up boxes {1 in Experiment 1,
and +0:5 in Experiments 2 and 3). red cannot take any actions involving boxes. We set
red 's proximity reward function ryeg = 0:5 0:94(Si%ed) to decay exponentially as a function
of d(s; ged ), the shortest navigable distance fromred 's location in state s to the goal,
ignoring all boxes. red 's terminal reward function rLy =20 0:9%Sged) follows a similar
exponential shape.

We solved for each agent's Q and V functions using model-based planning. For all
experiments, we used pue = 1 for blue 's actual social goal, which scales an estimate
of red 's reward, and e = 13 for the sophisticated blue 's presentational social goal,
which scales an estimate of the sophisticateded 's belief about blue 's actual social goal (a
value between 0 and 1). All agents besides the naiveed used a softmax inverse tempera-
ture of =3 in estimating lower-leveled agents' policies from their estimated Q functions
(Equation 3). The sophisticated red and blue agents used an inverse temperature of

= 0:5 in updating intention beliefs in Experiment 2 (Equation 2).

For predicting intention inferences, the model used a softmax inverse temperature of

=1:8in Experiment 1, = 1:2in Experiment 2, and = 1:0 in Experiment 3. These
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values were t by minimizing the squared error between model predictions and mean judg-
ments. For predicting causal attributions, we ran 1000 counterfactual simulations for each
trial in all experiments. All simulations used a probability of following the observed history
Prolow = 0:1 on each timestep, and an inverse temperature of = 2:3 in Experiment 1 and

=1:2in Experiments 2 and 3 to capture uncertainty in agents' policies. In Experiment 3,
the sophisticated red agent used = 0:01 for updating beliefs about blue 's intentions.
These values were again t by minimizing the squared error between model predictions and
mean judgments.

Data analysis. = When tting intention and counterfactual judgments to predict re-
sponsibility, we re-coded values to account for the outcome. Recall that the model considers
how likely the counterfactual outcome would have been di erent from the actual outcome.
If the actual outcome was a success, then we ipped counterfactual judgments (subtracted
from 100) to represent how likelyred would have failed had blue not been there. We kept
the raw intention judgments because the model predicts that the more clear it was that
blue was helping, the more responsiblélue is for the success. If the actual outcome was
a fail, then we kept the raw counterfactual judgments because they correctly express how
likely participants thought the outcome would have been dierent. We ipped intention
inferences to indicate how congruent the intention was with intending failure, i.e. the more
clear it was that blue was hindering, the more responsible it is for the fail. All mixed e ects
models reported in this paper were written in Stan ( , ) and speci ed
with the brms package ( : ) INR( : ).

Experiment 1 additional information

All experiments in this paper were programmed in jsPsych (
, ). Participants were required to answer the following comprehension
guestions correctly before moving on to the test trials.

1. True or False: The goal of both players is to reach the star rst.
Correct answer: False

2. Which of the following is possible in [sample scenario]? (Ajed can walk around the
box. (B) red can push the box out of the way. (C) blue can pull the box out of
red 's way.

Correct answer: C only

3. True or False: blue can either help or hinderred using the boxes.
Correct answer: True

4. Which of the following can pass through each other in the same grid? (Ayed and a
box. (B) red and blue . (C) blue and a box.
Correct answer: B only

The trials covered ten di erent combinations of blue 's intentions, the actual outcome, and
the counterfactual outcome:

hindering intention, actual success, counterfactual success
hindering intention, actual fail, counterfactual success
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hindering intention, actual fail, counterfactual close
hindering intention, actual fail, counterfactual fail

unsure intention, actual success, counterfactual success
unsure intention, actual fail, counterfactual fail

helping intention, actual success, counterfactual success
helping intention, actual success, counterfactual close
helping intention, actual success, counterfactual fail
helping intention, actual fail, counterfactual fail

We designed three trials for each combination for a total of 30 trials. See Figure 9 for results
for all trials.

Experiment 2 additional information

The comprehension questions were identical to those in Experiment 1. The trials
covered 12 di erent combinations of blue 's intentions, the actual outcome, and the coun-
terfactual outcome:

helping intention, actual success, counterfactual success
helping intention, actual success, counterfactual close
helping intention, actual success, counterfactual fail
helping intention, actual fail, counterfactual fail

hindering intention, actual success, counterfactual success
hindering intention, actual fail, counterfactual success
hindering intention, actual fail, counterfactual close
hindering intention, actual fail, counterfactual fail

fake helping intention, actual success, counterfactual success
fake helping intention, actual fail, counterfactual success
fake helping intention, actual fail, counterfactual close

fake helping intention, actual fail, counterfactual fail

A fake helping intention is de ned as having a social goal of hindering and a presentational
goal of appearing helpful. A counterfactual close outcome is a counterfactual success with
exactly zero timesteps left. We designed two trials for each combination for a total of 24
trials.

See Figure 10 for results for all trials.

Experiment 3 additional information

The comprehension questions were identical to those in Experiment 1. In thevith
prior condition, we added an additional comprehension question:
5. True or False: red and blue will play two rounds of the game.
Correct answer: True

We designed 6 helping trials, whereblue helpedred in both rounds but red took alter-
native paths in the second round, and 6 hindering trials, whereblue hinderedred in both
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rounds. For participants in the with prior condition, judgments after the rst round about
what red should do next on a scale from do the same thing (0) to try something di er-
ent (100) were signi cantly lower in helping trials (M = 9:6; SD = 19:8) than in hindering
trials (M =90:2; SD = 19:6), t(597:96) = 50:2, p < 0:001L This suggests that participants
did form strong expectations about howred should have acted in the second round. See
Figure 11 for intention and responsibility judgments for all trials.
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Figure 9. Results on all trials in Experiment 1 . Participants' judgments separated
by condition (counterfactual, intention, e ort, and responsibility) on all trials from Exper-
iment 1. Bars show mean ratings, error bars are bootstrapped 95% con dence intervals,
large points show model predictions, and small points are individual judgments.
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