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food trucks: Korean, Lebanese or Mexican. The university provides 
only two parking spots, so at most two trucks can be on campus on 
any given day; parking spots can also remain empty if only one truck 
comes to campus that day. When the student leaves his office (Frame 1),  
he can see that the Korean truck is parked in the near spot in the 
southwest corner of campus. The Lebanese truck is parked in the 
far spot in the northeast corner of campus, but he cannot see that, 
because it is not in his direct line of sight. Suppose that he walks 
past the Korean truck and around to the other side of the building, 
where he can now see the far parking spot: he sees the Lebanese 
truck parked there (Frame 2). He then turns around and goes back 
to the Korean truck (Frame 3). What can an observer infer about 
his mental state: his desires and his beliefs? Observers judge that 
he desires Mexican most, followed by Korean, and Lebanese least 
(Fig. 1a: desire bar plot). This is a sophisticated mentalistic infer-
ence, not predicted by simpler (non-mentalistic) accounts of goal 
inference that posit goals as the targets of an agent’s efficient (short-
est path) reaching or locomotion. Here, the agent’s goal is judged to 
be an object that is not even present in the scene. The agent appears 
to be taking an efficient path to a target that is his mental represen-
tation of what is behind the wall (the Mexican truck); and when he 
sees what is actually there, he pauses and turns around. Consistent 
with this interpretation, observers also judge that the student’s  

initial belief was most likely to be that the Mexican truck was in the 
far parking spot (Fig. 1a: belief bar plot).

These inferences have several properties that any computational 
model should account for. First, our inferences tacitly assume that 
the agent under observation is approximately rational28 — that 
their behaviour will use efficient means to achieve their desires 
while minimizing costs incurred, subject to their beliefs about the 
world, which are rational functions of their prior knowledge and 
their percepts. Second, these inferences are genuinely metarepre-
sentational7,29 — they represent other agents’ models of the world, 
and their beliefs about and desires toward actual and possible world 
states. Third, these inferences highlight the three crucial causal roles 
that define the concept of belief in theory of mind4,10: beliefs are the 
joint effects of (1) the agent’s percepts and (2) their prior beliefs, 
and also (3) the causes of the agent’s actions (Fig. 1b). These mul-
tiple causal roles support multiple routes to inference: beliefs can 
be inferred forward from inferences about an agent’s percepts and 
priors, or backward from an agent’s observed actions (and inferred 
desires), or jointly forward and backward by integrating available 
information of all these types. Joint causal inferences about the situ-
ation, how an agent perceives it, and what the agent believes about 
it are critical: even if we could not see the far side of the building, 
we could still infer that a truck is located there if the student goes 
around to look and does not come back, and that whichever truck is 
there, he likes it better than the Korean truck. Finally, core mentaliz-
ing inferences are not simply qualitative and static but are quantita-
tive and dynamic: the inference that the student likes Mexican after 
Frame 2 is stronger than in Frame 1, but even stronger in Frame 3, 
after he has turned around and gone back to the Korean truck.

We explain these inferences with a formal model-based account 
of core mentalizing as Bayesian inference over generative models 
of rational agents perceiving and acting in a dynamic world. Below, 
we first describe the basic structure of this BToM model, along 
with several candidate alternative models. We then present two 
behavioural experiments showing that the BToM model can quan-
titatively predict people’s inferences about agents’ mental states in 
a range of parametrically controlled scenarios similar to those in 
Fig. 1a. Experiment 1 tests people’s ability to jointly attribute beliefs 
and desires to others, given observed actions. Experiment 2 tests 
whether people can use their ToM to reason jointly about others’ 
beliefs, percepts and the state of the world.

Computational models
The BToM model formalizes mentalizing as Bayesian inference over 
a generative model of a rational agent. BToM defines the core rep-
resentation of rational agency (Fig. 1b) using partially observable 
Markov decision processes (POMDPs): an agent-based framework 
for rational planning and state estimation30, inspired by the classi-
cal theory of decision-making by maximizing expected utility31, but 
generalized to agents planning sequential actions that unfold over 
space and time with uncertainty due to incomplete information. 
POMDPs capture three central causal principles of core mentaliz-
ing highlighted by Fig. 1b: a rational agent (I) forms percepts that 
are a rational function of the world state, their own state and the 
nature of their perceptual apparatus — for a visually guided agent, 
anything in their line of sight should register in their world model  
(perception); (II) forms beliefs that are rational inferences based on 
the combination of their percepts and their prior knowledge (infer-
ence); and (III) plans rational sequences of actions — actions that, 
given their beliefs, can be expected to achieve their desires effi-
ciently and reliably (planning).

BToM integrates the POMDP generative model with a hypothesis 
space of candidate mental states, and a prior over those hypotheses, 
to make Bayesian inferences of beliefs, desires and percepts, given an 
agent’s behaviour in a situational context. More formally, a POMDP 
agent’s beliefs are represented by a probability distribution over states 
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Figure 1 | Experimental scenario and model schema. a, ‘Food-trucks’ 
scenario, using animated two-dimensional displays of an agent navigating 
through simple grid-worlds. The agent is marked by a triangle, three trucks 
are marked by letters (K, Korean; L, Lebanese; M, Mexican), parking spaces 
are marked by yellow regions, and buildings (which block movement and 
line of sight visibility) are marked by black rectangles. Frames 1–3 show 
several points along a possible path the agent could take, on a day when 
the K and L trucks are present but the M truck has not come to campus. 
The agent leaves his office where he can see the K truck (Frame 1), but 
walks past it to the other side of the building where he sees the L truck 
parked (Frame 2); he then turns around and goes back to the K truck 
(Frame 3). Which is his favourite truck? And which truck did he believe was 
parked on the other side of the building? Red bar plots show mean human 
judgements about these desires and beliefs, with standard error bars after 
viewing the agent’s path up to Frame 3. Desire ratings were given for each 
food truck (K, L, M), and belief ratings were given for the agent’s initial 
belief about the occupant of the far parking spot (L, M or nothing (N)). 
All ratings were on a 7-point scale. In this scenario, participants (n =  16) 
judged that the agent most desired the M truck, and that he (falsely) 
believed that it was probably present in the far spot. Our BToM model (blue 
bars) predicts these judgements and analogous ones for many other scenarios 
(see Figs 4, 6). b, Folk-psychological schema for theory of mind. BToM 
formalizes this schema as a generative model for action based on solving a 
partially observable Markov decision process, and formalizes mentalizing 
as Bayesian inference about unobserved variables (beliefs, desires, 
percepts) in this generative model, conditioned on observed actions.
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food trucks: Korean, Lebanese or Mexican. The university provides 
only two parking spots, so at most two trucks can be on campus on 
any given day; parking spots can also remain empty if only one truck 
comes to campus that day. When the student leaves his office (Frame 1),  
he can see that the Korean truck is parked in the near spot in the 
southwest corner of campus. The Lebanese truck is parked in the 
far spot in the northeast corner of campus, but he cannot see that, 
because it is not in his direct line of sight. Suppose that he walks 
past the Korean truck and around to the other side of the building, 
where he can now see the far parking spot: he sees the Lebanese 
truck parked there (Frame 2). He then turns around and goes back 
to the Korean truck (Frame 3). What can an observer infer about 
his mental state: his desires and his beliefs? Observers judge that 
he desires Mexican most, followed by Korean, and Lebanese least 
(Fig. 1a: desire bar plot). This is a sophisticated mentalistic infer-
ence, not predicted by simpler (non-mentalistic) accounts of goal 
inference that posit goals as the targets of an agent’s efficient (short-
est path) reaching or locomotion. Here, the agent’s goal is judged to 
be an object that is not even present in the scene. The agent appears 
to be taking an efficient path to a target that is his mental represen-
tation of what is behind the wall (the Mexican truck); and when he 
sees what is actually there, he pauses and turns around. Consistent 
with this interpretation, observers also judge that the student’s  

initial belief was most likely to be that the Mexican truck was in the 
far parking spot (Fig. 1a: belief bar plot).

These inferences have several properties that any computational 
model should account for. First, our inferences tacitly assume that 
the agent under observation is approximately rational28 — that 
their behaviour will use efficient means to achieve their desires 
while minimizing costs incurred, subject to their beliefs about the 
world, which are rational functions of their prior knowledge and 
their percepts. Second, these inferences are genuinely metarepre-
sentational7,29 — they represent other agents’ models of the world, 
and their beliefs about and desires toward actual and possible world 
states. Third, these inferences highlight the three crucial causal roles 
that define the concept of belief in theory of mind4,10: beliefs are the 
joint effects of (1) the agent’s percepts and (2) their prior beliefs, 
and also (3) the causes of the agent’s actions (Fig. 1b). These mul-
tiple causal roles support multiple routes to inference: beliefs can 
be inferred forward from inferences about an agent’s percepts and 
priors, or backward from an agent’s observed actions (and inferred 
desires), or jointly forward and backward by integrating available 
information of all these types. Joint causal inferences about the situ-
ation, how an agent perceives it, and what the agent believes about 
it are critical: even if we could not see the far side of the building, 
we could still infer that a truck is located there if the student goes 
around to look and does not come back, and that whichever truck is 
there, he likes it better than the Korean truck. Finally, core mentaliz-
ing inferences are not simply qualitative and static but are quantita-
tive and dynamic: the inference that the student likes Mexican after 
Frame 2 is stronger than in Frame 1, but even stronger in Frame 3, 
after he has turned around and gone back to the Korean truck.

We explain these inferences with a formal model-based account 
of core mentalizing as Bayesian inference over generative models 
of rational agents perceiving and acting in a dynamic world. Below, 
we first describe the basic structure of this BToM model, along 
with several candidate alternative models. We then present two 
behavioural experiments showing that the BToM model can quan-
titatively predict people’s inferences about agents’ mental states in 
a range of parametrically controlled scenarios similar to those in 
Fig. 1a. Experiment 1 tests people’s ability to jointly attribute beliefs 
and desires to others, given observed actions. Experiment 2 tests 
whether people can use their ToM to reason jointly about others’ 
beliefs, percepts and the state of the world.

Computational models
The BToM model formalizes mentalizing as Bayesian inference over 
a generative model of a rational agent. BToM defines the core rep-
resentation of rational agency (Fig. 1b) using partially observable 
Markov decision processes (POMDPs): an agent-based framework 
for rational planning and state estimation30, inspired by the classi-
cal theory of decision-making by maximizing expected utility31, but 
generalized to agents planning sequential actions that unfold over 
space and time with uncertainty due to incomplete information. 
POMDPs capture three central causal principles of core mentaliz-
ing highlighted by Fig. 1b: a rational agent (I) forms percepts that 
are a rational function of the world state, their own state and the 
nature of their perceptual apparatus — for a visually guided agent, 
anything in their line of sight should register in their world model  
(perception); (II) forms beliefs that are rational inferences based on 
the combination of their percepts and their prior knowledge (infer-
ence); and (III) plans rational sequences of actions — actions that, 
given their beliefs, can be expected to achieve their desires effi-
ciently and reliably (planning).

BToM integrates the POMDP generative model with a hypothesis 
space of candidate mental states, and a prior over those hypotheses, 
to make Bayesian inferences of beliefs, desires and percepts, given an 
agent’s behaviour in a situational context. More formally, a POMDP 
agent’s beliefs are represented by a probability distribution over states 
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Figure 1 | Experimental scenario and model schema. a, ‘Food-trucks’ 
scenario, using animated two-dimensional displays of an agent navigating 
through simple grid-worlds. The agent is marked by a triangle, three trucks 
are marked by letters (K, Korean; L, Lebanese; M, Mexican), parking spaces 
are marked by yellow regions, and buildings (which block movement and 
line of sight visibility) are marked by black rectangles. Frames 1–3 show 
several points along a possible path the agent could take, on a day when 
the K and L trucks are present but the M truck has not come to campus. 
The agent leaves his office where he can see the K truck (Frame 1), but 
walks past it to the other side of the building where he sees the L truck 
parked (Frame 2); he then turns around and goes back to the K truck 
(Frame 3). Which is his favourite truck? And which truck did he believe was 
parked on the other side of the building? Red bar plots show mean human 
judgements about these desires and beliefs, with standard error bars after 
viewing the agent’s path up to Frame 3. Desire ratings were given for each 
food truck (K, L, M), and belief ratings were given for the agent’s initial 
belief about the occupant of the far parking spot (L, M or nothing (N)). 
All ratings were on a 7-point scale. In this scenario, participants (n =  16) 
judged that the agent most desired the M truck, and that he (falsely) 
believed that it was probably present in the far spot. Our BToM model (blue 
bars) predicts these judgements and analogous ones for many other scenarios 
(see Figs 4, 6). b, Folk-psychological schema for theory of mind. BToM 
formalizes this schema as a generative model for action based on solving a 
partially observable Markov decision process, and formalizes mentalizing 
as Bayesian inference about unobserved variables (beliefs, desires, 
percepts) in this generative model, conditioned on observed actions.
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2 背景 
 本章では, 本研究を提案するにあたっての背景について述べ, 本研究を進める上での主
題を明らかにする. 
2.1 エージェントによるタスク実行 
 本節では, 人間がエージェントにタスクを実行させるという問題に関する研究や知識を
紹介する. 
2.1.1 エージェントマイグレーション 
エージェントマイグレーションとは, 環境内のデバイス間の相互通信を行って, エージ

ェントがあるデバイスから別のデバイスへと移動することである(図 2.1). 環境内のさまざ
まなデバイスにエージェントを移動させてタスクを実行させることで, 理想的には 1 体の
エージェントに対して指示を与えるだけで, 環境内の全てのデバイスを操作することが可
能となる. パーソナルエージェントがマイグレートすることを想定すると, エージェント
が多様なデバイスにマイグレートして姿を変えながらタスクを実行することで, 慣れ親し
んだエージェントによる継続的なユーザ支援を行うことができると考えられる. また, ユ
ーザとエージェントの間に友情関係や信頼関係といった関係性が既に築かれているなら, 
そのエージェントがデバイスにマイグレートして操作することで, ユーザはそのデバイス
自体に対しても, 一定の親近感や信頼感をもって接することができると考えられる. この
ように, エージェントマイグレーションには, 人と人工物のインタラクションをより円滑
にすることができる潜在的な可能性がある. 

 
図 2.1 エージェントマイグレーションシステム 
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 本章では, 本研究を提案するにあたっての背景について述べ, 本研究を進める上での主
題を明らかにする. 
2.1 エージェントによるタスク実行 
 本節では, 人間がエージェントにタスクを実行させるという問題に関する研究や知識を
紹介する. 
2.1.1 エージェントマイグレーション 
エージェントマイグレーションとは, 環境内のデバイス間の相互通信を行って, エージ

ェントがあるデバイスから別のデバイスへと移動することである(図 2.1). 環境内のさまざ
まなデバイスにエージェントを移動させてタスクを実行させることで, 理想的には 1 体の
エージェントに対して指示を与えるだけで, 環境内の全てのデバイスを操作することが可
能となる. パーソナルエージェントがマイグレートすることを想定すると, エージェント
が多様なデバイスにマイグレートして姿を変えながらタスクを実行することで, 慣れ親し
んだエージェントによる継続的なユーザ支援を行うことができると考えられる. また, ユ
ーザとエージェントの間に友情関係や信頼関係といった関係性が既に築かれているなら, 
そのエージェントがデバイスにマイグレートして操作することで, ユーザはそのデバイス
自体に対しても, 一定の親近感や信頼感をもって接することができると考えられる. この
ように, エージェントマイグレーションには, 人と人工物のインタラクションをより円滑
にすることができる潜在的な可能性がある. 
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Figure 2. έʔεελσΟͷ֓ཁ

ਓͷ࣌ؒ஌֮ʹؔ͢Δڀݚ͸ߦΘΕ͍ͯΔ [10]͕ɼ۩
ମతͳλεΫͷॴཁ࣌ؒΛਪఆ͢Δڀݚ͸ͳ͞Ε͍ͯͳ
͍ɽΑͬͯɼਓ͕૝ఆͨ͠λεΫͷॴཁ࣌ؒΛਪఆ͢Δ
ؔ਺Λ࡞੒͠ɼͦΕʹ͖ͮجHelpΛٻΊΔ͔Ͳ͏͔Λܾ
ఆ͢Δඞཁ͕͋Δɽ

2.3.1 ૝ఆڥ؀

ຊڀݚͰ͸ɼϩϘοτ͕ɼਓͱϩϘοτͷͦΕͧΕͷ
λεΫͷॴཁ࣌ؒΛྀߟʹೖΕͳ͕ΒɼڠௐλεΫΛߦ
͏৔໘Λѻ͏ୈҰาͱͯ͠ɼ࣍ʹઆ໌͢Δཁ݅Λຬͨ͢
ঢ়گઃఆͷԼͰ׆ಈ͢ΔϩϘοτΛ૝ఆ͢Δɻ
ຊڀݚͰ͸ਓͱϩϘοτͷڠௐλεΫͱͯ͠ɼਤ 3ͷ

Α͏ͳย෇͚λεΫΛ͑ߟΔɽϩϘοτ͕চʹམ͍ͪͯ
ΔࢴΰϛΛऽͬͯΰϛശͷதʹೖΕΔ๣Βɼਓ͸صͷ্
Εͨখ౾ΛϘ΢ϧͷதʹೖΕΔɽਓ͕ϩϘοτΛ͔ࢃʹ
ॿ͚ΔͨΊͷಈػΛ࣋ͨͤΔͨΊɼڠௐλεΫશମͷॴ
ཁ࣌ؒΛૣ͘ऴΘΒͤΔ͜ͱΛΰʔϧͱ͢Δɽ·ͨɼࠓ
ճ͸ɼਓɾϩϘοτͷ૒ํ͕λεΫͷॴཁ࣌ؒΛੵݟ΋
Γ΍͍͢ઃఆͱ͢ΔͨΊʹɼϩϘοτ͕ਓʹॿ͚ΛٻΊ
ͳ͍ݶΓ͸ɼ͓͍ޓʹλεΫʹհೖͯ͠͸ͳΒͳ͍͜ͱ
Λϧʔϧͱͨ͠ɽย෇͚λεΫΛબΜͩཧ༝͸ɼϩϘο
τ͔Βࢴΰϛ·Ͱͷڑ཭΍ɼখ౾ͷྔΛܭΔ͜ͱͰɼͦ
ΕͧΕͷλεΫͷॴཁ࣌ؒΛଌఆ͢Δ͜ͱ͕༰қ͔ͩΒ
Ͱ͋Δɽͳ͓ɼͦΕͧΕͷλεΫͷॴཁ࣌ؒ͸ɼผ్࣮
ΊΔ΋ͷͱ͢Δɽٻ͍ߦΛݧ

3 ఏҊ
3.1 Help-Estimator

ຊڀݚ͸ɼਓ͕૝ఆͨ͠λεΫͷॴཁ࣌ؒΛਪఆͯ͠ɼ
ਓʹ Help ΛٻΊΔख๏ͱͯ͠ Help-Estimator ΛఏҊ
͢ΔɽHelp-Estimator͸ɼڠௐλεΫʹ͓͍ͯਓ͔Βͷ
Help͕༗ޮͰ͋ΔαϒλεΫͷಉఆ (Help༗ޮαϒλε

Ϋͷ൑அ)ͱɼਓ͔Βຊ౰ʹॿ͚ͯ΋Β͑ͦ͏͔ͱ͍͏
΋Γੵݟ (Helpཁٻड༰ੑͷੵݟ΋Γ)ͷ૒ํΛྀ͠ߟ
ͯɼਓ΁ Help ΛٻΊΔ͔Λ൑ఆ͢ΔɽHelp-Estimator
͸ɼHelp͕༗ޮͳαϒλεΫʹରͯ͠ɼਓ͕ Helpཁٻ
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3.2 γεςϜߏ੒

Help-Estimator ͷγεςϜߏ੒Λਤ 4ʹࣔ͢ɽHelp-
EstimatorͷओཁͳϞδϡʔϧ͸ɼ2ͭͷ Time Estima-
tion Module ͱɼHelp Module Ͱ͋Δɽਤ ଆͷࠨ4 TE
ɹModule based on Robot VP(Time Estimation Mod-
ule based on Robot Viewpoint) ͸ɼγεςϜͷࢹ఺͔
ΒਓͱϩϘοτͷλεΫॴཁ࣌ؒΛੵݟ΋Δɽਤ 4ӈଆ
ͷ TE Module based on Person VP(Time Estimation
Module based on Person Viewpoint)͸ɼਓ͕༧૝͢Δ
λεΫॴཁ࣌ؒΛੵݟ΋ΔɽHelp Module͸ɼ૒ํͷ࣌
ʹ΋Γ݁ՌΑΓͲͷαϒλεΫੵݟϞδϡʔϧͷࢉܭؒ
͍ͭͯ HelpΛٻΊΔ͔Ͳ͏͔Λܾఆ͢Δɽ
γεςϜͷࢹ఺͔ΒͷλεΫॴཁ࣌ؒͷੵݟ΋Γ͸ɼ

ਓͱϩϘοτͷͦΕͧΕͷλεΫͷྔΛ΋ͱʹ͢ࢉܭΔɽ
ྫ͑͹ɼখ౾ͷྔ΍খ౾Λर͏ϖʔε͔ΒਓͷλεΫͷ
ॴཁ࣌ؒ trh Λɼΰϛ·Ͱͷڑ཭΍֯౓͔ΒϩϘοτͷ
λεΫͷॴཁ࣌ؒ trr Λɼ͋Δఔ౓ਖ਼֬ʹࢉܭͰ͖Δɽ
ਓ͕༧૝͢ΔλεΫॴཁ࣌ؒ͸ɼਓ͕ࣗ෼ͷλεΫͷ

ॴཁ࣌ؒΛੵݟ΋Δج४ͳΒͼʹɼਓ͕ϩϘοτͷλε
Ϋॴཁ࣌ؒΛੵݟ΋Δج४ʹরΒ͠߹Θͤͯɼਓͷλε
Ϋͷॴཁ࣌ؒ thhɼϩϘοτͷλεΫͷॴཁ࣌ؒ thrΛࢉ
ग़͢Δɽthhɼthr Λਪఆͨ࣌ؒ͠ t′hhɼt′hr ͷࢉग़͸ɼݱ
ΘΕΔɽߦͷλεΫͷྔ͔Βࡏ
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