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Humans Often Appear Irrational

Living room

<

i

Optimal Behavior .’

O
Intent

‘ Go to living room
and get phone

Bedroom
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Humans Often Appear Irrational

GOal Living room

“Irrational” Behavior
Go to living room
Lost intent: forgot what to do
Go back to bedroom

Recall intent from context ; o
Go to living room to grab phone from bedroom : o’

..........................................................................: ‘ Intent / Belief

How can an Al collaborate with such users?

“Irrational” Behavior --

: How to model and learn such users on the fly? : | Bedroom



Humans are Computationally Rational

Humans maximize expected utility subject to
subjective utility cognitive bounds environment

Living room

To model sub-optimal sequential decision-making

A significant amount of irrational behavior can simply
be explained by missing or fake memories that lead to
Incorrect beliefs

The sub-optimal behavior is the optimal decision
* under biased beliefs induced by cognitive bounds

@ Intent/ Belief

Bedroom




Collaborate with “Irrational” Humans

¢ Memory bounds Biased beliefs Sub-optimal actions

. Formalize Computational rationality (CR) user model family with
explicit stochastic memory process f,

o Infer latent memory bound 6 and internal belief state from
observed sequential actions on the fly

o Fropose online inference method based on Nested Particle
Filtering (NPF)

Assist o Assistive-POMDP: plan interventions for CR users via online
belief-bound inference
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Computational Rationality User Modeling

Model CR behavior-generating process as a Partially Observable
Markov Decision Process (POMDRP)

ht

M = (S, Aa Ta R’ Q’ 0’ y’f:g)

Timestep f:

Latent world state: s, ~ T( - | s,_;,a,_)

Observation: o, ~ O( - | s,)
True history: ht = (Ozt’ Cl;t_l)

Evolving memory

t ~'t—1)

e Corrupted internal history: ilt = (0}, a;

newAdata

h,~ fo Chi_1,0,0,_; )

0: user-specific stochastic process
memory bound

* Evolving: 0;# 0, (i <j<1)

memory of o,
maintained at time ¢

memory of o,
maintained at time J
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Computational Rationality User Modeling

Model CR behavior-generating process as a Partially Observable
Markov Decision Process (POMDRP)

Timestep f:
Latent world state: s, ~ T( - | s,_;,a,_)
Observation: o, ~ O( - | s,)
-
0 t True history: h, = (0.,,a.,_ 1)
Corrupted internal history: i, = (8, @'~ 1)

Biased-Belief Update

~ ~ biased belief state: a fixed-length
bt — p(St ‘ ht) summary of corrupted memory for
estimating current world state
ht
~0 ~ ~i—1
< Y P50, | so>1'[ 0@, | s)T(s; | ;. ")
= (5,A,T,R,Q, 0,7, fy) -1

uncertainty for each world state is Computed retroactively
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Computational Rationality User Modeling

Model CR behavior-generating process as a Partially Observable
Markov Decision Process (POMDRP)

Timestep f:
Latent world state: s, ~ T( - | s,_;,a,_)

Observation: o, ~ O( - | s,)
-
0 ! True history: h, = (0., a.,_;)
Corrupted internal history: ilt = (6!, a1t

Biased-Belief: b, = p(s, | h,)
CR Action under Biased Belief

World 5 - cR f i
. sample action a. from the
” a, ~ n:(- | b,; 0) P t _

optimal policy conditioned on b,

optimal

M= (S,A,T,R,Q,0,7,f, wa | b;0) «x exp(z 0u(b, a; 0)) action-value

function
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Computational Rationality User Modeling

Model CR behavior-generating process as a Partially Observable
Markov Decision Process (POMDRP)

Timestep f:
Latent world state: s, ~ T( - | s,_;,a,_)
Observation: o, ~ O( - | s,)
-
0 ! True history: h, = (0., a.,_ 1)
Corrupted mternal history: h, = (Ott, c’z‘f‘l)
; " Biased-Belief: b, = p(s, | ht)
It CR action: a, ~ 7T>x<( y ‘ bt’ 9)
Reward: r, ~ R(s,, a,)
hl‘
Next latent world state: s,, | ~ T( - | 5, a,)
= (S,A,T,R,Q,0,v,f,) Explains structured sub-optimal behaviors as

optimal actions under biased beliefs induced by f,
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Understand CR User from Observations

Infer bound and internal belief online from history h,

ht

M = (S, Aa Ta R’ Q’ 0’ y’f:g)

Inverse Problem:

e Track p(ﬁt_l, 0 | h,) online where h, = (0.,,a.,_)

user’s current user’s static current external
internal history memory bound observation
p(ht—la H ‘ ht)
x pa,_y | hy_y) Zp(ht—Za O h_D)Jo(hy | hyp, 0,150, _5)
‘ action likelihood TN recursive R stochastic mevmory process J

e Fxact computation is intractable
* Latent memory sequences grow with ¢

» Computation complexity: O(|S|'t!)



Online Belief-Bound Inference
Approximate p(0, iit_l | h,) online with Nested Particle Filters

® [dea: represent p(@,h_, | h) = p(@ | h,) p(h,_, | 6, h) with nested particles
® Computation complexity: O(NyNit|S|)

Timer—1

p(izt_z | 6, h,_,) illnner particles of &' at
Wi timer — 1
h

i
p@ | h_) :\_ s
"o o X |
0 wi . ~ BRE sample h,_, for 0" at
h time ¢

My ~ Johi_p, G2, 01-1)

p@ | h)
Wo P(ilt N 0 h) : : update inner particle

weights according to
likelihood m:(a,_; | h,_;)

I
W-
h

i
r—1 - .
Outer particles for & Time ¢ Inner particles for 4 under 6"

16
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Behavioral Validation

Validate the expressive power of CR user model in T-Maze navigation task

T-Maze Navigation

............... >
¢ Partially observable grid-world e Instantiate f, as a simple memory decay process,
e Reward for reaching correct goal quickly with @ being the memory bound: each stored target

observation is independently dropped with

e Agent must:
g U probability @ € [0,1] at each step

explore the environment (e.g., go down) N
observe and memorize a clue (e.g., ball) e Train optimal policies 7«( - | b) for multiple 8 using PPO

navigate to the matching terminal arm



Behavioral Validation

Validate the expressive power of CR user model in T-Maze navigation task

Visit Frequency

Timestep Timestep Timestep Timestep

Perfect Memory - Low Memory Decay : High Memory Decay No Memory

Take the shortest path
to complete the task
successfully

Double checking

before committing Hesitation and re-checking Random guess



Behavioral Validation

Validate the expressive power of CR user model in T-Maze navigation task

Visit Frequency

Timestep . Timestep . Timestep . Timestep
Perfect Memory Low Memory Decay -  High Memory Decay No Memory
Take the shortest path : Double checking . Hesitation and re-checking Random guess
to complete the task before committing ' 3

successfully

CR user model can generate intuitively plausible “irrational” behaviors
19 corresponding to various levels of memory bounds
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sity

Validate online inference method for estimating bound @

Posterior P(6|h:) Evolution

Inference Validation

True Value

Cognitive Bound (0)

Posterior mean estimate

Maximum a posteriori estimate
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sity
o

Inference Validation

Validate online inference method for estimating bound @

Posterior P(6|h:) Evolution

True Value Posterior mean estimate Maximum a posteriori estimate

Cognitive Bound (0)
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sity

Inference Validation

Validate online inference method for estimating bound @

Posterior P(6|h:) Evolution

True Value Posterior mean estimate Maximum a posteriori estimate

t =50

MAP

Cognitive Bound (0)
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Inference Validation

Validate online inference method for estimating bound @

Posterior P(6|h:) Evolution

True Value Posterior mean estimate Maximum a posteriori estimate

Cognitive Bound (0)
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sity

Validate online inference method for estimating bound @

Posterior P(6|h:) Evolution

Inference Validation

True Value

t =100

Cognitive Bound (0)

Posterior mean estimate

Maximum a posteriori estimate
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Posterior P(6|h:) Evolution

t =50

— e
—  Mean
MAP

I

t =100

0.0

0.2

0.4

0.6 0.8

Cognitive Bound (0)

1.0

True Value

Posterior mean estimate

Inference Validation

Validate online inference method for estimating bound @

Maximum a posteriori estimate

® Posterior over @ quickly concentrates on a small set of hypotheses
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Inference Validation

Validate online inference method for estimating bound @

Posterior P(6|h:) Evolution

0.2 t=1
>
+
e
S 0.1
a
0.0 — | ' !
1] t =25
> 0.4 -
]
@
o
8 0.2
0.0
1 ] t =50
0.4
2 —— True
n
cC = Mean
v 0.2
O MAP
0.0 :
0.75 t=75
>
i)
@ 0.50
C
(]
0 0.25
———y
0.00 —
[ t=100
0.75
>
e
2 0.50 |
(]
Q .25
|

0.0

0.2

0.4 0.6
Cognitive Bound (0)

0.8

1.0

True Value Posterior mean estimate Maximum a posteriori estimate

® Posterior over @ quickly concentrates on a small set of hypotheses

Inference Error Convergence

0.5
=  PM Error
MAP Estimate Error
0.4
0.3

Error

]

Y
\ 0% reduction at t=45

\ 9
0.1 \ .95% reduction at t=78
W
20 4 60

0.04 0 80 100
Timesteps

e On average, ~90% Posterior mean error reduction after 45 steps,
~95% reduction after 78 steps



Posterior P(6|h:) Evolution

0.2 t=1
>
+
C
$ 0.1
a
0.0 —lli I |
1] t=25
> 0.4
fd
I
o
A 0.2
0.0
B t=50
0.4
4? — U@
()]
c —  Mean
()] 0.2 -
a MAP
0.0
>
]
‘= 0.50
C
(]
0 0.25
Sy
0.00 —
[ t =100
0.75
>
=
2 0.50
(]
Q .25
0.00 . . . — . .
0.0 0.2 0.4 0.6 0.8 1.0

Cognitive Bound (0)
27

True Value

Posterior mean estimate

Error

0.5

0.4

Inference Error Convergence

40

Maximum a posteriori estimate

Inference Validation

Validate online inference method for estimating bound @

—  PM Error

90% reduction at t=45
- 95% reduction at t=78

Timesteps

MAP Estimate Error

T —

60

80

100
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From Understanding to Assistance

Assistive-POMDP

Goal

maximize collaborative task reward while
minimizing intervention cost

MAT = (SAI AAL TAI RAI QAT QAT Al
MQH — (S9 AH’ T, R’ Q’ 09 yH?f‘H)
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From Understanding to Assistance

Assistive-POMDP

Goal

maximize collaborative task reward while
minimizing intervention cost

Al Dynamics

atent environment state of the Al:
Al 7
;" = (8 hy_y, 0)

MAT = (SAI AAL TAI RAI QAT QAT Al
MQH — (S, AH’ T, R’ Q’ 09 yH’Af‘H)
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From Understanding to Assistance

Assistive-POMDP

Goal

maximize collaborative task reward while
minimizing intervention cost

Al Dynamics

atent environment state of the Al:
Al 7
;" = (8 hy_y, 0)

Al observes the world and the CR agent’s action:

Al H
o) = (0,a,’,)

MAT = (SAI AAL TAI RAI QAT QAT Al
MQH — (S, AH’ T, R’ Q’ 09 yH’Af‘H)
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MA[ —
MQH — (S9 AH? T’ R? Q’ 09 yH9Af‘H)

From Understanding to Assistance

Assistive-POMDP

Goal

maximize collaborative task reward while
minimizing intervention cost

Al Dynamics

Latent enwronment state of the Al:

— (Sta f— 199)

Al observes the world and the CR agent’s action:

Al __
01‘ (Ota —1 )

Al updates belief about the agent’s latent belief and bound:

(SAI, AAI, TAI, RAI, QAI, OAI, }/AI) bAI _ p(@ ht | | ht)



From Understanding to Assistance

Assistive-POMDP

Goal

maximize collaborative task reward while
minimizing intervention cost

Al Dynamics

atent environment state of the Al:
Al 7
;" = (8 hy_y, 0)

Al observes the world and the CR agent’s action:

Al H
o) = (0,a,’,)

Al updates belief about the agent’s latent belief and bound
MA[ — (SAI, AAI, TAI, RAI, QAI’ OAI, }/AI) via NPF: b;\] = p(6, ht—l | ht)
H __ H H
M9 = (5, A", T, R, 2, 0, / ’fé’) Al proposes intervention according to its belief:
a! € {DoNothing, ActionHint, MemoryHint}

32
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=
B o oo o
o o o o

Percentage of Assistance Type (%)

o

N
o

I No Assistance

0.2

7 Action Hint
| | I Memory Hint
| ﬂ inBLEEN B

03, 0.4 0.7 0.8 0.9 1.0
Lser Memory Decay Rate (0)

Assistance Validation

Learned Intervention Type vs. Memory Decay Rate

Low Decay

The user can complete the task quickly and successfully
Al learned to rarely intervene
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=
o
o

o0
o

Percentage of Assistance Type (%)
D
o

(@)

Learned Adaptive Assistance Strategy

(0)]
o

N
o

] B No Assistance

1 I Action Hint

. I Mémory Hint
00 01 02 03 04 05 0.6 | |

0.7 08 09 1.0

Assistance Validation

Learned Intervention Type vs. Memory Decay Rate

Low Decay

The user can complete the task quickly and successfully
Al learned to rarely intervene
Moderate Decay

The user can forget the clue frequently

Al learned to intervene occasionally with low-cost
memory hints
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[
o
o

o0
o

Percentage of Assistance Type (%)
D
o

(@)

Learned Adaptive Assistance Strategy

(0)]
o

N
o

1 Ne ASS|stance
‘ ‘ ‘ | 1 Memory Hint .
ﬂ ﬂ n 0 B

Actlon Hint

User Memory Decay Rate 6)

0.8 °09 1.0

Assistance Validation

Learned Intervention Type vs. Memory Decay Rate

Low Decay

The user can complete the task quickly and successfully
Al learned to rarely intervene
Moderate Decay

The user can forget the clue frequently

Al learned to intervene occasionally with low-cost
memory hints

Severe Decay

The user can hardly remember the clue

Al learned to intervene with high-cost action hints



Assistance Validation

Learned Intervention Timing vs. Memory Decay Rate
Episode Boundary

Assistance Sequences for Selective Users No Decay
No Assistance Bl Action Hint Memory Hint _
:. ° .e.=.0.0 ........................................... : The user Can Complete the task qUICkly and Successfu”y
B " " - " 56 : Al learned to not intervene
.o 9:04 ...........................................
0 50 100 150 200 250 300
6=0.6
0 100 200 300 400
6=10 m H N H B B H B N N H B R B
0 5 10 15 20 25 30 35 40
Timesteps

Critical Decision time:

Last step before the terminal states
(episode boundary)




Assistance Validation

Learned Intervention Timing vs. Memory Decay Rate
Episode Boundary

Assistance Sequences for Selective Users No Decay
No Assistance Bl Action Hint Memory Hint _
6= 0.0 The user can complete the task quickly and successfully
5 20 20 50 80 To0 Al learned to not intervene
© 9=04 . Moderate Decay
0 50 100 150 200 250 300

The user can forget the clue frequently

y | | | Al learned to intervene near critical time with low-cost
e e e e e e eiee e et e e nen s eee e ' memory hints

0 5 10 15 20 25 30 35 40
Timesteps

Critical Decision time:

Last step before the terminal states
(episode boundary)




Assistance Validation

Learned Intervention Timing vs. Memory Decay Rate
Episode Boundary

Assistance Sequences for Selective Users No Decay
No Assistance Bl Action Hint Memory Hint _
! The user can complete the task quickly and successfully
; 30 70 50 50 100 Al learned to not intervene
6=0.4 Moderate Decay
’ 7 > B > The user can forget the clue frequently
6=0.6
| | | | | Al learned to intervene near critical time with low-cost
P AU OO L. . . memory hints
: f=1.0mmE H N H B B H B N N BEENERTERENR :
Veeeliheol PO P e NN NN, P P R R Severe Decay
0 5 10 15 20 25 30 35 40

Timesteps

The user can hardly remember the clue

Critical Decision time: Al learned to intervene at critical time directly with high-
cost yet effective action hints

Last step before the terminal states
(episode boundary)
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Learned Adaptive Assistance Strategy

(00]
o
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Assistance Validation

Episode Boundary
Assistance Sequences for Selective Users

. No Assistance Bl Action Hint . Memory Hint
O.b : : : : : : : : : : : : : : : : :

D
Il

0 20 40 60 80 100

6=04 1 n mmE W L nmeon omny oL n

0 50 100 150 200 250 300

6=0.6 © 1 moomonm o WL m

I No Assistance

1 Action Hint

I Memory Hint
00 01 02 03 04 05 ' '

. . . 0.6 0.7 08 09 1.0
User Memory Decay Rate ()

0 100 200 300 400

f=10nEr E R R ECEC SRR R R

0 5 10 15 20 25 30 35 40
Timesteps

Online belief-bound inference enables adaptive
assistance strategies for computationally-rational users
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Takeaways

We model seemingly irrational behavior as rational
under biased beliefs induced by bounded memory

We can infer a user’s memory bound and subjective
belief online from passive observations

Our method enables Al assistance that adapts to the
user’s cognitive limitations



