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Abstract

Despite the explosive growth of Al and the technologies built
upon it, predicting and inferring the sub-optimal behavior of
users or human collaborators remains a critical challenge.
In many cases, such behaviors are not a result of irrational-
ity, but rather a rational decision made given inherent cog-
nitive bounds and biased beliefs about the world. In this pa-
per, we formally introduce a class of computational-rational
(CR) user models for cognitively-bounded agents acting op-
timally under biased beliefs. The key novelty lies in explic-
itly modeling how a bounded memory process leads to a
dynamically inconsistent and biased belief state and, conse-
quently, sub-optimal sequential decision-making. We address
the challenge of identifying the latent user-specific bound and
inferring biased belief states from passive observations on the
fly. We argue that for our formalized CR model family with an
explicit and parameterized cognitive process, this challenge is
tractable. To support our claim, we propose an efficient online
inference method based on nested particle filtering that simul-
taneously tracks the user’s latent belief state and estimates
the unknown cognitive bound from a stream of observed ac-
tions. We validate our approach in a representative naviga-
tion task using memory decay as an example of a cognitive
bound. With simulations, we show that (1) our CR model gen-
erates intuitively plausible behaviors corresponding to differ-
ent levels of memory capacity, and (2) our inference method
accurately and efficiently recovers the ground-truth cognitive
bounds from limited observations (< 100 steps). We further
demonstrate how this approach provides a principled founda-
tion for developing adaptive Al assistants, enabling adaptive
assistance that accounts for the user’s memory limitations.

Code — https://github.com/Yifan-Zhu/More-Than-
Irrational-Modeling-Belief-Biased- Agents

Extended version —
https://www.arxiv.org/abs/2511.12359

Introduction

In human-AlI collaboration, the efficacy of an Al agent de-
pends on its ability to infer the user’s goals, beliefs, and fu-
ture actions from observations of their past behavior. Learn-
ing such a user model on the fly is particularly challeng-
ing, primarily because human behaviors rarely appear to
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be fully rational. Computational rationality (CR) is a uni-
versal theoretical framework for understanding such hu-
man behavior, positing that humans are rational decision-
makers as expected utility maximizers (Lewis, Howes, and
Singh 2014; Howes et al. 2016), yet our decisions may ap-
pear sub-optimal due to latent constraints imposed by sub-
jective utility function, cognitive bounds, and the environ-
ment (Oulasvirta, Jokinen, and Howes 2022; Howes, Joki-
nen, and Oulasvirta 2023; Chandramouli et al. 2024). Such
constraints, especially cognitive bounds, can lead to biased
beliefs and sub-optimal behavior. This happens in everyday
life; for example, when going to fetch a misplaced mobile
phone, we might check several seemingly irrelevant places
simply because our belief about the phone’s location is bi-
ased due to a faulty or decayed memory. An Al assistant ca-
pable of inferring the user’s memory capacity and tracking
their belief state, rather than merely assuming irrationality,
would be able to provide more effective assistance.

Computational rationality has shown success in many do-
mains, including eye movements (Chen et al. 2015, 2021),
pointing (Ikkala et al. 2022), typing (Shi et al. 2024), and
driving (Jokinen, Kujala, and Oulasvirta 2021). Surprisingly,
little work considers bounded memory resources, and those
that do (e.g. (Shi et al. 2024)) are specific to their applica-
tion. We argue that a significant amount of irrational behav-
ior can simply be explained by missing or fake memories
that lead to incorrect beliefs. Biased beliefs, even when acted
upon optimally, lead to sub-optimal behavior.

This work is motivated by a general research question in
human-AlI collaboration: how can an Al assistant effectively
collaborate with a user whose behaviors seem irrational
due to imperfect memory? We investigate how such users
with memory-related cognitive bounds can be modeled and
learned during online interactions in a partially observable
environment. To this end, we propose a formal CR frame-
work for explicitly modeling the user’s biased belief as the
link between latent memory bounds and the user’s decisions.
We posit that these cognitive bounds lead to a subjective be-
lief state that deviates from the objective world. When the
user acts optimally according to this subjective state, they
make seemingly sub-optimal decisions. This formalism al-
lows the Al to interpret seemingly irrational actions as ratio-
nal decisions made upon latent bounds and biased beliefs,
providing a fundamental user-specific answer to why an ac-



tion was taken and what actions to expect in the future.

Our CR framework is a mathematical solution for in-
ferring the user’s latent cognitive bounds and their belief
state online; however, it comes with computational chal-
lenges. We contribute to tackling this issue by first defin-
ing a tractable inference setting where the Al has access
to the environment model, while the user-specific cogni-
tive parameter remains unknown. To solve this joint bound-
belief estimation problem, we propose an approximate on-
line Bayesian inference method based on sequential Monte-
Carlo techniques. We validate our approach in a represen-
tative navigation task, the T-maze, using memory decay as
an instance of parameterized bounded memory. The simu-
lations validate both the expressive power of our CR model
in generating intuitive behaviors across various memory ca-
pacities and the ability of our inference method to accu-
rately recover the ground-truth bounds from passive ob-
servations. Building on this validation, we formalize an
assistive-POMDP framework in the same task to demon-
strate the efficacy of our work in building adaptive Al as-
sistants. For example, it can learn to distinguish when a user
needs direct action advice due to severe memory decay ver-
sus when a subtle memory hint suffices.

Related Work: Computational Rationality

Our work can be best understood from the perspective of
computational rationality (CR). This literature views irra-
tionality, such as the behavior of humans, as the result of
rational techniques executed under bounded resources. Sem-
inal papers include (Gershman, Horvitz, and Tenenbaum
2015; Oulasvirta, Jokinen, and Howes 2022; Howes, Joki-
nen, and Oulasvirta 2023; Chandramouli et al. 2024).

A rich body of research in CR has focused on sub-optimal
behavior models with latent parameters and their inference.
For example, users in (Kwon et al. 2020) maintain an in-
ternal model of the environment, though they assume per-
fect memory given imperfect internal models. Irrationality
has also been explained by bounds on the inference bud-
get (Jacob, Gupta, and Andreas 2023). Our work, within
this growing field, stands apart as providing a model for
bounded memory, which the previous works have not con-
sidered much in their general form.

Common in CR, other related work focuses on specific
applications, such as gaze prediction (Chen et al. 2021),
pointing (Ikkala et al. 2022), menu search (Chen et al. 2015),
and traffic behavior (Jokinen, Kujala, and Oulasvirta 2021;
Wang et al. 2023). To our understanding, work on memory
has been limited, though some memory decay was included
in user models for using touch screens (Shi et al. 2024; Joki-
nen et al. 2021). As opposed to application-specific solu-
tions, we provide a more general approach that facilitates
the modeling of bounded memory in multiple settings.

Of course, for more broadly interested readers, there is
an inexhaustive list of works attempting to model decision
making and facilitate its inverse problem; yet to our best
understanding, they do not support explicit general descrip-
tive models of memory (Jarrett, Hiiyiik, and Van Der Schaar
2021; Lieder and Griffiths 2020; Alanqgary et al. 2021).
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Preliminaries: Rational Decision Making

We model sequential decision-making under uncertainty as
a Partially Observable Markov Decision Process (POMDP)
(Kaelbling, Littman, and Cassandra 1998; Sutton and Barto
2018). Within this framework, we define a fully rational
(FR) agent that can maintain an accurate belief state over
the latent states via Bayesian filtering and acts optimally to
maximize a given objective.

Formally, a POMDP is defined as a tuple M
(S, A, T,R,0,Q,~), where S, A, ) denote the environ-
ment state, action, and observation spaces respectively;
T (St41lst, at), R(st, at), O(ot|st) represent the state tran-
sition dynamics, reward function, and observation proba-
bility distributions respectively. At each timestep t, the FR
agent is in a latent world state s; € S and observes o; ~
O(o¢|st), drawn from the observation model O : § x Q —
[0, 1]. The agent then updates their belief b; € A(S) about
the environmental states via Bayesian filtering:

be(se) = p(se | 0, a—1,bi—1)

X O(Ot | St) Z T(St | St—l,at—l)bt—l(St—l)- (D

St—1

Then, the agent makes an action from its policy 7 : A(S) —
A(A): a; ~ m(- | by), and receives reward r; ~ R(s¢, ar);
The world then evolves to a new state s, stochastically ac-
cording to the transition dynamics: s;11 ~ 7T (St11]¢, at)-

Solving a POMDP The goal of this FR agent is to learn
the optimal policy 7, for maximizing the expected return:
m«(a | b) o< exp(7Q. (b, a)), where 7 is the inverse temper-
ature parameter, and learning Q. (b, a), the optimal action-
value function, is done through RL. For solution techniques,
see (Sutton and Barto 2018; Shani, Pineau, and Kaplow
2013; Silver and Veness 2010).

In non-trivial problems, the state space is too large to com-
pute the belief exactly. The common solution is to approx-
imate the belief with particles. In particle filtering (Gor-
don, Salmond, and Smith 1993; Doucet et al. 2001; Liu
and Chen 1998), a distribution p(z) is estimated with n
(potentially weighted) Monte-Carlo particles {z*,w’}" by
p(z) ~ >, wd,i(x), where 6,(-) denotes the Dirac delta
mass function at z.

~
~

Computational Rationality User Modeling

In this section, we formally define our computational ratio-
nality user modeling framework. Central to our proposed
design is an internal memory process fy, parameterized
by user-specific bounds 6§ € O, that explicitly models the
agent’s memory: an estimate of the observation-action his-
tory hy £ (0.t,a.4—1). This function captures, for example,
how memories of the past decay over time. With this addi-
tion, our user model is a POMDP solver using biased beliefs
as a result of imperfect memory according to fy.

Formally, at time ¢, we define the internal memory over
observations and actions received up to time ¢ (t > ¢) as:

)

T (~ioxu—1y _ /~1 ~i ~1 ~i—1
ht - (ot = ) - (Ot7~'~70t7at7 ey Gy

2



where each element &/ € Q and @' € A is the agent’s
internal (corrupted) version at time ¢, of the true observation
o; and action a;_; originally received at time j. The key
insight of our CR model is that the memory of past obser-
vations can evolve, i.e. 0 # 6]_;. For notational simplicity,
we denote the complete internal memory A at time ¢ as h;.

The agent’s internal state h; evolves according to the in-
ternal stochastic dynamics function fg : 271 x A* =2 x Q x
A — A(Q x A'1) that maps the previous internal history
hi—1 and new observation pair (o4, a;—1) to a distribution
over the current cognitive state:

hi ~ fo(hi—1, 00, a1-1),

which is parameterized by the cognitive bound 6.

For intuitions, recall the phone-searching example. A lim-
ited memory capacity can result in forgetfulness, resulting
in corrupted memory and, consequently, biased beliefs. For
example, humans frequently forget about their last inter-
action(s) with their phone and, hence, have incorrect be-
liefs about its location. The function fy provides the formal
mechanism for this corruption process.

Unlike rational agents, a CR agent computes its belief
state b; € A(S) via Bayes’ rule by conditioning on the cor-
rupted internal memory of the history:

l;t ép(sif | 6:tt7€11:£t_1) X Z p(s:taaf ‘ é;t_l)

S:t—1

= p(50)0(& | 50)

S:t—1

3

“

~i—1
ay

t
x [TOG; | si)T (si | sir,ai").

i=1
Because the Markov property no longer holds for the biased
belief, computing it involves marginalizing out the agent’s
entire, potentially flawed, memory sequence, rather than
simply a one-step update based on the previous belief in
Equation (1). Namely, when memory modifies o, the belief
state shifts retroactively. Equation (4) along with Equation
(3) shows that the cognitive bound 6 introduces bias into
the belief by systematically corrupting the elements in h;
through fy. This non-trivial formalism allows for explicitly
capturing human-like decision-making that often involves
“replaying” or “re-evaluating” memories.

The CR agent is internally rational, acting optimally based
on their subjective beliefs:

exp(7 Q4 (b, a; )
S wea exp(r Qu(b,a’;0))

where 7 is the inverse temperature parameter, Q). (-; ) is the
optimal action-value function learned based on the agent’s
biased beliefs. The CR agent’s action acr ~ 7«(a | b; ) is
rational from its own perspective, yet for external observers
with access to the objective belief b*, the exact action may
appear sub-optimal (i.e. Q.(b*, acr) < @« (b*,arr)). This
framework thus provides a principled and elegant way to
model sub-optimal behavior stemming from biased beliefs
as a result of latent cognitive bounds.

m(a | b;0) =

&)
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Online Inference of Bounds and Beliefs

A direct result of the CR user model above is the ability to
simulate agents with bounded and evolving memory. Most
useful applications necessitate solving the inverse problem:
inferring the latent bound from observed behavior. In this
section, we present and address the technical challenge of
learning such user models by inferring 6 online. We first
present a well-defined problem setting, then introduce an on-
line inference approach based on nested particle filtering.

Problem Setting

We are interested in estimating an agents’ bound parameter
0 online given a passively observed action-observation his-
tory (hy 2 (0.,a;_1)). Given that we have a likelihood
model — the user model described above (Equation (5)) —
it is natural to assume a uniform prior over the parameter of
interest p(#) and consider the Bayesian task of inferring its
posterior. It is natural to consider the joint distribution over

parameter and internal state (here hi_1), as the following
derivation shows:

p(hi—1,0 | hy)
= p(ht717€ | htflaa/tflaot)
e Zp(ﬁt—laﬁt—%at—lae | ht—1,0¢)

he—z
= p(at—1 | Bt—l)
x Z p(hi1 | hi—2,hy—1,0)p(he—2,0 | he1) (6)

hia

recursive

———
> [p(ht_z,e | he1)

hi—2

X fe(iltq | iLt2a0t17at2):|~

user action likelihood

= p(at—l \ ilt—l)

Let us consider these three terms. First, the memory model
fo is assumed to be given (for example memory decay, as
used in our experiments). The “recursive” term is the belief
quantity computed at the previous timestep and thus given.
The first term, the “user action likelihood”, reflects the core
idea of this work and represents the probability that a CR
agent takes action a given a (biased) belief resulting from
corrupted memory h;_1. In practice, this is computed by de-
riving the biased belief b given the corrupted memory and
computing the optimal action given this belief (recall Equa-
tions (4) & (5)), i.e. pgat_1 | hi1) = me(az—1 | bi—1;6)
with b;_{ p(s | h¢—1). To compute this, we assume
knowledge of the system dynamics (7" & O) and the user’s
bounded memory model family fy (though not their latent
parameter #!). In practice, we precompute these policies.
This derivation formally exposes the non-trivial computa-
tional structure of the inference problem. The computational
intractability of the belief update is clear: the summation,
Zﬁt_2, is over the high-dimensional space of (corrupted)
memory sequences and grows in time. This, we address next.



Online Inference via Nested Particle Filtering

In light of the computation challenges and the problem struc-
ture of estimating a static parameter € alongside a dynamic
latent state h;_1, we propose to approximate the posterior
over (h¢_1,0) with nested particle filtering (NPF). We find
this technique particularly effective when a joint distribution
is best represented as a marginal and conditional distribu-
tion: p(hy—1,6) = p(0)p(h:—1|0). Additionally, since in our
setting the parameter space © is small and the policy likeli-
hood 7, (+; 0) is expensive to learn and thus realistically must
be precomputed, NPF suits naturally here over other infer-
ence methods, such as Particle MCMC (Andrieu, Doucet,
and Holenstein 2010), where the latter samples novel 6 and
requires computing policies online.

In practice, NPF maintains /Ny (potentially weighted) par-
ticles {"} X, and, for each particle ", Nj, conditional par-

ticles {ﬁglfl) }jV:’Ll The posterior, following standard Monte-
Carlo formalisms, is then approximated as follows:

9 | ht sz(Sm (7)
~ h P ~
p(hi—1 | by, 0") = Zw(l’j)%&?(ht—l) (®)
=1

We utilize particle filtering to update the posterior given a
new action-observation pair. The key step in this process is
the weight update: the weight of each outer particle, w?, is
updated according to the likelihood of explaining the user’s
most recent action a;_1, estimated by the inner particle fil-
ter associated with %, Our contribution, regarding inference
methodology, is the specific formulation of this likelihood
computation within our CR framework. As detailed in Al-
gorithm 1, this likelihood computation requires simulating
the user’s internal decision-making process for each particle
(i, 4): first, each internal state particle h(i:7) is updated using
our cognitive process fgi, and the corresponding biased be-
lief b(7) is computed (line 4 and 5). Then the weights of all
the particles are updated according to their likelihood of pro-
ducing the observed action 7, (a | b(*7); 6%) (line 6). Lastly,
the weights are re-normalized (line 10 to 12).

With NPF estimation, it is possible to infer a user’s
bounds and track their biased belief online: the computa-
tional cost of exact inference in Equation (6) is O(|S|*t!),
while our inference method only costs O(NgN;t|S]) (bi-
ased belief computation in Equation (4) costs O(t|S])),
which allows for real-time inference.

Experiments

In this section, we present a series of simulation-based
experiments designed to provide a foundational proof-of-
concept validation for our core claims. Specifically, we aim
to answer the following key questions through simulations:

1. Can our proposed CR user model generate a spectrum
of intuitively plausible, sub-optimal behaviors that corre-
spond to different levels of cognitive bounds?
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Algorithm 1: Nested Particle Filter Update p(ﬁt 1,0 | ht)

Input: Previous Particles: {Oi, ,{h(m) ] 1}
History h:: (0.4, a.4—1)
1: // update particles:
2: fori=1,...,Ngdo
33 forj=1,...,N; do
4: Sample h( ’] ~ foi(hy ’é),at 2,0¢_1)
5: Compute b} ’]1) — p(s | BD))
6: Evalute likelihood L) < 7, (a;_1 | bf 2 ,91)
7:  end for
8: end for
9: // update and normalize weights:
10: w3 « qpsd) [,(6:3)
. Wt SR (69
11: w® I
S wd 30wl
i (i)
12: w®d) 72;7”“1]4)
13: return updated particles {Hi,wi,{h§2771), w0} ’L}Z )

Figure 1: Rendering of the T-maze simulation task. The
agent (red triangle) must explore the bottom room to find
the target object (ball in this case), memorize it, and navi-
gate to the corresponding terminal state (one of the arms of
the “T”, here the right-side) to succeed.

. Can our online inference method accurately and effi-
ciently infer the user’s latent cognitive bounds and state
from only passive observations?

. Does the inferred cognitive bound serve as useful infor-
mation for a downstream adaptive assistance task?

To this end, we take a typical navigation task that requires
memory use as a simple clear testbed for our validation.

Simulation Task: T-maze

All our experiments are performed on a simulated grid-
world partial observable navigation task based on the T-
maze, a classical test for working memory. As illustrated in
Figure 1, the agent (red triangle) starts in a hallway and is
tasked with navigating to the goal, one of the two termi-
nating locations at the top. The optimal behavior first ex-
plores the bottom room, observes and memorizes the object
(here a ball), and then proceeds through the hallway to reach
the location with the same object as seen. The hidden state
contains both the agent’s current position and the target ob-
ject; The agent can choose to go to any of the four direc-
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Figure 2: Representative trajectories generated by our CR model for agents with different memory bound parameters 6. The
color of the trajectory indicates the temporal order of the steps (brighter is earlier), and the colored grids indicate the visit
frequency. The agent starts in the hallway (green star) and reaches one of the terminal states (red star). (a) With perfect memory,
the agent acts optimally by going down to find the object and directly proceeds to the correct terminal state. (b) With a 40%
chance of losing memory, the agent learned to collect more observations on the object. (¢c) With a 70% chance of losing memory,
the agent learned to recheck the found position after it appeared to have forgotten. (d) With no memory, the agent learned to

take a random guess without exploring the environment.

tions, or simply stay in place; The observation is the 3 by 3
grid around the agent; The transition function is determinis-
tic; reaching the correct terminal state generates a reward of

1-0.9x ;?:::Zg:, in all other scenarios the reward is 0. This

task is representative in our case as it creates a clear credit
assignment problem that can only be solved by maintain-
ing a specific piece of information in memory over a period
of time, and we expect varying behaviors depending on the
quality of the memory model.

Validation of the CR User Model

Setup We start by studying the expressive power of our
CR user model. We instantiate a CR agent with a cognitive
process fy designed to capture the gradual decay of mem-
ory. We implement this as having a p = 6 chance of corrupt-
ing the observation of the target object. Specifically, at each
step ¢, after the new observation (o¢, a;—1) is added to the
buffer, for each observation of the target object in h;, there is
a probability of 6 that the seen object is replaced by a default
value. The parameter 6 here thus represents the memory de-
cay rate, where an agent with § = 0.0 has perfect memory
and the one with § = 1.0 forgets the object seen immedi-
ately. To evaluate the behavior trajectories generated by our
CR user model in this case, we pre-trained optimal policies
m«(a | b;0) for a range of 6 values using Proximal Policy
Optimization (PPO) (Schulman et al. 2017) and visualized
the corresponding trajectories. The goal is to verify that our
model can generate a range of distinct and cognitively plau-
sible behaviors by varying the memory decay rate 6.

Results We present 4 representative trajectories in Figure
2, illustrating the behavioral pattern of CR agents having
perfect memory, imperfect memory, and no memory:

¢ Perfect Memory (# = 0.0): with no decay, the agent
learned to act optimally by taking the shortest path to
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complete the task successfully: one step down to observe
the object, then proceed to the correct terminal state.

Imperfect Memory (6 € {0.4,0.7}): agents with various
levels of memory decay exhibit classic sub-optimal but
highly intuitive behavioral patterns. With a moderate de-
cay rate # = 0.4, the agent learned to collect enough ob-
servations for robust memorization. With worse memory
capability (f = 0.7), the agent shows a “forget-recheck”
pattern: they forgot the seen object before making the
turning decision, and went down to re-check the object.

No Memory (§ = 1.0): with no memory, the agent is un-
able to solve the task strategically. It does not even waste
time exploring; instead, it makes a random turn.

This result shows that our CR model is qualitatively capa-
ble of generating a series of diverse and intuitively plausible
behavioral patterns given different memory-bound values.
The simple yet interpretable mechanism of memory decay
is sufficient to generate a spectrum of behaviors that are not
merely random and irrational, but are actually sub-optimal
in a structured and plausible way.

Validation of Online Bound-Belief Inference

Setup To evaluate our online inference method, we run
Algorithm 1 on action-observation trajectories of a CR
agent in 100 timesteps across multiple episodes. For each
simulation, we sample a ground-true 6y, uniformly from
{0.0,0.1, ..., 1.0} for the CR agent. Then, we assume same
uniform prior over 6y, and use our method to infer the joint
posterior p(h;—1,6 | hy) with Ny and N; particles.

We evaluate the performance of our inference method
with two metrics: the Posterior Mean (PM) error (|E[6 |
h¢] — 6uue|), which is the absolute difference between the
mean of the estimated posterior p(6 | h:) and 6y, and
the Maximum a Posteriori (MAP) error (| arg maxg p(f |
ht) — Ouue|), which is the absolute difference between the
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Figure 3: Visualization of p(6|h;) evolving over time where
Owe = 0.4 and 7 = 3.0. Each panel shows the estimated
posterior at representative timesteps, where the histogram
represents the distribution of the weighted particles and the
curve is the kernel density estimate used to approximate the
posterior. The posterior mean (blue line) and MAP estimate
(red line) rapidly converge towards the true value (green
line) as more observations are made.

most probable estimated value and 6. All results are re-
ported as means and standard errors over runs with all 6y,
and 5 different random seeds, and sensitivity analysis of hy-
perparameter [V; and 7 is available in the extended version,
which can be found in our code repository.

Results We present a qualitative plot of the inference up-
dates and a quantitative convergence plot to demonstrate that
our method is both accurate and efficient for identifying the
user’s latent parameter 6 from passive observations.

Figure 3 visualizes the evolution of the posterior distribu-
tion p(6 | h:) at representative timesteps (steps 1, 25, 50, 75,
and 100) where 6, = 0.4. After one-step inference from
a uniform prior, the estimated posterior shifts dramatically,
indicating that the user’s initial action is highly informative,
which may depend on the task design. With more observa-
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Inference Error Convergence
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Figure 4: Inference error convergence: the PM error and
MAP error over time (mean =+ standard error over 5 seeds
and all 0,,.). Relative to the initial error at t = 1, the PM
error decreased by 90% and 95% att = 45 and t = 78 re-
spectively, demonstrating the inference efficiency.

tions, the estimation concentrates around plausible hypothe-
ses, i.e. {0.4,0.6}, showing the challenge of identifiability:
different cognitive bounds can lead to similar actions. As
evidence accumulates, the estimation converges gradually,
and our method identifies the true bound from competing
hypotheses. The figure shows how our method reduces un-
certainty in identifying € over time with more observations
of the environment and the user’s actions.

To quantify the accuracy and efficiency of the process,
we aggregated the results across all ground-truth 6 condi-
tions and 5 random seeds where 7 = 3.0. Figure 4 plots the
evolution of the PM error and MAP error over 100 steps,
confirming two key properties of our method:

1. Accuracy: Both error metrics rapidly converge to near-
zero, with the final PM error being 0.0087 £ 0.0035

(standard error), demonstrating method effectiveness.

. Data Efficiency: The majority of the error reduction oc-
curs within the first 20-30 steps (~ 2-3 episodes) of ob-
servations, and the PM error is reduced by 90% after 45
steps and by 95% after 78 steps (baseline being PM error
att = 1), demonstrating the applicability potential of our
approach in real-time assistance.

Together, the qualitative visualization of the posterior evo-
lution in Figure 3 and the quantitative error analysis in Fig-
ure 4 provide strong empirical evidence in support of our
central claim. They demonstrate that the distinct behavioral
patterns generated by our CR model contain sufficient infor-
mation for inference, and that our NPF-based method can
effectively utilize this information, which supports our claim
that the user’s latent cognitive bound is practically identifi-
able within our proposed framework.

Application Demonstration: Assistive-POMDP

Setup To demonstrate how our CR user model and infer-
ence method can benefit developing adaptive Al assistants,
we designed an Al assistant aimed at maximizing the collab-
orative return while minimizing intervention cost. Here, the
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Figure 5: The learned adaptive assistance policy shows the
distribution of assistance types provided by the Al assistant
to simulated users with different ground-truth memory de-
cay rates (#). The Al learned not to intervene for users with
good memory (f < 0.3), provide timely memory hints for
moderately forgetful users, and provide more direct action
hints for users with severe memory decay (6 > 0.9).

assistant observes the CR agent’s actions and the task envi-
ronment while the CR agent solves the navigation task, and
is tasked with helping it. The Al is rewarded when the CR
agent finds the goal. The Al can do nothing or, for a small
cost, remind the CR agent of a previous critical observation
or, for a higher cost, suggest an action directly. The Al is
assumed to have access to the state of the environment, and
thus knows where the goal is, but does not know the internal
state h or cognitive bounds 6 of the user. We formalize the
AT’s problem as a POMDP, where the internal state and pa-
rameters of the CR agent are hidden. We solve this POMDP
by using our proposed inference method to maintain a be-
lief over those hidden quantities, and optimize the belief-
based policy with PPO. The detailed formalization of this
assistive-POMDP framework and experiment setup, as well
as the assistance policy learning algorithm, can be found in
the extended version from our code repository.

Results We evaluated our solution on simulated users with
various memory bounds. The results demonstrate that the Al
learned a highly adaptive policy that tailors both the type and
timing of interventions to the inferred user cognitive bounds.
Figure 5 summarizes the learned policy by showing the dis-
tribution of each assistance type across the full spectrum of
users, showing an intuitively adaptive strategy:

e For users with low memory decay (# < 0.3), the Al
correctly infers that the user is memory competent and
learned to rarely intervene.

* For users with moderate memory decay (6 € [0.4,0.8]),
the Al identifies their need for cognitive support and pro-
vides significantly more memory hints and action hints.

 For users with severe memory decay (6 > 0.9), the Al
learns that simple memory hints are insufficient as the
user is likely to forget them immediately, thus providing
more direct action hints at critical moments.

To investigate the assistance timing, we plot an intervention
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Assistance Sequences for Selective Users
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Figure 6: The sequences show the timing of the learned
assistance. Each panel shows the assistance sequence over
multiple episodes for a user with memory bound 6; The
vertical dashed lines indicate episode boundaries. For mod-
erately forgetful users (f € {0.4,0.6}), memory hints are
occasionally provided around the end of episodes, right be-
fore making the critical decision; For users with no memory
6 = 1.0, only action hint is provided on the last step.

sequence of a representative run in Figure 6, which shows
that the AI provides memory hints for moderately forgetful
users (6 € {0.4,0.6}), and action hints for severely forgetful
users (0 = 1.0) at the end of each episode and at moments
that are critical or easy-to-forget. This demonstrates that the
Al learned to intervene at moments of maximum utility, and
that our online inference method provides a principled foun-
dation for learning an adaptive assistance policy.

Discussion and Conclusion

We have proposed a model, based on the concept of compu-
tational rationality, to explain irrational behavior as a result
of imperfect memory. Crucially, this model is flexible in its
choice of memory model fy, and allows for flexibility in the
form of latent variables. As part of our contribution, we also
described an efficient inference algorithm based on nested
particle filtering, demonstrating the effectiveness and inter-
pretability of the model and inference technique in a non-
trivial domain that reflects critical decision-making, with
both qualitative and quantitative analysis.

There are limitations that, when addressed in future work,
would further strengthen this research direction. We want
to highlight two of those: First, for simplicity, we have as-
sumed that both the user model and inference method have
access to the underlying dynamics of the problem. Second,
while our choice of memory model in the experiments is
reasonable, it is likely insufficient to capture realistically so-
phisticated agents. Nevertheless, we believe this work is an
important step toward a general model for prediction and
inference over the irrational behavior of agents due to im-
perfect memory.
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