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Abstract

As intelligent systems advance rapidly, human-robot collab-
oration is becoming increasingly important. Ensuring that
the intelligent agent’s behaviors match human intentions and
value preferences is crucial for effective collaboration, which
is termed the value alignment problem. Within the Reinforce-
ment Learning (RL) paradigm, value alignment typically re-
lies on pre-designed reward functions, and Cooperative In-
verse Reinforcement Learning (CIRL) is often used to model
value alignment as a human-robot game. However, existing
works often assume that human is perfectly rational, and can
fully obtain robot’s belief on human’s preference. To address
this limitation, we propose a Particle Filter-based Hierarchi-
cal Dynamic Programming algorithm (PFHDP). By model-
ing the robot’s belief state, this algorithm ensures the correct
updates of human’s estimate of the robot’s belief. This al-
lows human to adopt more targeted pedagogical behaviors to
guide the robot based on her understanding of the robot’s cur-
rent belief, achieving belief alignment between human and
robot and thereby promoting value alignment more effec-
tively. Furthermore, we run experiments to evaluate the pro-
posed method in two cooperative scenarios against some typ-
ical benchmark approaches. The experimental results show
that our method can strengthen the alignment of belief states
between human and robot, leading to enhanced value align-
ment.

Introduction
With the rapid development of artificial intelligence and the
gradual rise of applications such as autonomous driving, ser-
vice robotics, and virtual reality, human demand for intelli-
gent machine assistants has increased significantly, which
poses significant challenges for safe and effective human-
robot interaction(Semeraro, Griffiths, and Cangelosi 2023;
Inkulu et al. 2022). Since more advanced agents tend to have
greater undesirable effects (e.g., manipulation (Perez et al.
2023) and deception (Park et al. 2024b)), this has triggered
research efforts to ensure that these agents pursue the right
goals (Ord 2020; Bucknall and Dori-Hacohen 2022). Thus,
the value alignment problem has been proposed to reach
a common understanding and awareness of task goals be-
tween humans and AI agents, i.e., to ensure that AI agents
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behave in accordance with human intentions and prefer-
ences (Gabriel 2020; Ji et al. 2023). In real-world scenar-
ios, value alignment is generally manifested in the ability
of an AI agent to infer user preferences based on user con-
versations or behaviors, and to perform behaviors expected
by humans (Zhang et al. 2025; Gabriel and Ghazavi 2022)
(Subsequently, ”robot” refers generically to an AI agent).

Specifically, in Reinforcement Learning (RL) scenarios,
this process is realized through a human pre-designed re-
ward function that the robot continuously interacts with the
environment based on this reward function, continuously ad-
justs its strategy, and ultimately accomplishes the human-
specified task goals. Currently, such reinforcement learning
methods have been widely used in several fields, including
games (Vinyals et al. 2019), autonomous driving (Zhou et al.
2020), robot control (Chen et al. 2022), and so on. In these
scenarios, robots are able to formulate effective strategies
by maximizing cumulative rewards when a suitable reward
structure exists. However, in many scenarios, humans are of-
ten unable to explicitly formalize or express their true goals.

Therefore, instead of optimizing a pre-specified reward
function, existing research focuses on robots attempting to
infer human preferences, i.e., robots can learn reward func-
tions over time using human behavior. Common approaches
include Reinforcement Learning based on Human Feedback
(RLHF) (Yu et al. 2024), Imitation Learning (IL) (Wu et al.
2019), Inverse Reinforcement Learning (IRL) (Abbeel and
Ng 2004), and Collaborative Inverse Reinforcement Learn-
ing (CIRL) (Hadfield-Menell et al. 2016). CIRL formulates
value alignment as a real-time two-player game where hu-
man and robot share an identical reward function. More
importantly, the reward function and signals are invisible
to the robot, which can only be inferred from the human.
There is some work that models human in CIRL as per-
fectly rational (Shah et al. 2020), which is clearly unreal-
istic; therefore, some researchers have been trying to relax
the assumption of rationality in CIRL (Malik et al. 2018;
Fisac et al. 2020).Meanwhile, scholars have highlighted the
significance of guidance from human to robot. They argue
that people tend to act in a pedagogical manner, actively
choosing actions that provide information about preferences
(Fisac et al. 2020). Existing work on pedagogical CIRL,
takes into account the random and pedagogical behavior of
human, which also models the process——robot needs to
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make decisions by sustaining Bayesian beliefs regarding hu-
man preferences, leveraging the game’s information asym-
metry. However, the work assumes that human can infer
robot‘s belief directly as an element of their own decision-
making process. Evidently, this assumption is unrealistic in
real-world scenarios. It fails to incorporate human’s under-
standing of the robot’s belief, leading to a critical break-
down in belief alignment. Specifically, human may lack tar-
geted behaviors to align her belief with the robot’s during
decision-making, hindering value alignment effectiveness.

To address this limitation, we propose a Particle
Filter-based Hierarchical Dynamic Programming algorithm
(PFHDP) for solving the value alignment problem in CIRL.
The algorithm adopts particle filtering to model the robot’s
belief state based on historical interaction trajectories. The
method maintains the human’s approximate estimate of the
robot’s current belief distribution, enabling correct updates
to the human’s estimation of the robot’s belief. Ultimately,
it realizes the human’s estimation of the robot’s belief align-
ing with the robot’s true belief distribution, while the robot’s
belief can be aligned to the human’s true value preference.
Thus, human can adopt more targeted pedagogical behav-
iors to guide the robot based on her estimation of the robot’s
current belief, realizing human-robot belief alignment, and
promoting value alignment more effectively.

We validate the effectiveness of the PFHDP algorithm
in two experimental scenarios. The results show that, com-
pared with three typical value alignment methods, our algo-
rithm achieves human-robot belief alignment based on esti-
mating the robot’s current beliefs. Furthermore, it yields a
more effective value alignment strategy. In addition, abla-
tion experiments on different rationality coefficients demon-
strate the following: when the rationality of human decision-
making is maintained within a certain range, human actions
can provide signals conducive to the update of the robot’s
belief state. This enables the realization of value alignment.

Related Work
RLHF RLHF dynamically aligns robots to human prefer-
ences through human feedback. Some work focuses on ac-
curately modeling human preferences, constructing various
reward functions based on different preference categories
and granularity (Christiano et al. 2017; Park et al. 2024a;
Chakraborty et al. 2024). Other strands of research focus on
modeling the feedback approach to optimize the alignment
effect, where the robots try to fit human values through be-
haviors such as labeling, rewarding, and demonstrating in
different scenarios (Yu et al. 2024). However, these meth-
ods often suffer from feedback lag, making them difficult
to adapt to real-time scenarios. CIRL solves this problem
through instantaneous interaction in human-robot collabora-
tive scenarios.

IL and IRL IL approach bypasses the design of the re-
ward function and learns human behaviors directly with
goal-oriented, implicitly realizing value alignment (Silver
et al. 2016; Wu et al. 2019; Stiennon et al. 2020; Lightman
et al. 2023). However, the learning process of IL focuses
more on the current local state characteristics without suffi-

ciently considering the effects of future states. This may lead
to poor performance of the learned strategies in long-term
or complex environments. To address this limitation, IRL
aligns human preference values by learning reward functions
optimized by experts from provided demonstrations.

IRL is an important branch of IL. Unlike general IL meth-
ods, IRL considers the recovery of intrinsic reward func-
tions through expert trajectories to achieve value alignment
(Abbeel and Ng 2004; Ziebart et al. 2008). Some of the work
considers a different reward design model, namely Reward
Modeling (Leike et al. 2018; Wu et al. 2021). However, IRL
usually assumes that the expert strategy is the optimal one,
e.g., robot passively observes isolated human expert. If some
of the expert’s actions are not optimal, the targeted optimiza-
tion becomes difficult to implement. CIRL relaxes this re-
striction. Instead of simply assuming that the human policy
is optimal and mimicking human behavior, the robot assists
the human as much as possible in completing the task, which
is therefore robust to suboptimal expert policies.

CIRL CIRL focuses on achieving value alignment in
human-robot interactions , which allows robot to maintain
uncertainty about a goal, rather than trying to optimize a
potentially suboptimal goal (Hadfield-Menell et al. 2016).
Since human cannot define a perfect goal all at once, hu-
man rewards are parameterized in the model, and the re-
ward function is modified through constant observation and
interaction. There is some work modeling human in CIRL
as a perfectly rational agent (Chan et al. 2019; Shah et al.
2020). Furthermore, some researchers have explored re-
laxing the rationality assumption in CIRL. (Malik et al.
2018) relaxes the assumption of perfect human rational-
ity by modeling human with random exploratory behavior
and using value iteration to derive optimal agent strategies.
(Büning, George, and Dimitrakakis 2022) considers subop-
timal human decision model, frames human-robot collabo-
rative decision-making as a Stackelberg game, and approxi-
mates optimal responses via extended Bayesian Inverse Re-
inforcement Learning.

Meanwhile, researchers have noted the significance of
guidance from human to robot, arguing that people will
tend to act in a pedagogical manner, actively choosing ac-
tions that provide information about preferences (Fisac et al.
2020). In contrast, our work adds human understanding of
robot’s belief, incorporating the critical belief alignment
process. This helps human make pedagogical behaviors that
lead to alignment with robot’s belief during decision-making
process, facilitating the value alignment effectiveness.

Preliminaries
Cooperative Inverse Reinforcement Learning
Game
Cooperative Inverse Reinforcement Learning (CIRL)
(Hadfield-Menell et al. 2016) formalizes value align-
ment as a two-player game between a human H and a
robot R. Formally, a CIRL game can be described by a
tuple ⟨S, {AH , AR}, T, {Θ, r}, P0, γ⟩ where S denotes
the set of possible states of the world; AH and AR are
the sets of actions available to H and R respectively;
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T : S × S × AH × AR → [0, 1] represents the dis-
crete transition probabilities to the next state, conditioned
on the previous state and the actions of H and R, i.e.,
T (s′ | s, aH , aR); Θ is the set of static value preference
spaces; r : S×AH ×AR×Θ → R is the parameterized re-
ward function, that is, r(s, aH , aR; θ); P0 : S × Θ → [0, 1]
is the probability measure of the initial state and value
preference; γ ∈ [0, 1] is the discount factor.

The robot cannot directly access the human’s true value
preference θ ∈ Θ, but instead maintains a belief over θ, de-
noted as bR. Simultaneously, we explicitly model the hu-
man’s belief about the robot’s belief, defining it as bH(bR).
We assume that belief and the estimation over belief can be
parameterized (that is always feasible if Θ is a finite set). We
define ∆Θ as the corresponding finite-dimensional parame-
ter space, expressed by bR ∈ ∆Θ, bH(bR) ∈ ∆Θ. Subse-
quently, let Q : S × ∆Θ × AH × AR × Θ → R denotes
the joint action value function of the CIRL game for a given
value preference θ.

Human Decision Behavior Modeling

To solve for Q, we first should have an appropriate hu-
man decision-making model. As people can often predict
a robot’s next action if they see the start of it, we assume
H can observe aR before committing to aH each round. A
well-established model in psychology and econometrics is
Luce choice rule, which simulates human decisions proba-
bilistically, favoring higher-utility options. In particular, we
use a usual case of Luce choice rule, the Boltzmann model
of noisy rationality, where selection probability declines ex-
ponentially with an option’s utility relative to competitors.
Here, the utility is Q, reflecting H’s expected best outcomes
for each aH . Thus, the probability of H choosing aH is:

πH(aH | s, bH(bR), aR, θ) ∝ exp (βQ(s, bH(bR), aH , aR; θ))
(1)

where β > 0 is H’s rationality coefficient. A higher β means
H’s choices are more concentrated around the optimum. As
β → ∞, H becomes perfectly rational; as β → 0, H be-
comes indifferent to Q. H exhibits pedagogical behavior
because she acts according to Equation (1), which consid-
ers how her actions will influence the robot’s belief about
the goal.

Methodology
In this paper, we propose a Particle Filter-based Hierarchi-
cal Dynamic Programming algorithm (PFHDP) to address
the value alignment problem in CIRL game. This algorithm
constructs a bi-directional alignment framework where the
robot aligns with human value preference and human aligns
with the robot’s belief state. It solves for the optimal strategy
of the human-robot system through our hierarchical dynamic
programming method. The PFHDP algorithm is primarily
divided into two modules: the forward strategy optimization
module, which corresponds to R’s decision-making process,
and the inverse teaching optimization module, correspond-
ing to human decision-making. The overall framework of
the algorithm is illustrated in Figure 1.

Figure 1: The overall framework of the PFHDP algorithm

Forward Strategy Optimization
This module models R’s belief bR(θ) about H’s value pref-
erences and the strategy πR(s, bR). Through interaction with
H , the belief value of bR on the true value preference gradu-
ally increases. When the algorithm converges, the final strat-
egy πR is generated. Unlike H , R exhibits no random behav-
ior and is thus described as a perfectly rational agent:

πR (s, bR) = argmax
aR

∑
aH ,θ Q (s, bR, aH , aR, θ) · πH(aH | s, bH(bR), aR, θ)

(2)
Since H makes decisions probabilistically based on the

joint action value, and at each step aH follows aR, making
it necessary to consider H’s upcoming action, the joint state
value is expressed as a probabilistic sum with respect to H’s
strategies. For any given θ ∈ Θ, we have:

Q(s, bR, aH , aR, θ) = r (s, aH , aR, θ) + E[γQ′(s′, b′R, a
′
H , a′

R, θ)]
(3)

Here, E[γQ′(s′, b′R, a
′
H , a′R, θ)] represents the expected

joint action value of the next state s′ under the joint ac-
tion (a′H , a′R). However, aR cannot be directly computed
yet because bH(bR) is unknown to R. Considering that
bR(θ) = bH(bR)(θ) when convergence is finally reached,
bH(bR) is directly substituted with bR here. Assuming even-
tual convergence, the results calculated using bR and bH(bR)
will be completely consistent. Consequently, R’s decision
model is transformed as:

πR (s, bR) = argmax
aR

∑
aH ,θ Q (s, bR, aH , aR, θ) · πH(aH | s, bR, aR, θ)

(4)
Following the decision-making process with the strategy

model πR, we will update the belief bR. Using the Bayesian
update formula, the updated belief b′R is given by:

b′R (θ | s, bR, aR, aH) ∝ πH (aH | s, bH(bR), aR, θ) bR(θ)
(5)

Similarly, substituting bH(bR) with bR, the belief update
formula for R simplifies to:

b′R (θ | s, bR, aR, aH) ∝ πH (aH | s, bR, aR, θ) bR(θ)
(6)

Through this module, R can make decisions and update
its belief about the value preference. Upon completion of
the iteration, R will derive the corresponding strategy to co-
operate with H in collaborative scenarios.

Inverse Teaching Optimization
We now introduce H’s decision module. Since πH has al-
ready been presented in the section on human decision mod-
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eling, this module will focus primarily on detailing the up-
date method for bH(bR)(θ). This constitutes the paper’s core
innovative contribution: explicit modeling of bH(bR)(θ) fa-
cilitates more realistic implementation of instructional be-
haviors, guiding R toward belief alignment.

First, we define the Bellman equation for H under the
boundedly rational strategy πH . For any given θ ∈ Θ:

Q(s, bH(bR), aH , aR, θ) = r (s, aH , aR, θ) + E [γQ′ (s′, b′H(bR), a
′
H , a′

R, θ)]

(7)
Analogous to Equation (5), the update formula for H’s

belief estimation bH(bR)(θ) is derived using the Bayesian
update formula:

b′H(bR) (θ | s, bH (bR) , aH , aR) ∝ πR (aR | s, bR, aR, θ) bH(bR)(θ)
(8)

If we follow the approach of the previous module re-
placing bR with bH(bR) both modules would use bi-
ased belief estimates, making convergence hardly achiev-
able. Thus, alternative methods are required to compute
πR (aR | s, bR, aR, θ).

Without compromising the actual results,
πR (aR | s, bR, aR, θ) can be substituted with
P (aR | s, πR). Through marginalization of the be-
lief distribution, H’s uncertainty regarding bR can be
addressed:

P (aR | s, πR) =
∑
bR

P (aR | s, bR, πR) · P (bR | Ht) (9)

where Ht = {s(0), a(0)R , a
(0)
H , . . . , s(t)} denotes the histor-

ical interaction trajectory, and P (bR | Ht) represents H’s
estimation of R’s possible beliefs.

At this stage, the problem reduces to approximating R’s
belief distribution based on the historical interaction trajec-
tory. Here, we employ particle filtering to estimate R’s belief
distribution, leveraging its effectiveness in addressing state
estimation within nonlinear and non-Gaussian systems.

First, Nb belief particles {b(0,i)R }Nb
i=1 are sampled from the

prior distribution P (b
(0)
R ). Then, for each time step t, pre-

dicted particles are generated via R’s belief update formula,
conditioned on the historical actions a(t−1)

R and a
(t−1)
H :

b̃
(t,i)
R ∼ P

(
b
(t)
R | b(t−1,i)

R , a
(t−1)
R , a

(t−1)
H , s(t−1)

)
(10)

Particle weights are computed based on the observed R’s
action a

(t)
R :

ω(t,i) = πR

(
a
(t)
R | s(t), b̃(t,i)R

)
ω(t−1,i) (11)

Following weight update, resampling of the particle set
is necessitated to prevent weight degeneracy, where weights
concentrate on a small subset of particles; this process pre-
serves a fixed total number of particles. To begin, the cumu-
lative distribution function is computed:

Ci =

i∑
k=1

ω(t,k) (12)

Given that resampling may fail to cover critical regions of
the belief space, leading to sample impoverishment, system-
atic resampling is employed to perform uniformly spaced

sampling. This method enforces replication proportional to
weights, ensuring adequate coverage of the belief space. A
sample u ∼ U [0, 1/Nb) is drawn from the uniform distribu-
tion, and a sequence of sampling points is constructed:

ui = u+
i− 1

Nb
(13)

For each ui, the particle index k satisfying Ck−1 ≤ ui <

Ck is identified, and b
(t,k)
R is replicated to the new set, result-

ing in a new particle set {b(t,i)R }Nb
i=1. Finally, P (bR | Ht) is

approximated by the particle set as:

P (bR | Ht) ≈
1

Nb

Nb∑
i=1

δ
(
bR − b

(t,i)
R

)
(14)

where δ(·) is the Dirac delta function. Furthermore, H’s es-
timation of R’s belief is essentially a belief state tracking
problem in POMDPs, which can be formally defined by the
joint probability:

P
(
b
(t)
R | Ht

)
= ηπR

(
a
(t)
R | s(t), b(t)R

)∫
P
{
b
(t)
R | b(t−1)

R , a
(t−1)
H P

(
b
(t−1)
R | Ht−1

)}
db

(t−1)
R

(15)
where η is the normalization constant. The update of
bH(bR)(θ) can be computed using Equations (8), (9), and
(15).

Upon completion of the algorithmic iterations,
bH(bR)(θ) = bR(θ) indicates that H has successfully
aligned with R’s belief state. As indicated by Equation (7),
H and R’s Q-values are also equal at this point, implying
indirect convergence in terms of value. Thus, R’s optimal
strategy can be derived from the joint action value:

π∗
R (s, bR) = argmax

aR

∑
aH ,θ Q (s, bR, aH , aR, θ) · πH (aH | s, bR, aR, θ)

(16)
Furthermore, a larger value of b(θ) indicates that R is

more confident that θ is H’s true value preference. Thus,
when the algorithm converges successfully, the θ that maxi-
mizes b(θ) can be taken as H’s true value preference:

θmax = argmax
θ∈Θ

b(θ) (17)

At this point, Equation (16) can be simplified to obtain
R’s optimal strategy:

π∗
R (s, bR, θmax) = argmax

aR

∑
aH

Q (s, bR, aH , aR, θmax) · πH (aH | s, bR, aR, θmax)

(18)
This presupposes that when bH(bR)(θ) = bR(θ), R can

align with H’s true preference θ̂, in which case:

lim
t→∞

bR(θ̂)
p−→ 1 (19)

Thus, θmax may serve as a proxy for θ̂. In practice, how-
ever, bH(bR)(θ) = bR(θ) is merely a necessary condition
for Equation (18). To achieve value alignment through be-
lief state alignment, H’s pedagogical action sequence {a(t)H }
must satisfy information completeness—i.e., incorporate ad-
equate discriminatory signals to distinguish between distinct
θ, thereby enabling R to update its belief state accurately. In
this case:

∀θ ̸= θ̂,E
[
πH

(
aH | θ̂

)
· πR (aR | θ)

]
< E

[
πH

(
aH | θ̂

)
· πR

(
aR | θ̂

)]
(20)
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Algorithm 1: Particle Filter-based Hierarchical Dynamic
Programming (PFHDP)
Input: Human H , Robot R, Number of belief particles Nb,
Maximum iterations T
Output: Optimal policy π∗

R

1: Initialize R’s belief bR, H’s belief bH(bR), and environ-
ment state s

2: Sample Nb belief particles
{
b
(0,i)
R

}Nb

i=1
3: for t = 1 to T do
4: R selects action aR according to Equation (4)
5: H selects action aH according to Equation (1)
6: H and R receive reward r(s, aH , aR, θ), environment

transitions to next state s′

7: Generate predicted particles
{
b̃
(t,i)
R

}Nb

i=1
using Equa-

tion (10)
8: Compute particle weights

{
ω(t,i)

}Nb

i=1
using Equation

(11)
9: Perform systematic resampling to obtain updated par-

ticle set
{
b
(t,i)
R

}Nb

i=1
using Equations (12) and (13)

10: Update R’s belief b′R using Equation (6)
11: Update H’s belief b′H(bR) using Equations (8), (9),

and (15)
12: end for
13: Estimate maximum value preference θmax via Equation

(17)
14: Derive optimal robot policy π∗

R via Equation (18)

As a result, the expected utility of incorrect targets is sup-
pressed, and the system stabilizes at θ̂.

However, due to H’s characteristic of bounded rationality,
when the rational coefficient β is too small, H gradually de-
generates into random decision-making and fails to provide
actions that sufficiently distinguish different θ, thereby caus-
ing the algorithm to fail to converge and ultimately resulting
in alignment failure.

Thus, to ensure that calculations can proceed according to
Equation (17), the following condition should be satisfied as
much as possible:

∀θ ̸= θ̂,

∞∑
t=1

log
πH

(
a
(t)
H | θ̂

)
πH

(
a
(t)
H | θ

) → ∞ (21)

In other words, humans must continuously provide dis-
criminative actions related to θ̂.

Experiments
Environments
This study adopts the test environments designed by
(Hadfield-Menell et al. 2016), namely ChefWorld and Grid-
World. These environments differ in the design of value
preferences and reward functions, enabling the evaluation of
the generalization capability of value alignment algorithms
across diverse scenarios.

ChefWorld. ChefWorld is a one-dimensional collabo-
rative decision-making scenario. We assume N possible
recipes, M types of ingredients, and a storage limit τ = 5 for
raw items. H selects ingredients based on recipes and pref-
erences, while R infers H’s target dish by observing H’s be-
haviors and assists in ingredient selection. At each step, both
H and R choose an ingredient. A reward of 1 is granted if
the selected ingredients match H’s target dish.

GridWorld. GridWorld is a two-dimensional collabora-
tive decision-making scenario. We define the side length
of the grid as Size and the number of feature points as
Features. H and R move within this Size × Size grid to
collect rewards. At each step, both agents select a direction
of movement (left, right, up, down, or stay). H holds dis-
tinct value preferences over this set of feature points. The
reward associated with a feature point is +1 or -1, depending
on H’s preferences. For all other points, the reward is com-
puted as a weighted sum of the squared Euclidean distances
to all feature points.

Hyperparameters
In all the experiments, we set the general parameters of the
PFHDP algorithm as follows: the discount factor γ is set to
0.9 to balance immediate and future rewards; the number of
iteration steps T is 200, providing sufficient time for learn-
ing and convergence; the number of belief particles Nb is
100, ensuring an efficient approximation of the belief state
distribution while maintaining computational efficiency; and
the rational coefficient β is 1, moderately regulating the ra-
tionality of human decisions, balancing rationality and ran-
domness in human behavior.

Baseline Algorithms and Evaluation Metrics
To evaluate the effectiveness of the PFHDP algorithm, it is
compared against three baseline algorithms:

ECIRL(Malik et al. 2018). A classical cooperative in-
verse reinforcement learning algorithm that models humans
as perfectly rational decision-makers. It formulates CIRL
as a Coordinator-POMDP and solves the problem based on
Monte Carlo Tree Search.

oDec-AIRL(Suresh et al. 2024). oDec-AIRL is a multi-
agent inverse reinforcement learning algorithm. It addresses
multi-agent coordination problems using decentralized con-
trol methods in Dec-MDP environments.

ECIRL-R(Malik et al. 2018). A variant of ECIRL that
models human as boundedly rational yet neglects human’s
estimation of the robot’s value preference beliefs.

In ChefWorld, the evaluation metrics are the belief in the
true value preference and the mean cumulative reward. The
belief in the true value preference is reflected by bR(θ̂),
which represents the confidence of R’s estimated value pref-
erence in aligning with H’s true value preference. This met-
ric serves as a standard to measure whether R successfully
aligns with H . The mean cumulative reward can be inter-
preted as the number of dishes successfully completed. A
higher cumulative reward indicates a better alignment be-
tween R and H’s value preferences.
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(a) Evolution of belief
in true value preference over
interactions

(b) Experimental results of cu-
mulative rewards across different
environment scales

Figure 2: ChefWorld experimental results

In GridWorld, the evaluation metrics are the difference
between the true and estimated values and the mean cu-
mulative reward. The difference between the true and es-
timated values is calculated as the Euclidean distance be-
tween θ and θ̂, weighted by the belief distribution bR(θ).
This is expressed as Difference(θ) =

∑
θ∈Θ bR(θ)|θ − θ̂|2.

A smaller difference indicates that R’s value preferences are
closer to those of H , making it a criterion for assessing the
alignment success of R with H . The mean cumulative re-
ward varies based on H’s different value preferences, with
different locations offering different rewards. A higher cu-
mulative reward indicates that R has accurately grasped H’s
value preferences for different locations, resulting in a better
alignment outcome.

Experimental Results
This section analyzes the performance of the PFHDP al-
gorithm and the aforementioned baseline algorithms across
two experimental environments, concluding with an analy-
sis of the results from ablation experiments on the rationality
coefficient β within the algorithm’s inverse teaching opti-
mization module. All experiments were repeated 10 times,
with the mean value computed to ensure the stability and
reliability of the results. Furthermore, since the human strat-
egy employed is boundedly rational, humans make random
decisions with a certain probability based on the value func-
tion. When the algorithm is designed with a joint action
value function, such a function serves as the value function;
otherwise, the value function is by default H’s own, with
R’s actions not factored in.

ChefWorld In interactions, R updates its beliefs over all
possible value preferences. We thus analyze the evolution
of R’s belief in H’s true value preference θ̂ as interactions
proceed. Figure 2(a) shows the evolution of R’s belief b(θ̂).

When humans make irrational decisions, the alignment
of b(θ̂) exhibits a clear upper bound. This is because H
may choose actions that do not maximize the value func-
tion, thereby misleading R’s inference of H’s true pref-
erences. In ECIRL, if H’s action does not maximize the
value, the algorithm directly discards the current value es-
timate, potentially missing the correct update and leading
to a marked decline in how well θ̂ is aligned. While oDec-
AIRL achieves inferior alignment compared to PFHDP and
ECIRL-R, it outperforms ECIRL. This can probably be at-

tributed to oDec-AIRL’s lack of explicit modeling of H’s
strategy (which avoids errors from mis-specification) and its
implicit inference of H’s policy through multi-agent rein-
forcement learning. PFHDP and ECIRL-R, through accurate
modeling of bounded rational human decisions, yield higher
b(θ̂) alignment. Notably, PFHDP’s additional consideration
of H’s perception of R’s beliefs enables more precise mod-
eling of interactive decision-making and belief updates, re-
sulting in superior alignment.

We use mean cumulative reward to further evaluate value
alignment across scaled scenarios. Results are shown in
Figure 2(b). Evidently, ECIRL performs poorly in align-
ing b(θ̂) and consequently yields lower cumulative re-
wards, as it neglects the stochasticity and pedagogical na-
ture of human decisions. oDec-AIRL, which implicitly mod-
els human strategies via multi-agent learning, is less sen-
sitive to variations in H’s policy. In contrast, PFHDP and
ECIRL-R adopt more reasonable human decision models.
Specifically, PFHDP incorporates bH(bR) into the joint
action value calculation, enabling H to guide R’s align-
ment more effectively by estimating R’s current belief. This
leads to R’s faster convergence to H’s true value. The
superiority of PFHDP is validated in the more complex
scenarios(N = 8,M = 5 and N = 10,M = 6), where it
achieves the highest mean cumulative reward.

GridWorld This section presents experiments in the more
complex GridWorld environment. As shown in Figure 3(a),
we analyze how the difference between R’s estimated and
true values evolves over interaction steps.

Notably, oscillations during the interaction process were
significantly amplified compared to the ChefWorld experi-
ments, indicating that achieving value alignment becomes
more challenging in complex scenarios. ECIRL, which mod-
els human as a perfectly rational agent, struggles when H
exhibits stochastic behavior, it erroneously updates its value
estimates, thereby leading to resulting in degraded align-
ment performance.

In contrast, oDec-AIRL, ECIRL-R, and PFHDP demon-
strate better performance. This can be attributed to their
more refined human modeling frameworks that adeptly in-
corporate bounded rationality considerations. Specifically,
oDec-AIRL implicitly models human strategies through
multi-agent interactions, while ECIRL-R accurately cap-
tures H’s boundedly rational decision-making but overlooks
H’s estimation of R’s beliefs. PFHDP, however, explicitly
incorporates bH(bR) into its framework, enabling more pre-
cise modeling of interactive belief updates and thus achiev-
ing superior alignment.

We further investigated the impact of environmental scale
on value alignment performance, with mean cumulative re-
wards presented in Figure 3(b). As the figure illustrates, all
algorithms exhibit a slight decline in mean cumulative re-
ward as the environment scale increases. This trend is likely
attributable to the expanded state and action spaces, which
induce greater instability in belief updates. Furthermore, the
reward rankings of the algorithms are broadly consistent
with the belief estimation discrepancies shown in Figure
3(a); specifically, smaller discrepancies between the true and
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(a) Difference between
estimated and true values over
interaction steps

(b) Cumulative rewards across
varying environment scales

Figure 3: GridWorld experimental results

estimated values correlate with higher rewards.

Ablation Studies
In the inverse teaching optimization module, this paper an-
alytically shows that the rationality coefficient β in the hu-
man decision model influences aH , thereby altering R’s be-
lief distribution updates and ultimately impacting alignment
performance. However, this finding lacks experimental val-
idation. Thus, this section investigates the effect of varying
rationality coefficients β on actual alignment.

Four distinct values of β are tested: 0.5, 1, 5, and 10.
When β = 0.5, H tends to make random decisions with
high probability. For β = 1, H follows the PFHDP algo-
rithm. At β = 5, H exhibits a stronger tendency toward
rational decisions. When β = 10, H approaches perfectly
rational decision-making, with a high likelihood of select-
ing the action maximizing joint action value.

The experiment, designed to validate the hypothesis in the
inverse teaching optimization module (that bH(bR) = bR
does not guarantee R’s alignment with H’s values), is con-
ducted in the ChefWorld environment with two evaluation
metrics: the first is the human-robot belief discrepancy, de-
fined as Difference(bR) = ∥θbH(bR) − θbR∥2, which quanti-
fies the belief divergence between H and R; The second is
bR(θ̂), R’s belief in the true value, which should approach
1 with successful alignment to H’s preference values. We
use a 500-step interaction horizon to ensure algorithmic con-
vergence. Concurrently, to avoid initial bH(bR) = bR, R’s
belief is initialized uniformly, while H’s belief is randomly
sampled with a unit-sum constraint.

Figure 4(a) presents experimental results on how β influ-
ences belief alignment. For β = 0.5, the algorithm oscil-
lates persistently: a sufficiently small rationality coefficient
causes H to act randomly, making it difficult for R to extract
useful information for belief updates. Erroneous updates, in
turn, further prevent R from signaling its current beliefs to
H , resulting in failed alignment.

For other β values, algorithms converge to comparable
levels but differ in convergence speed. β = 10 converges
approximately at Step 80, β = 5 at Step 140, and β = 1
at Step 260. This highlights the critical role of H’s ratio-
nality in enabling convergence. Meanwhile, since the algo-
rithms with three distinct rationality coefficients ultimately
converge to the same level, we infer belief alignment will
eventually be achieved, if H can continuously provide valid
behavioral information relevant to its own values.

(a) Belief alignment
performance under varied
rationality coefficients

(b) True value belief over inter-
action steps under different ratio-
nality coefficients

Figure 4: Ablation results on rationality coefficient β

To further validate the hypothesis that bH(bR) = bR does
not guarantee value alignment, and to compare the influence
of β on value alignment, we analyze R’s belief regarding the
true value across interaction steps for varying β. The results
are shown in Figure 4(b). At β = 0.5, the necessary con-
dition bH(bR) = bR for value alignment is not met, caus-
ing bR(θ̂) to exhibit persistent oscillations without conver-
gence. Conversely, although the algorithms corresponding to
other rationality coefficients have achieved alignment in be-
lief states (i.e., bH(bR) = bR), the degree to which R aligns
with H’s true value preference θ̂ differs. This validates the
hypothesis put forward in the inverse teaching optimization
module: bH(bR) = bR is not a sufficient condition for value
alignment. Notably, while β = 10 yields a higher degree of
belief alignment, its value alignment degree is inferior to that
of β = 5. This suggests that highly rational humans, while
more likely to achieve belief alignment, are less adept at pro-
ducing pedagogical actions, leading to reduced value align-
ment. Thus, we infer that the rationality coefficient must be
constrained within a certain range.

Discussion and Conclusion
This paper proposes a Particle Filter-based Hierarchical
Dynamic Programming algorithm (PFHDP) to address the
value alignment problem in human-robot collaboration. By
incorporating the processes of human understanding of the
robot’s belief and belief alignment, the algorithm breaks
away from the idealized assumption in traditional CIRL that
human can directly infer the robot’s belief. Thus, we pro-
vide a more practical solution for human-robot collabora-
tion in complex scenarios. Experimental results in two typ-
ical collaborative scenarios demonstrate that, PFHDP, by
incorporating human understanding of the robot’s belief,
achieves superior enhancement of human-robot belief con-
sistency compared to baselines. This superior belief consis-
tency translates to a improvement in value alignment per-
formance. Ablation studies further confirm that when hu-
man rationality coefficients are within a reasonable range,
human behaviors can provide more effective signals for up-
dating the robot’s belief, promoting value alignment. Future
work will involve integrating deep networks to enhance our
algorithm’s scalability for larger-scale problems, as well as
extending it to multi-agent systems and partially observable
environments. Furthermore, we will investigate how to fuse
other communication modalities to achieve value alignment.
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