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Reinforcement learning (RL) is indispensable for building intelligent decision-making agents. However, 
current RL algorithms suffer from statistical and computational inefficiencies that render them useless 
in most real-world applications. We argue that high-value information in the real world is essential for 
intelligent decision-making; however, it is not addressed by most RL formalisms. Through a closer 
investigation of high-value information, it becomes evident that, to exploit high-value information, there 
is a need to formalize intelligent decision-making as bounded-optimal lifelong RL. Thus, the challenge 
of achieving intelligent decision-making is summarized as effectively surfing information, specifically 
regarding handling the non-IID (independent and identically distributed) information stream while 
operating with limited resources. This study discusses the design of an intelligent decision-making 
agent and examines its primary challenges, which are (a) online learning for non-IID data streams, (b) 
efficient reasoning with limited resources, and (c) the exploration–exploitation dilemma. We review relevant 
problems and research in the field of RL literature and conclude that current RL methods are insufficient 
to address these challenges. We propose that an agent capable of overcoming these challenges could 
effectively surf the information overload in the real world and achieve sample- and compute-efficient 
intelligent decision-making.

Introduction

Reinforcement learning (RL) is a fundamental learning para-
digm for studying the interactive decision-making of an agent 
in an environment to maximize its interest, as measured by 
cumulative rewards [1]. It has been hypothesized that rewards 
alone are sufficient to enable the development of a diverse 
range of abilities exhibited by natural and artificial intelli-
gence, including knowledge representation, learning, percep-
tion, social interaction, language, generalization, and imitation 
[2]. However, in its current form, RL cannot make this grand 
vision a reality.

Current RL approaches primarily rely on large-scale trial-
and-error learning, as opposed to reasoning in light of lim-
ited experience as humans do. For example, DeepMind’s 
general RL algorithm MuZero [3] trains on 1 million mini-
batches of size 2,048 in board games, where each sample is 
collected at a computational cost of 800 simulations. One might 
argue that this wastefulness is caused by the inefficiency of the 
current algorithms. However, the learning theory suggests that 
complex situations exist for nonlinear problems for which 
the sample size required by RL increases exponentially [4,5]. 
Sample inefficiency occurs because in classic domains such as 
Go and Atari games [6], the agent must collect information 
through trial and error, which generally reveals little informa-
tion about the optimal strategy. Moreover, even if we have the 
information required to identify the optimal strategy, search-
ing for the optimal policy (specifically, planning) remains a 
computationally daunting task. For instance, we have all the 

information needed to derive an optimal policy for Go once 
the rules of the game are revealed to us. However, under-
standing the rules is by no means equivalent to playing Go 
flawlessly. Mastering Go is intellectually onerous and compu-
tationally intensive. The computational inefficiency of plan-
ning is an insurmountable hindrance [7]. Both statistical and 
computational inefficiencies render general RL from scratch 
impractical.

For an agent to learn as efficiently as humans, it is crucial 
to give the agent access to high-value information such as 
manuals, tutorials, and demonstrations. Such information can 
inform the agent about how the world works, how to act, how 
to reason, how to evaluate, how to explore, etc. For example, a 
Go-playing agent may observe instructions stating, “A solidly 
connected group of stones is removed from the board when all 
directly adjacent intersections are occupied by the enemy,” and 
“A fundamental Go strategy involves keeping the stones con-
nected.” These instructions provide informational and compu-
tational benefits, respectively, to intelligent agents. The former 
can dramatically reduce the need for trial and error in deter-
mining the rule. The latter structures the Go-playing problem 
in terms of the connectedness of stones and enables efficient 
reasoning at this more abstract level. In addition, it provides a 
good starting point and heuristic for policy search.

As demonstrated above, the existence of high-value infor-
mation in observations helps in overcoming both statistical and 
computational inefficiencies, and makes it possible to improve 
policy purely through observation rather than interaction. In 
human society, individuals acquire knowledge of the world and 
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learn to act primarily by reading, hearing, watching, and 
contemplating. Each benefits from human civilization, and 
everyone stands on the shoulders of giants. Learning from 
information-rich observations is the fundamental ability 
needed to solve intricate real-world tasks that are otherwise 
intractable. This is the central problem in building an autono-
mous intelligent agent [8].

Notably, the high-value information we demonstrate exhib-
its 2 distinct features. First, high-value information is inher-
ently not independent and identically distributed (IID). The 
IID assumption assumes a fixed unknown probability dis-
tribution, and a new sample from the distribution reveals 
historically independent information. However, high-value 
information does not follow the same distribution as past 
observations. Moreover, the underlying process for generating 
these pieces of information involves complex interactions and 
dependencies that cannot be ignored. The present observation 
should not be treated with disregard for history; in fact, the 
meaning carried by high-value information is comprehensible 
only when due consideration is given to past information. In 
the example of Go, knowledge of the language and common 
sense is essential for understanding the declared rules and 
high-level strategies. Methods that ignore dependencies fail. 
Second, certain high-value information is beneficial only for 
computationally aware agents. An agent with unlimited com-
pute can safely ignore the second Go instruction concerning 
high-level strategy and derive the optimal strategy purely 
from the rules of Go at the level of primitive states and 
actions. All high-level abstractions are subject to a certain 
degree of inaccuracy and should be abandoned by such an 
agent. Only a computationally aware agent has the potential 
to appreciate the value of computationally beneficial infor-
mation and to make trade-offs between accuracy and compu-
tational cost.

These novel features demand a formalization of intelligent 
decision-making that captures the non-IID nature of the agent’s 
observation stream and is computationally aware. Inspired by 
[2,9,10], we formalize intelligent decision-making as bounded-
optimal lifelong RL in the “The formalization of intelligent 
decision-making” section.

After introducing a formalism, we discuss the design of an 
intelligent agent in terms of 3 indispensable parts: knowledge, 
reasoning, and a goal. These components are shown in Figure. 
We identified 3 fundamental problems in agent design.

• The first problem is overcoming the non-IID nature of the 
information stream and obtaining knowledge on the fly.

• The second problem is to support efficient reasoning given 
bounded resources.

• The third problem concerns determining the goal of 
reasoning such that the agent seeks a long-term return and 
avoids being hooked by short-term interests. This is known as 
the exploration–exploitation dilemma.

In the “Design of the agent” section, these issues are 
discussed in detail. Related problems and related research are 
discussed in the “Related problems and research” section. 
Finally, the deficiencies of contemporary RL are discussed in 
the “The deficiency of the contemporary RL” section. All sym-
bols we used are listed in Table.

Materials and Methods

The formalization of intelligent decision-making
In the “Formalization” section, we formalize intelligent 
decision-making by considering the non-IID nature of the 
observation stream and limited computation. The relationship 
between this formalism and the conventional RL formalisms 
is discussed in the “Relation to conventional RL” section.

Formalization
Intelligent decision-making involves the interaction of an envi-
ronment  and an agent �. In particular, we consider the case 
in which an interaction occurs in discrete time steps. An envi-
ronment  is a tuple (,, �), where  represents the action 
space,  denotes the observation space, and ρ represents 
the observation model. The observation model specifies that 
ρ(ot+1| ht) represents the probability of an event in which, given 
the interaction history ht, the agent receives the observation 
ot+1 ∈ . Herein, ht denotes the interaction history until time 
t, ht = (a1, o1, …, at, ot), and at ∈ and ot ∈  represent action 
and observation at time t, respectively. An agent � is a function 
that maps the interaction history ht to a distribution of actions. 
The probability of executing an action at+1 at time t + 1 is 
�
(
at+1

||ht
)
.

To establish the computing constraint, the interaction between 
the agent and the environment is set to occur in real-time with 
a fixed interval, and the agent function is constrained to the 
set  of functions implementable in a real machine.

It is the job of the agent designer to design an agent � ∈  
such that the performance measured by the agent’s expected to 
return V� = �hT∼�,�

�∑T
t=1 R

�
ht
��

 is maximized, where the 
expectation is taken with respect to the interaction between 
the agent � and the observation model ρ of the environment , the reward function R encodes the agent’s preference for 
histories, and T denotes the potentially random lifespan of the 
agent. This criterion is called bounded optimality [9,11].

High-value information is indispensable for making intel-
ligent decision-making tractable despite limited compute. This 
can be characterized by the value of information (VOI):

where V�

�
ht
�
= �hT∼�,�

�∑T
i=t+1 R

�
hi
���ht

�
    , and V�

(

ht , ot+1

)

=

�at+1∼�(⋅|ht )
[
V�

(
ht , at+1, ot+1

)]
. The VOI depends on the 

agent’s history and is affected by the agent’s information 

(1)VOI
(
ot+1

||ht
)
= V�

(
ht , ot+1

)
− V�

(
ht
)
,

Knowledge
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Fig. 1. Generic diagram for agent design. An agent can be understood in terms of 3 
parts working together: the knowledge part, the reasoning part, and the goal. The 
knowledge part retains everything the agent has learned from its entire history. The 
reasoning part is a computational process that processes newly arrived information 
based on the learned knowledge. It helps condense information into various kinds of 
knowledge and concludes the actions the agent should take. The goal is something 
that orients the reasoning process and is aligned with the agent’s lifelong interests.
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processing capabilities. An agent designed for intelligent 
decision-making should be able to exploit high-value informa-
tion if it exists.

Unfortunately, this formalism provides little information on 
how an agent should be designed. Although the maximization 
max�∈V� constitutes a proper optimization problem, it does 
not seem amenable to human effort because the space of agents 
is vast. Only miraculous nature could ever complete such a mag-
nificent feat and create intelligent agents such as Homo sapiens. 
In the “Design of the agent” section, we discuss agent design at a 
higher level, focusing on learning and utilization of knowledge.

Relation to conventional RL
The formalism of intelligent decision-making considers all pre-
vious RL settings as special cases. The closest formalism is that 
adopted in [2], with the sole difference being that, in our for-
malism, the agent makes decisions at time t based solely on the 
history before time t. The decision is delayed because any com-
putation is time-consuming.

The paradigm of continual (lifelong) RL [12] is closely related 
to our formalism. It addresses the challenge of non-IID learning 
and recognizes the limitations of computation. However, a major 
difference exists. Instead of aiming for bounded optimality, this 
approach seeks calculative rationality, which approximates the 
optimal solution given limited computing power [9]. Calculative 

rationality does not fully acknowledge the sequential nature of 
reasoning, and limited computational resources are not organ-
ized toward the agent’s long-term interests. To illustrate this 
difference, we consider an example in which an agent is requested 
to answer 2 mathematical questions sequentially. Each question 
has a time limit of 1 min, and both are revealed to the agent at 
the beginning. Although the 2 questions are equally challeng-
ing, the payoff is low for the first question and high for the 
second. The optimal strategy, which a lifelong learning agent 
seeks to approximate, is to answer both questions perfectly, 
whereas a bounded optimal agent may intentionally sacrifice 
its performance on the first question to boost its performance 
on the second. Similar trade-offs appear repeatedly for lifelong 
learning agents with limited compute.

The reward function in our formalism is deterministic; 
however, this is not a strong restriction. To model stochastic 
reward RL, all we need is to treat the stochastic reward as an 
extra dimension of the observation, that is, to concatenate the 
reward and observation to form a new observation.

To model episodic RL, we can reset the environment peri-
odically such that ρ(ot+1| ht) = ρ(ot+1| hr:t), where r is the latest 
resetting time, which is initially 1, and hr:t denotes the partial 
history (ar, or, …, at, ot). In our formalism, the environment and 
agent put forward their responses to each other simultaneously. 
However, this does not preclude alternate responses, as in con-
ventional RL. The agent and environment are free to agree on 
certain interactive patterns. For example, we may allow the envi-
ronment to respond to an agent only after it receives an action, 
and the agent is allowed to take an action only after receiving a 
new observation. In this manner, the agent and environment 
respond alternately.

In the following, we reduce common RL settings to intel-
ligent decision-making. For simplicity, we assume that the 
agent acts on even time steps and the environment responds 
on odd time steps.

• RL in Markov decision processes (MDPs): An MDP is defined 
as a tuple ( ,,�,P,R), where  is the state space,  is the action 
space, μ is the initial state distribution, and μ(s1) is the probability 
of s1 ∈  in the first time step. For n ∈ ℕ, P is the state transition 
model, P(s2n+3| s2n+1, a2n+2) is the transition probability for states 
s2n+3, s2n+1 ∈  and action a2n+2 ∈, and R(s2n+1, a2n+2) is the 
reward of taking action a2n+2 at state s2n+1. Let δ(·) be the Dirac delta 
function and o⌀ be a special observation standing for an empty 
observation. Setting  ≔ , ρ(o1| h0) ≔ μ(o1), ρ(o2n+2| h2n+1) ≔ 
δ(o2n+2 − o⌀), and ρ(o2n+3| h2n+2)= ρ(o2n+3| a2n+2, o2n+1, h2n) ≔ 
P(o2n+3| o2n+1, a2n+2) for n ∈ ℕ, we transform the MDP into an envi-
ronment (,, �). The history-dependent reward function is sim-
ilarly constructed by that of the MDP, R(h2n+2) ≔ R(s2n+1, a2n+2). 
Therefore, RL in MDPs is reduced to intelligent decision-making.

• RL in partially observable Markov decision processes 
(POMDPs): A POMDP is defined as a tuple ( ,,,�,P,Z,R), 
where Z is the state observation model specifying the probability 
of observing o2n+1 at state s2n+1 as Z(o2n+1| s2n+1), and the reward 
function R maps interaction histories to a reward. Setting 
ρ(o1| h0) ≔  ∫ ‍ μ(s1)Z(o1| s1)ds1, ρ(o2n+2| h2n+1) ≔ δ(o2n+2 − o⌀), and

(2)

Table. Table of symbols.

Symbol Description

 Environment

� Agent

 Action space

 Observation space

ρ Observation model

� Agent

at Action at time t
ot Observation at time t
ht Interaction history until time t
 Set of implementable functions

R Reward function

T Lifespan

VOI Value of information

V
�

Agent’s expected return

 State set

μ Initial state distribution

o⌀ Empty observation

P State transition model

Z State observation model

 Task space

� Task distribution

ℕ Set of natural number

δ Dirac delta function
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for n ∈ ℕ, we get an environment (,, �) out of the POMDP. 
Hence, we reduce the RL in POMDPs to an intelligent decision-
making problem.

• Meta RL: In meta RL, the agent solves a series of MDP 
tasks defined by ( ,,�,P,  ,�,R), where   is the task space, 
� is a distribution on  , and R(s2n+1, a2n+2) is the reward of 
the state-action pair (s2n+1, a2n+2). In contrast to normal MDPs, 
the initial state distribution μ and the transition function P 
take the task t ∈   as an extra variable that is unobservable 
for the agent. In meta RL, we sample a new task from the task 
distribution � every 2k time steps. After sampling, the envi-
ronment is reset by the initial state distribution μ(·| t) of 
the sampled task t. Let  ≔ . For even time step 2n + 2 
(n ∈ ℕ), we set ρ(o2n+2| h2n+1) ≔ δ(o2n+2 − o⌀). The odd time 
steps 2n + 1 (n ∈ ℕ) can be reexpressed as m + 2l, where 
m = (⌈(2n + 1)/2k⌉ − 1)2k + 1 is the first time step of the 
latest task, and l = ((2n + 1) − m)/2 is the times of tran-
sitions in the latest task. If l = 0, we set �

(
o2n+1

||h2n
)
=

�

(
om

||h2n
)
≔� �

(
om|t

)
�(t)dt. If l > 0,

Thus, meta RL is reduced to an intelligent decision-making 
problem.

• Transfer RL: Transfer RL generalizes meta RL by allowing 
arbitrary dependencies among tasks. The sequence of tasks t1, 
t2, … is defined by ( ,,�,P,  ,�,R). The d-th task td is sam-
pled from �

(
td
||t1:d−1

)
, which depends on all previous tasks 

t1:d−1 = (t1, …, td−1). This formalization is general enough to 
include the case where we have a series of prespecified tasks. 
Let  ≔ , ρ(o2n+2| h2n+1) ≔ δ(o2n+2 − o⌀), and

where n ∈ ℕ, d = ⌈(2n + 1)/2k⌉ is the number of tasks at time 
2n + 1, mi = (i − 1)2k + 1 is the first time step of the i-th task, and

is the times of transitions in the i-th task. This reduces 
the transfer RL problem to an intelligent decision-making 
problem.

Design of the agent
This section discusses the challenges faced by agent designers.

We begin with a universal diagram of an agent in 3 parts 
(Figure). The tripartite view of an agent is based on the field of 
knowledge representation and reasoning, which studies how 
knowledge can be represented and manipulated in an auto-
mated manner using reasoning programs [13]. In contrast to 
having a static knowledge base, as most studies in this field do, 
the knowledge of an agent develops gradually from an infor-
mation stream. In addition, the reasoning of an agent has after-
effects on both internal knowledge and the external world.

From this perspective, we can summarize agent design into 
3 problems: how reasoning helps in condensing the informa-
tion stream into knowledge, how knowledge facilitates efficient 
reasoning given limited compute, and how the goal of reason-
ing maximizes lifelong return. These problems are discussed 
below.

Online learning of non-IID data stream
The first problem is condensing on the fly the information 
stream into knowledge that can be reused in the future. Notably, 
the interaction history is a data stream with serial depend-
ency and nonstationarity generated by the history-dependent 
functions � and ρ. If dependency and nonstationarity are arbi-
trarily complex, it becomes impossible to make reliable pre-
dictions based on historical data alone, and the future could 
simply be anything. Hence, we require an inductive bias that 
connects the past to the future, similar to the IID assumption 
in conventional machine learning [14]. This bias and others 
introduced by model classes, loss functions, and optimization 
procedures [15] are essential for generalization, as indicated by 
the no-free-lunch theorem [16].

In addition to the statistical challenge of handling non-IID 
data, computational constraints constitute another severe 
challenge. An agent with unlimited compute could simply 
encode the entire history into a knowledge base and reason 
using the raw data. However, given limited resources, contin-
ually remembering the entire history is not feasible because the 
ever-increasing demand for memory, as well as the implied 
time demand, will eventually exceed computing constraints. 
Hence, we require a knowledge representation and a corre-
sponding online learning algorithm that organizes information 
in a structured manner, thereby facilitating the incremental 
incorporation of new information.

Efficient reasoning given bounded resources
Given limited compute, efficient reasoning is crucial to effective 
learning and decision-making, without which an agent neces-
sarily fails both to learn the statistical regularity of observations 
in time and to respond promptly to the environment.

Reasoning depends on the knowledge part of an agent to 
provide sensation understanding, action recommendation, 
environmental transition prediction, and utility evaluation. 
This information is sufficient for conventional RL, but insuf-
ficient for reasoning under computing constraints. In addi-
tion, efficient reasoning demands a structured knowledge 
representation [14] that represents the problem at hand and 
suggests efficient reasoning approaches that exploit the problem 
structure.

Reasoning under computing constraints involves sequential 
decision-making that determines not only the course of action 
but also which information to keep, forget, or attend to, and 
how to process information and learn new things. This indi-
cates the need for internal actions that regulate the reasoning 
process. The reasoning process for determining these internal 
actions is referred to as meta-level reasoning [17]. The agent 
designer determines the mechanisms of meta-level reasoning.

Moreover, sequentiality implies that the designed agent 
should be able to learn to reason through delayed feedback. 
This is possible in our formalism because the influence of 
computation is made explicit by modeling the interaction 
between the environment and the agent in physical time. An 

(3)

�

(
o2n+1

||h2n
)
=�

(
om+2l

||h2n
)
∝

∫ �

(
om|t

) l∏

i=1

P
(
om+2i

||om+2i−2, am+2i−1, t
)
�(t)dt.

(4)
�

(
o2n+1

||h2n
)
∝∫

d∏

i=1

�

(
omi

||ti
)
�
(
ti
||t1:i−1

) li∏

j=1

P
(
omi+2j

|||
omi+2j−2

, ami+2j−1
, ti

)
dt1⋯ dtd ,

(5)
li =

{

k−1 if i<d

(

2n+1−md

)

∕2 if i=d
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agent that learns to reason efficiently can conduct reasoning 
using its internal computing devices and external environ-
ment. For instance, calculators are used for mathematical 
calculations and the computing results are retrieved through 
observation.

Exploration–exploitation dilemma
As the expected lifetime return measures performance, the 
agent should be able to cautiously weigh foreseeable rewards 
against uncertain potential payoffs. This is referred to in RL as 
the exploration–exploitation dilemma, where exploration refers 
to moving around and acquiring knowledge of the world [18], 
and exploitation means executing the best available strategy 
given the existing information.

The information-theoretic perspective is appropriate only 
when the agent retains all the historical information and executes 
arbitrarily complex computations. When computing resources 
are constrained, the agent inevitably forgets some information 
and can only perform limited operations per time step. In this 
case, both exploration and exploitation refer to broader behaviors. 
The agent needs to not only explore the uncertain part of the 
environment but also learn new things with no foreseeable usage 
and process information in unanticipated ways. Correspondingly, 
exploitation refers to the execution of the currently best acting, 
learning, and information-processing strategies. This highlights 
the computational perspective on the exploration–exploitation 
dilemma. The computational perspective is related to but is more 
complicated than a similar dilemma presented in searching, plan-
ning, and optimization, where one trades off local improvement 
for global optimality.

Exploring an immensely complex environment thoroughly 
is impractical because the amount of information needed to 
fully identify the real environment is enormously large and 
infeasible to collect, and most exploratory efforts will be unprof-
itable. Thus, an intelligent agent should rely on its inductive 
bias for generalizing to the uncharted world. In this case, the 
information-theoretic perspective is less important and the com-
putational perspective dominates.

Exploration and exploitation are conflicting forces in 
the reasoning process. Resolving the exploration–exploitation 
dilemma amounts to setting the reasoning goal properly such 
that it is aligned with the agent’s long-term interests. However, 
our understanding of this problem remains scarce, particularly 
when considering the computational perspective.

Related problems and research
All 3 identified problems have been proposed and discussed in 
various studies using different terms. In this section, we discuss 
connections with previous research.

Learning from data s treams
Learning from data streams with limited computational re
sources presents a important challenge [19,20]. Some forms of 
dependency and nonstationarity have been investigated, includ-
ing delayed labeling and concept drift [20]; however, overall, 
the non-IID characteristic has not been treated in its full gen-
erality. Concerning limited compute, a recent study developed 
a theoretical framework for characterizing the learnability of 
data streams under resource constraints [21], which is still at a 
very primitive stage.

Temporal credit assignment
The non-IID problem has been concomitant with RL since its 
inception and is manifested by the temporal credit assignment 
problem. Temporal credit assignment requires the agent to 
understand the temporal dependency of an outcome on the 
sequence of decisions and credit decisions that contribute 
to the outcome [22]. In stochastic or partially observable envi-
ronments, the agent should also properly identify the correla-
tion between observations and the reward outcome because, 
sometimes, the outcome should be ascribed to randomness or 
uncontrollable factors.

Inductive bias
Inductive bias is a set of assumptions used by an agent to inter-
pret data. It may be present in various forms, such as param-
eterization [23], a loss function [24], an optimizer [25,26], or 
training procedures [27]. Essentially, anything that affects the 
hypothesis choice apart from the data introduces an inductive 
bias. Any learning algorithm possesses some bias, and a proper 
bias is essential for good generalization, according to the nota-
ble no-free-lunch theorem [16]. The inductive bias of deep 
learning is considered to have contributed to its success [15].

Meta, transfer, and lifelong learning
Meta-learning involves learning algorithms that generalize 
across a distribution of tasks [28]. Transfer learning focuses on 
transferring knowledge implied in the source domain(s) and 
task(s) to improve decisions in the target domain(s) and tasks(s) 
[29]. Continual or lifelong learning involves the sequential 
learning of different tasks with or without task boundaries, in 
which previously learned knowledge is continually transferred 
to subsequent tasks [30,31]. Among these learning paradigms, 
meta-learning is slightly easier because the IID structure of the 
tasks can be exploited for model learning. Both transfer and 
lifelong learning encounter the challenge of learning from non-
IID datasets. To transfer knowledge, an algorithm must shift 
its inductive bias based on historical data. The manner of shift-
ing bias is an inductive bias that connects history to the future.

Another line of research is open-environment machine learn-
ing [32], which considers machine learning in an evolving open 
world. It addresses the non-IID evolution of a data stream by focus-
ing on new emerging classes, decremental/incremental features, 
changing data distributions, and varied learning objectives.

Stability–plas ticity dilemma
The stability–plasticity dilemma asks how to preserve learned 
knowledge while continuously learning new things [33]. It is 
related to the well-known catastrophic forgetting problem of 
deep learning caused by the catastrophic interference of infor-
mation in the model [34]. Because of interference, when new 
data arrive, we cannot localize the update to a small fraction of 
the parameters, because most parameters require an update. A 
global update will inevitably erase some information. Therefore, 
we are left with no choice but to continue retraining on the 
entire dataset in case of forgetting.

Sys tematic generalization
Humans are excellent at manipulating combinations of prim-
itive concepts, an ability that is referred to as systematic gen-
eralization [35]. It has been argued that deep learning requires 
the prefrontal cortex [36], an argument consistent with our 
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view on the need for meta-level reasoning. However, we argue 
that a structured knowledge representation is also necessary 
because it provides primitives for the meta-reasoner to manip-
ulate compositionally.

The deficiency of the contemporary RL
This section discusses contemporary deep RL methods from 
the viewpoint of intelligent decision-making and points out 
where the current methods are inadequate.

As mentioned, the information stream in RL is non-IID. 
However, instead of overcoming this challenge, deep RL finds a 
workaround by retaining the latest data, shuffling them, and 
fitting the value function irrespective of the non-IID character-
istic [37]. The nonstationarity caused by the change in policy is 
ameliorated by keeping the latest data, and the shuffling alleviates 
the dependency. This technique, referred to as experience replay, 
works well and underlies the success of deep RL. However, it 
merely masks the inherent non-IID issue instead of directly solv-
ing it. Although existing methods extend this approach to handle 
continual RL and mitigate forgetting [38,39], the long-term serial 
dependency of the information stream is hardly addressed, which 
is vital for truly understanding non-IID data. In addition, these 
methods are unlikely to scale up because they do not organize 
information in a structured manner.

Some deep RL methods incorporate self-supervised learning 
to extract knowledge from observations and, to some extent, 
realize learning from observations. However, self-supervised 
learning relies on human-designed objectives for information 
extraction. Different self-supervised learning methods extract 
different types of information from observations, and there is 
no generic method that is consistently helpful in all tasks [40]. 
It is important for an intelligent agent to decide by itself what 
to learn, rather than relying on a fixed learning objective.

Most deep RL methods reason about optimal decisions 
using experience samples at the primitive level of observations, 
actions, and rewards. Model-based planning calculates a policy 
based on model-generated samples, whereas model-free meth-
ods are based on newly collected samples or samples in a replay 
buffer. This starkly contrasts with the abstract reasoning of 
humans and substantially limits the scalability and applicability 
of these deep RL methods. This failure reflects the inability to 
learn the problem structure from history through inductive 
learning or to reason by exploiting the structure.

A recent trend in offline RL exploits transformer architec-
ture for decision-making [41]. Offline RL enables training with 
a larger dataset, and the transformer provides the agent with 
better generalization. This is certainly a promising research 
direction for circumventing the difficulties of online learning 
and exploration. However, without non-IID learning, the agent 
cannot fully understand the shared structure across domains 
and can only generalize to a limited extent. Without efficient 
reasoning, the agent cannot effectively organize its limited cog-
nitive capability for problem-solving. The latter problem has 
recently attracted considerable attention [42].

Although a diverse set of exploration strategies has been 
designed for deep RL [43], the existing strategies are inherently 
information-seeking and can be considered variants or approx-
imations of information-theoretic exploration methods that 
are provably efficient [44,45,46]. The theoretical guarantee of 
these information-theoretic exploration methods is relevant 
only when the agent’s lifespan is sufficiently long to explore the 

hypothesis space thoroughly. However, the hypothesis space of 
deep learning models appears too large to be fully explored in 
an agent’s finite life, which makes the theoretical guarantee 
vacuous. In addition, information-theoretic methods often 
do not consider limited computing resources, which further 
diminishes their validity.

Conclusion
This study clarifies the significance of high-value information 
in enabling computation- and sample-efficient intelligent 
decision-making. To effectively handle high-value informa-
tion, we propose to formalize intelligent decision-making as 
bounded-optimal lifelong RL. An intelligent agent designed for 
this formalism is computationally aware, learns from a non-IID 
observation stream, and is capable of handling high-value 
information.

We discuss the design of intelligent agents and identify 
3 main problems. We examine these problems from both infor-
mational and computational perspectives and compare them 
with related problems in the literature. We also highlight the 
inadequacy of contemporary RL in addressing these issues. 
While we present these problems from a top-down perspective, 
we do not provide solutions. A complementary bottom-up 
investigation of brain function could deepen our understand-
ing and guide future research.
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