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Supplementary Related Works

The Optimal Reward Function

Many studies [1–6] have sought to identify the “best” reward function for reinforcement learning
(RL), although a formal definition remains elusive. The authors of [7, 8] suggested that an
optimal reward function should have a dual structure: a primary component R that guides
the agent’s learning process and a fitness function F that assesses learning quality. Building
on this, works such as [9, 10] proposed that the optimal reward function should promote
optimal behavior (fitness) while minimizing the learning time (effort). However, definition
of a generalized fitness function is challenging. Some studies have approached the definition
of the optimal reward function from specific perspectives [11–13]. For example, [11] defined
the optimal reward as that which avoided overfitting of a specific RL algorithm. Moreover,
intrinsic motivation [14] has encouraged exploration of whether optimal intrinsic rewards could
complement external rewards [15], often in conjunction with reward shaping [16]. However, the
focus of this work is the core question of what constitutes an optimal reward function; we do
not deal with auxiliary rewards. Recent studies have leveraged supervised learning techniques,
framing optimal rewards in terms of expert demonstrations [17, 18] or human preferences [6, 19].
A promising method is separation of the objectives of the reward function designer from those
of the RL agent [15, 20]. The optimal reward function is then that which maximizes the external
rewards throughout the life cycle of the RL agent [21]. Our perspective aligns with that of [21],
which recommended the use of a dedicated objective function for the reward itself; the aim
was to maximize a corresponding objective function within the reward space. We suggest that
the optimal reward function should minimize the policy regret while keeping the training error
low [22], thereby expediting learning.

Meta Learning in Reinforcement Learning

Meta learning methods have been widely applied to RL tasks [23–28] including hyperparam-
eter optimization [25, 29], model learning [24, 30], and algorithm generalization [28]. In this
paper, we focus on a meta learning framework specific to reward function learning [31, 32]. One
approach used to reward meta learning involves optimizing the reward functions across diverse
task distributions for adaptation to new tasks [33, 34]. A promising alternative is to estab-
lish a bilevel optimization framework based on meta learning. Following the theory proposed
in [21], researchers in [14] posited that reward learning could be framed as a bilevel optimiza-
tion problem, where policy optimization in an inner loop shapes the rewards and the reward
function parameters are optimized in the outer loop. Similarly, [2] viewed reward learning as a
bilevel optimization framework but focused on how the optimized reward function is integrated
within the framework. Our approach aligns with this idea. The framework has been expanded
in various ways. For example, [35–37] incorporated it into multi-agent RL, allowing each agent
to learn a personal reward function. Currently, the key challenges posed by the use of bilevel
framework, to optimize reward functions, include effective definition of the upper-level opti-
mization objectives. Usually, the definition is the same as that of the optimal reward function,
as explored in [38], which sought to optimize imperfect rewards. Meanwhile, [39] and [5] focused
on alignment of reward functions with human preferences. Our approach differs fundamen-
tally from previous methods in terms of how the upper-level optimization objective is defined
within the bilevel framework. Prior works often rely on indirect or heuristic formulations, but
our method introduces a direct and principled objective. Specifically, we define the optimal
reward function by explicitly minimizing policy regret. The policy performance of the agent is
the metric used for reward optimization, which effectively resolves the long-standing challenge
of specifying the upper-level optimization goal. Thus, our approach establishes a clear and
theoretically grounded connection between reward function learning and policy optimization,
setting it apart from existing methods.
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Reward Function Design Methods

In the early stages of RL, researchers relied primarily on manual, trial-and-error adjustments
to refine the reward functions [40]. However, this approach is time-consuming and often cul-
minates in reward functions that inadvertently guide agents to act contrary to the human
intent [22], associated with policy deviations. Therefore, many methods have been developed
to optimize reward learning. One widely studied approach is reward shaping [2, 41–43], which
involves the creation of auxiliary rewards that supplement the environmental reward func-
tion and ensure policy invariance [44]. However, the definition of shaping functions and the
attainment of policy invariance have long posed challenges [45]. Another popular approach
is inverse RL (IRL), initially proposed by [46], which is aimed at deriving a reward function
from expert demonstrations, assuming that such demonstrations represent an optimal policy.
Recent advances in deep learning (DL) have extended the performance of IRL [47, 48], sug-
gesting that an adequate number of expert demonstrations can indeed produce an optimal
reward function. However, in many cases, the aim of RL is not only to replicate human per-
formance but also to exceed human capabilities, particularly in tasks that are beyond human
reach [49, 50]. This limitation constrains the applicability of IRL, although some researchers
have sought to surpass expert performance by incorporating additional information and using
non-expert demonstrations [51, 52]. Recently, an active reward learning approach has emerged,
inspired by the training paradigms of LLMs [53, 54], with its origins in robotics [55]. Active
reward learning is aimed at constructing reward functions that align closely with human pref-
erences by modeling those preferences [56–58], even though some researchers have explored
whether it is possible to completely bypass reward learning [59–61]. Nonetheless, the capture
of sufficiently rich human feedback remains a significant challenge [62]. Other reward learning
methods have leveraged characteristics of the agent or environmental [15, 63] to design reward
functions, such as encouraging curiosity-driven exploration in maze tasks [16, 64]. All cited
methods extensively explored the automatic design or optimization of reward functions. How-
ever, such approaches rely heavily on priors. For example, IRL requires high-quality expert
demonstrations and ARL requires substantial human preference data. In contrast, our work
directly optimizes the reward function using the interactions of the agent during RL, leverag-
ing agent experience (policy meta-gradients). There is essentially no need for prior knowledge
or external supervision. By continuously refining the reward function based on the experience
accumulated by the agent, our approach renders reward function discovery more autonomous
and adaptive. This is particularly helpful when expert demonstrations and/or human feedback
are scarce or unavailable.

Supplementary Theoretical Results

In this section, proofs and analyses of the theorems presented in the main text are provided.

Proof of Proposition 1

Proof of Proposition 1. Before formally stating Proposition 1 in the main text, we again explain
the notations for clarity. R∗ is the optimal reward function. π∗ represents the optimal policy
in the policy space Π, which is often considered fixed. π∗

R indicates that an agent, guided by
reward function R, optimizes its policy π by maximizing the expected return Gπ

R, with the
ultimate objective of optimizing its policy to π∗

R. Therefore, we have π
∗
R ∈ argmaxπ∈Π Gπ

R. We
assume π∗

R∗ = π∗.
By Definition 1 in the main text, if the reward function R is proximal to the optimal reward

function R∗, we have:

|Gπ
R −Gπ

R∗ | ≤ δ, ∀π ∈ Π, (S1)
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which gives:

| Gπ∗
R

R −G
π∗
R

R∗ | ≤ δ,

| Gπ∗

R −Gπ∗

R∗ | ≤ δ,
(S2)

where δ is a small positive constant.

Applying the triangle inequality to the bound | Gπ∗
R

R − Gπ∗

R |, we obtain the following
equation:

| Gπ∗
R

R −Gπ∗

R |≤| G
π∗
R

R −G
π∗
R

R∗ | + | Gπ∗
R

R∗ −Gπ∗

R∗ | + | Gπ∗

R∗ −Gπ∗

R | . (S3)

By substituting the bounds obtained in equation (S2), we obtain:

| Gπ∗
R

R −Gπ∗

R | ≤ δ+ | Gπ∗
R

R∗ −Gπ∗

R∗ | +δ,

≤| Gπ∗
R

R∗ −Gπ∗

R∗ | +2δ,

(a)

≤ Gπ∗

R∗ −G
π∗
R

R∗ + 2δ,

(b)

≤ (Gπ∗

R + δ)− (G
π∗
R

R − δ) + 2δ,

≤ Gπ∗

R −G
π∗
R

R + 4δ,

(c)

≤ 4δ,

(S4)

where (a) holds because π∗ is the optimal policy under R∗ (i.e., Gπ∗

R∗ ≥ Gπ
R∗ ,∀π ∈ Π), which

implies that:

| Gπ∗
R

R∗ −Gπ∗

R∗ |= Gπ∗

R∗ −G
π∗
R

R∗ ≥ 0, (S5)

and (b) holds on expansion of the absolute value inequalities of equation (S2):

G
π∗
R

R −G
π∗
R

R∗ ≤ δ,

Gπ∗

R∗ −Gπ∗

R ≤ δ,
(S6)

and (c) holds because π∗
R is the optimal policy under R, i.e., G

π∗
R

R ≥ Gπ
R,∀π ∈ Π.

As the absolute difference of G
π∗
R

R and Gπ∗

R is bounded by 4δ, and δ is a small positive

constant, therefore, by Definition 1 in the main text, π∗
R

R∼ π∗.

Similar to equation (S4), applying the triangle inequality to the bound | Gπ∗
R

R∗ −Gπ∗

R∗ |, we
have:

| Gπ∗
R

R∗ −Gπ∗

R∗ | ≤| Gπ∗
R

R∗ −G
π∗
R

R | + | Gπ∗
R

R −Gπ∗

R | + | Gπ∗

R −Gπ∗

R∗ |,

≤ δ+ | Gπ∗
R

R −Gπ∗

R | +δ,

≤| Gπ∗
R

R −Gπ∗

R | +2δ,

≤ Gπ∗

R −G
π∗
R

R + 2δ,

≤ (Gπ∗

R∗ + δ)− (G
π∗
R

R∗ − δ) + 2δ,

≤ Gπ∗

R∗ −G
π∗
R

R∗ + 4δ,

≤ 4δ.

(S7)
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Therefore, if the reward function R is proximal to the optimal reward function R∗, we
obtain a policy π∗

R that is proximal to the optimal policy π∗ with R and R∗. Thus:

R ∼ R∗ ⇒ π∗
R

R∼ π∗, π∗
R

R∗

∼ π∗. (S8)

Proof of Theorem 2

The meta gradient exhibits significant potential for use during RL. Although we are not the
first to explore the application of meta gradients in optimizing reward functions, we present
a rigorous theoretical analysis that ensures the applicability of the proposed approach. Fur-
thermore, we clarify that, using the alternating optimization approach proposed in the main
text for RL, the policy parameters can be expressed as a meta function of the reward function
parameters in equation (13) in the main text. To clarify the subsequent discussion, we here
note that the new policy parameter θ′ is a meta function of the reward function parameter
ω. This follows directly from the RL process, but there is no direct relationship between the
policy parameters θ and the reward function parameters ω.

Proof of Theorem 2. Given the current reward function Rω and the agent’s policy πθ, the agent
generates trajectories within the world modelM and optimizes its policy from θ to θ

′
on the

basis of equation (10) in the main text during the lower-level update step. We now reformulate
the equation (10) in the main text as follows:

θ
′
= θ + α · Eµs,a

[Qπθ

Rω
(s, a) · ∂logπθ(s, a)

∂θ
]. (S9)

Our key insight is that the policy parameters θ can be viewed as a meta function of the
reward function parameter ω because agents interact with the environment and optimize the
policy under the guidance of that reward function. Therefore, mathematically, the gradient of
the upper-level objective with respect to the reward parameters is

d

dω
J upper

(
θ
′
, ω
)
=

∂

∂ω
J upper(θ

′
, ω) +

∂

∂θ′ J upper
(
θ
′
, ω
)
· dθ

′

dω
. (S10)

Here, both equation (13) in the main text and equation (S10) indicate that the policy
parameters θ should be modeled as a meta function of the reward parameters ω. However, we
now develop a more precise formulation to facilitate the subsequent proof of equation (S10).

The first term ∂
∂ωJ

upper(θ
′
, ω) can be formulated as:

∂

∂ω
J upper(θ

′
, ω) = Eµ′

s,a

[
Q

π
θ
′

R
(s, a) · ∂ log πθ(s, a)

∂ω

]
, (S11)

where µ
′

s,a represents the state–action distribution under the policy πθ′ , i.e., s ∼ ρπθ′ , a ∼
πθ′(· | s).

For ∂
∂θ′ J upper

(
θ
′
, ω
)
, based on the definition of Gπ

R, proceeding in manner similar to the

lower-level optimization of Lemma 1 in the main text shows that the optimization may be
defined as:

∂

∂θ′ J upper
(
θ
′
, ω
)
= Eµ′

s,a

[
Q

π
θ
′

R
(s, a) · ∂logπθ′(s, a)

∂θ′

]
. (S12)
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dθ
′

dω can be expressed as follows:

dθ
′

dω
=
∂θ

′

∂θ
· dθ
dω

+
∂θ

′

∂ω

=

(
I + α · Eµs,a

[
Qπθ

Rω
(s, a) · ∂

2 log πθ(s, a)

∂θ2

])
· dθ
dω

+α · Eµs,a

[
∂Qπθ

Rω
(s, a)

∂ω
· ∂ log πθ(s, a)

∂θ

]
+α · Eµs,a

[
Qπθ

Rω
(s, a) · ∂

2 log πθ(s, a)

∂θ ∂ω

]
,

(S13)

where µs,a represents the state–action distribution under the policy πθ.
If we restrict the analysis to back-propagation through a single step, the first additive term

in equation (S13) is zero. We have:

dθ
′

dω
=

dθ

dω
+ α · Eµs,a

[
∂Qπθ

Rω
(s, a)

∂ω
· ∂ log πθ(s, a)

∂θ
+Qπθ

Rω
(s, a) · ∂

2 log πθ(s, a)

∂θ ∂ω

]
. (S14)

Supplementary Assumption 1. Assume that the policy is a meta function of the reward,
i.e., θ(ω). Then, changes in the reward affect the policy parameters by influencing policy updates
indirectly rather than directly impacting the policy parameters.

Under Supplementary Assumption 1, we approximate equation (S11) and the second
additional term in equation (S14) as 0.

Eµ′
s,a

[
Q

π
θ
′

R
(s, a) · ∂ log πθ(s, a)

∂ω

]
≈ 0,

Eµs,a

[
Qπθ

Rω
(s, a) · ∂

2 log πθ(s, a)

∂θ∂ω

]
≈ 0.

(S15)

On the basis of equation (S15), the meta gradient of equation (S14) can be expressed as:

dθ
′

dω
= α · Eµs,a

[
∂Qπθ

Rω
(s, a)

∂ω
· ∂ log πθ(s, a)

∂θ

]
. (S16)

We observe that, under these two assumptions, our results align with the findings of [15, 16].
Therefore, the gradient of the upper-level objective with respect to the reward parameters of
equation (S10) can be formulated as:

d

dω
J upper(θ

′
, ω)

=
∂

∂ω
J upper(θ

′
, ω) +

∂

∂θ′ J upper(θ
′
, ω) · dθ

′

dω

=α · Eµ′
s,a

[
Q

π
θ
′

R
(s, a) · ∂logπθ(s, a)

∂θ′

]
· Eµs,a

[
∂Qπθ

Rω
(s, a)

∂ω
· ∂ log πθ(s, a)

∂θ

]
.

(S17)

By abbreviating the full partial differentials, this simplifies to:

[∇ωJ upper]ω = Eµ′
s,a

[
Q

π
θ
′

R
· [∇θlogπθ]θ′

]
· Eµs,a

[[
∇ωQ

πθ

Rω

]
ω
· [∇θ log πθ]θ

]
, (S18)

where we omit the factor α.
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Proof of Theorem 3

Proof of Theorem 3. On the basis of Theorem 2, the gradient of the upper-level objective with
respect to the reward parameters is:

d

dω
J upper

(
θ
′
, ω
)
≈ ∂

∂θ′ J upper
(
θ
′
, ω
)
· dθ

′

dω
. (S19)

In equation (S19), the two terms are as follows:

∂

∂θ′ J upper
(
θ
′
, ω
)
= Eµ′

s,a

[
Q

π
θ
′

R
(s, a) · ∂logπθ(s, a)

∂θ′

]
,

dθ
′

dω
≈ Eµs,a

[
∂Qπθ

Rω
(s, a)

∂ω
· ∂ log πθ(s, a)

∂θ

]
.

(S20)

To illustrate the value-based approximation of the meta gradient term more clearly, we
first introduce the assumption that the action space A is a finite discrete set, referred to as
Supplementary Assumption 2.

Supplementary Assumption 2. Assume that the action space is finite and discrete.

Supplementary Assumption 2 allows us to approximate the policy parameters θ on the basis
of Supplementary Lemma 1.

Supplementary Lemma 1 ([65]). When the action space A is finite and discrete, the policy
can be parameterized as a normalization of the action preferences. This can be mathematically
formalized as:

πθ(s, a) :=
exp θ⊤xs,a∑

a′∈A exp θ⊤xs,a′
,∀s ∈ S, a ∈ A, (S21)

where xs,a ∈ Rd is the soft feature vector of the state–action pair and d is the dimension of the
feature vector.

On the basis of Supplementary Lemma 1, the policy gradient can be formulated as

∂logπθ(s, a)

∂θ
= xs,a −

∑
a′∈A

xs,a′ · πθ (s, a
′) . (S22)

Therefore, ∂
∂θ′ J upper

(
θ
′
, ω
)
can be simplified as follows:

∂

∂θ′ J upper
(
θ
′
, ω
)

= Eµ′
s,a

[
Q

π
θ
′

R
(s, a) · ∂logπθ(s, a)

∂θ′

]
= Eµ′

s,a

[
Q

π
θ
′

R
(s, a) ·

(
xs,a −

∑
a′∈A

πθ′ (s, a′) · xs,a′

)]

= Es∼ρπ
θ′

[∑
a∈A

πθ′ (s, a) ·

(
xs,a −

∑
a′∈A

πθ′ (s, a′) · xs,a′

)
·Qπ

θ
′

R
(s, a)

]

= Es∼ρπ
θ′

[∑
a∈A

πθ′ (s, a) · xs,a ·Q
π
θ
′

R
(s, a)− V

π
θ
′

R
(s) ·

∑
a′∈A

πθ′ (s, a′) · xs,a′

]
.

(S23)
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Using the relationship between the value function V π
R (s) and the action–value function

Qπ
R(s, a), we rewrite equation (S23) as follows:

∂

∂θ′ J upper
(
θ
′
, ω
)
= Es∼ρπ

θ′

[∑
a∈A

πθ′ (s, a) ·
(
Q

π
θ
′

R
(s, a)− V

π
θ
′

R
(s)
)
· xs,a

]
. (S24)

By recognizing that the expectation operator is linear, we can combine the summation and
expectation into a single expectation over the state–action pairs, leading to the simplified form
as follows:

∂

∂θ′ J upper
(
θ
′
, ω
)
= Eµ′

s,a

[(
Q

π
θ
′

R
(s, a)− V

π
θ
′

R
(s)
)
· xs,a

]
. (S25)

Similar to equation (S23), given the assumption in equation (S21), we can simplify dθ
′

dω to:

dθ
′

dω

=Eµs,a

[
∂Qπθ

Rω
(s, a)

∂ω
· ∂ log πθ(s, a)

∂θ

]
=Eµs,a

[
∂Qπθ

Rω
(s, a)

∂ω
·

(
xs,a −

∑
a′∈A

πθ(s, a
′) · xs,a′

)]

=Es∼ρπθ

[∑
a∈A

πθ(s, a) ·
∂Qπθ

Rω
(s, a)

∂ω
·

(
xs,a −

∑
a′∈A

πθ(s, a
′) · xs,a′

)]

=Es∼ρπθ

[∑
a∈A

πθ(s, a) ·
∂Qπθ

Rω
(s, a)

∂ω
· xs,a −

∂

∂ω

∑
a∈A

πθ(s, a) ·Qπθ

Rω
(s, a) ·

∑
a′∈A

πθ(s, a
′) · xs,a′

]

=Es∼ρπθ

[∑
a∈A

πθ(s, a) ·
∂Qπθ

Rω
(s, a)

∂ω
· xs,a −

∑
a′∈A

πθ(s, a
′) · xs,a′ ·

∂V πθ

Rω
(s)

∂ω

]
.

(S26)

Similar to the equations (S23–S25), we next simplify equation (S26) to:

dθ
′

dω
=Eµs,a

[
∂

∂ω

(
Qπθ

Rω
(s, a)− V πθ

Rω
(s)
)
· xs,a

]
. (S27)

Finally, we consider the following:

∂

∂θ′ J upper
(
θ
′
, ω
)
· dθ

′

dω

=Eµ′
s,a

[(
Q

π
θ
′

R
(s, a)− V

π
θ
′

R
(s)
)
· xs,a

]
· Eµs,a

[
∂

∂ω

(
Qπθ

Rω
(s, a)− V πθ

Rω
(s)
)
· xs,a

]
.

(S28)

Now, we analyze the scenario that is not covered under Assumption 2, (i.e., that the action
space is continuous and infinite). This is the case for most RL problems. During deep rein-
forcement learning (DRL), the policy of the embodied RL agent is modeled by deep neural
networks (DNNs) wherein the feature vectors xs,a and parameters θ are unified. Therefore,
equation (S28) can be directly expressed as:

d

dω
J upper

(
θ
′
, ω
)
= Eµ′

s,a

[
Q

π
θ
′

R
(s, a)− V

π
θ
′

R
(s)
]
· Eµs,a

[
∂

∂ω

(
Qπθ

Rω
(s, a)− V πθ

Rω
(s)
)]

.

(S29)
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On abbreviating the full and partial differentials, equation (S29) simplifies to:

[∇ωJ upper]ω = Eµ′
s,a

[
A

π
θ
′

R
(s, a)

]
· Eµs,a

[
∇ωA

πθ

Rω
(s, a)

]
, (S30)

where Aπ
R(s, a) is the advantage function of MDPM[R]. Typically, Aπ

R(s, a) denotes the value
of the advantage of choosing action a in state s under policy π determined by the reward
function R, which is defined as follows:

Aπ
R(s, a) = Qπ

R(s, a)− V π
R (s), (S31)

where Qπθ

R (s, a) represents the expected return of taking action a in state s under reward
function R and V πθ

R (s) denotes the expected return when following policy πθ in state s under
reward function R.
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Supplementary Experimental Results

Supplementary Experimental Results of Sparse-Reward Task

The behaviors of agents receiving different rewards are revealed by their interaction trajectories
in Supplementary Fig. 1. Each subplot features two rows of trajectories, where the first row is
that for the agent receiving sparse reward signals and the second row corresponds to the agent
learned with the discovered reward function. The results in Supplementary Fig. 1 suggest that
agents given discovered reward function achieve their objectives more efficiently and effectively
(e.g., in the LunarLander-v2 and CartPole-v1 tasks). These results are consistent with the
experimental conclusions presented in Fig. 3(c-d) in the main text.

c dEarly-stage of trajectories in Acrobot-v1 task Later-stage of trajectories in Acrobot-v1 task 

f Trajectories in LunarLander-v2  task 

Trajectories in FourRoom-v0 task e

ba Early-stage of trajectories in CartPole-v1 task Later-stage of trajectories in CartPole-v1 task 

Supplementary Fig. 1 The trajectories of embodied RL agents exploring tasks when receiv-
ing different rewards. For each subplot, the first row represents the agent that learns with sparse reward
signals, and the second row represents the agent that learns with the discovered reward function. a Interac-
tion trajectory segments of the CartPole-v1 task, sampled every 20 frames from the initial agent state. b The
interaction trajectory segments before termination of the CartPole-v1 task, sampled every 20 frames. c The
interaction trajectory segments of the Acrobot-v1 task, sampled every five frames from the initial agent state.
d The interaction trajectory segments before termination of the Acrobot-v1 task, sampled every five frames. e
The complete interaction trajectories of the FourRoom-v0 task, sampled at every frame. f The interaction tra-
jectories of the Lunarlander-v2 task, sampled every eight frames. During these segments, the agent that receive
reward signals from the discovered reward function successfully attains the goal, whereas the agent receiving
sparse reward signals does not.

Fig. 4(e-g) in the main text illustrates the reward surfaces of the discovered reward function
about the two joint angles θ1 and θ2 when the angular velocities θ̇1 and θ̇2 are 0. Supplementary
Figs. 2-4 present the reward function as the joint angular velocities θ̇1 and θ̇2 vary from -2 to 2.

Supplementary Fig. 2 shows the reward distributions when θ̇1 = −2 and θ̇2 varies from -2
(Supplementary Fig. 2(a)) to 0 (Supplementary Fig. 2(b)) and 2 (Supplementary Fig. 2(c)).
Our reward function guides nuanced, state-dependent action selection in the Acrobot-v1 envi-
ronment. At each fixed joint velocity, the surfaces show that the rewards when applying -1
or 1 torque (action 0 and 2) are highest when the joint angles deviate significantly from the
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downward equilibrium position. It indicates that the agent is encouraged to generate momen-
tum and initiate the swing-up motion when the system lies far from the goal. The smoothness
of, and clear separation between, the action-reward regions in the state space show that the
learned reward function not only captures the nonlinear dynamics but also creates meaningful
gradients for all relevant state-action pairs. This allows the agent to switch adaptively between
attainment of the goal and stabilization, leading to more effective and robust policy learning
compared to sparse or naive rewards.
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Supplementary Fig. 2 Reward surfaces of the discovered reward function for different values of
θ̇2 at fixed θ̇1 = −2 in the Acrobot-v1 task. a Reward surfaces for all actions when θ̇1 = −2 and θ̇2 = −2.
b Reward surfaces for all actions when θ̇1 = −2 and θ̇2 = 0. c Reward surfaces for all actions when θ̇1 = −2
and θ̇2 = 2.

Supplementary Fig. 3 illustrates the learned reward surfaces for a fixed θ̇1 = 0 but a varying
θ̇2. This shows how our reward function adapts to the agent joint angle configurations and the
velocity of the second joint. Compared to the previous setting with θ̇1 = −2, the overall reward
values are higher across all actions, indicating a shift in preference toward more conservative
control when the first joint is stationary. In all subplots, the reward for action 0 (-1 torque)
is elevated when the arms are more extended (i.e., when θ1, θ2 are far from 0), encouraging
the agent to initiate momentum when in spread-out configurations. Action 2 (1 torque) also
shows high rewards in symmetric but mirrored regions, enabling directional control depending
on the configuration. In contrast, action 1 (0 torque) receives the highest reward near neutral
angular positions, especially when θ̇2 is small or positive (e.g., Supplementary Fig. 3(b) and
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Supplementary Fig. 3(c)). This implies that the agent is encouraged to apply 0 torque when
the system nears the goal region or already moves in the desired direction.
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Supplementary Fig. 3 Reward surfaces of the discovered reward function for different values of
θ̇2 at fixed θ̇1 = 0 in the Acrobot-v1 task. a Reward surfaces for all actions when θ̇1 = 0 and θ̇2 = −2.
b Reward surfaces for all actions when θ̇1 = 0 and θ̇2 = 0. c Reward surfaces for all actions when θ̇1 = 0 and
θ̇2 = 2.

Supplementary Fig. 4 shows the reward surfaces learned under a fixed angular velocity
θ̇1 = 2, where the agent already possesses strong positive momentum. In this setting, action
0 and 2 exhibit higher and more structured rewards in regions with extreme joint angles,
promoting active exploitation of momentum to reach the goal. Action 1 (0 torque) consistently
receives lower rewards, reflecting its limited utility in high-energy states.

Compared to Supplementary Figs. 2-4, where θ̇1 varies from –2 to 2, we observe that the
reward function engages in dynamic reshaping based on the angular velocity. When θ̇1 = −2,
the rewards function encourages aggressive torque to initiate swing-up; at θ̇1 = 0, the reward
tends to be close to the equilibrium action 1, indicating that the existing behavior is expected
to be maintained when the agent reaches a limit or an equilibrium state; and at θ̇1 = 2, the
reward shifts back to torque-driven actions to sustain motion. This adaptive reward shaping
enables the agent to select context-appropriate actions across varying dynamic regimes, offering
more informative guidance than sparse or hand-tuned alternatives.
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Supplementary Fig. 4 Reward surfaces of the discovered reward function for different values of
θ̇2 at fixed θ̇1 = 2 in the Acrobot-v1 task. a Reward surfaces for all actions when θ̇1 = 2 and θ̇2 = −2.
b Reward surfaces for all actions when θ̇1 = 2 and θ̇2 = 0. c Reward surfaces for all actions when θ̇1 = 2 and
θ̇2 = 2.
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Supplementary Experimental Results of High-Dimensional Control
Task

In this section, we describe the reward function obtained by the proposed approach and the
comparative methods in the main text. It should be pointed out that Tomax [66] did not feature
a reward function because no such function was designed during RL training. Tomax changed
the way the reward function was used from maximizing the cumulative return to maximizing
the maximum historical reward signal. Therefore, the reward distribution of Tomax is the same
as the Orig (a hand-designed reward function).

As shown in Supplementary Fig. 5, since LIRBO learns an intrinsic reward function that
maximizes the agent performance under the external reward function, the learned reward
distribution is very similar to that of the hand-designed external reward function. Moreover,
as LIBRO is constrained by the external reward, it is difficult to address deficiencies that are
not considered during manual reward design. SASR, in contrast, adds a shaping function to
the hand-designed reward signal. Although this would appear to be effective in principle, the
shaped reward signal is not smooth, which may introduce extra noise during learning. The
reward distribution of Tomax is identical to that of the hand-designed reward function.
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Supplementary Fig. 5 Reward distributions in the state space, each point represents a state
projected onto a 2D space via the t-SNE method. The color of each point indicates the reward,
with red denoting higher rewards and blue representing lower rewards. a The reward distribution
of the different reward function in Reacher-v2. b The reward distribution of the different reward function
in Hopper-v2. c The reward distribution of the different reward function in HalfCheetah-v2. d The reward
distribution of the different reward function in Humanoid-v2.

14



Supplementary Experimental Results of Real-world tasks

Supplementary Fig. 6 shows the distributions of reward functions in the original and filtered
state space derived using different methods. Supplementary Fig. 6(a) shows that the original
reward function assigns reward signals that are either too high or too low to the critical states.
Even in the filtered state space of Supplementary Fig. 6(b), the original reward remains uniform
and non-informative. The reward does not distinguish useful states. LIRBO replaces the original
reward function by learning an intrinsic reward function, and it exhibits a distribution similar
to the external reward signal. The SASR auxiliary reward function is directly added to the
external reward, preserving recognition of critical states. The reward function discovered in
this work possesses all desired qualities. It recognizes the critical states and the distribution is
similar to that of the hand-designed reward function, demonstrating that the reward function
learns the dynamics behind the task.
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Supplementary Fig. 6 Reward distributions in the state space, each point represents a state
projected onto a 2D space via the t-SNE method. The color of each point indicates the reward,
with red denoting higher rewards and blue representing lower rewards. a The reward distribution of
the different reward function in original state space. b The reward distribution of the different reward function
in filtered state space.

15



Supplementary Methods

In this section, the algorithm underlying the proposed approach is discussed. The pseudocode
for the discovery of the optimal RL reward function is that of Algorithm 3. We begin by intro-
ducing our data-driven model optimization methods, which are summarized in Algorithm 1.
These methods leverage empirical data to improve model performance and facilitate better
decision-making. Typically, data-driven optimization commences with collection of relevant
datasets (generated via RL in this work) that may include historical performance metrics, user
interactions, or simulated outcomes.

Algorithm 1 Data-driven method for model optimization

Input: Dataset (X,Y ), batch size B, learning rate α, epochs K, model f(·;ϕ)
Output: Optimized model parameters ϕ
1: Initialize model parameters ϕ randomly
2: for epoch k = 1 to K do
3: Shuffle the training dataset (X,Y )
4: for t = 0 to N/B do
5: Select a mini-batch (Xbatch, Ybatch) of size B
6: Calculate the predictions Ŷbatch = f(Xbatch;ϕ)

7: Calculate the loss L = 1
B

∑B
i=1 ℓ(Y

i
batch, Ŷ

i
batch)

8: Calculate the gradients ∇ϕL
9: Update the parameters: ϕ← ϕ− α · ∇ϕL

10: end for
11: end for

Next, implementation of the reward function optimization step of the proposed approach is
outlined. This corresponds to the upper-level of the framework depicted in Fig. 2(d) in the main
text. In our work, the reward function is constructed by DNNs, as shown in Supplementary
Fig. 7. The reward function separately encodes the observational state of the world model
and the action of the embodied RL agent and then concatenates them. The concatenated
embeddings are subsequently processed through a forward model to generate the reward signal.
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Supplementary Fig. 7 Architecture of the reward function utilized in the main text. a Overview
of the architecture of the reward function, including the state encoder, the action encoder, and the forward
model that generate the reward signal. b The state encoder and action encoder are fully connected neural
networks that receive states or actions as inputs and then produce their respective embeddings. c The forward
model concatenates the outputs of the state encoder and action encoder and processes them using a deep neural
network to generate the reward signal. Icons from Icons8.com.
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Algorithm 2 The reward function optimization step in upper-level optimization

Input: Trajectory buffer D, reward function Rω, set objective reward R
Output: Updated reward function Rω′

1: Decompose the trajectories in D into steps
2: Randomly sample N steps from D to create the subset Dτ = {τ1, τ2, ..., τN}
3: Calculate the standard return U under setting R
4: Construct a model V that approximates the standard state values

5: for step τ (i) = (s(i), a(i), r
(i)
ω , U

(i)
, µ(i)) in Dτ do

6: Derive the action probability π(s(i), a(i)) from the policy distribution µ(i)

7: Estimate the state value V (s(i)) employing the value model V
8: Sample K actions from the action space to form the set A
9: for action a′k in A do

10: Calculate the reward rk(s
(i), a′k) using the reward function Rω

11: Derive the action probability π(s(i), a′k) from the distribution µ(i)

12: end for
13: Estimate the reward center r

(i)
c over the sampled actions: r

(i)
c = 1

K

∑K
k=1 π(s

(i), a′k) ·
rk(s

(i), a′k)

14: Calculate the gradient term of τ : gτi = (V (s(i))− U
(i)
) · (r(i)ω − r

(i)
c )

15: end for
16: Estimate the expected gradient: ∇ω[J upper]ω = 1

N

∑N
i=1 π(s

(i), a(i)) · gτi
17: Update the reward function: ω′ ← ω + β · ∇ω[J upper]ω

In Algorithm 2, it is assumed that all interactions between the embodied RL agent and the
world model are complete, and that the corresponding data are stored in the buffer. Reward
function optimization involves several critical steps, including action sampling (line 9), gradient
accumulation (line 16), and model updating (line 17). Initially, trajectories from buffer Dξ are
decomposed into their individual steps τ , constructed as tuples (s, a, rω, U, µ). A subset of N
steps is then randomly sampled for model optimization. For each step τ , the action probability
is derived from the current policy, and the standard state value V (s) is estimated via the
maintained value model. A set of actions is sampled from the policy distribution, and for each
sampled action a′ ∈ A, the reward rω(s, a

′) is obtained from the reward function Rω, along
with the corresponding action probability π(s, a′). The reward center rc and gradient terms
gτ are then computed, as shown in Algorithm 2. Then, we accumulate the gradient over the
sampled steps (line 14 in Algorithm 2). We rewrite the term of equation (S30) as follows:

∇ω[J upper]ω = Eµs,a

[
∇ω

[
Aπθ

R
(s, a) ·Aπθ

Rω
(s, a)

]
ω

]
≈ 1

N

∑
τ∈Dτ

[
π(s, a) · (V (s)− U) · (rω − rc)

]
.

(S32)

Ultimately, the reward function Rω is updated on the basis of Theorem 3, ensuring joint
optimization of the reward and value models. By iterating through these steps, the reward
function is effectively refined.

ω′ ← ω + β · ∇ω[J upper]ω. (S33)

Application of the optimal reward function discovery approach within RL is detailed in
Algorithm 3. This approach is formulated within a general RL framework, thus independent
of specific RL algorithms. The method commences with initialization of the policy model π
and the reward function R using randomly assigned weights. During each episode, the state is
initialized on the basis of the world model M, and a loop is executed until a terminal state
is attained. Within this loop, the RL agent derives the action distribution µ from the policy
model, samples an action, executes it, observes the subsequent state from the viewpoint of
the world modelM, and receives reward r from the reward function Rω. The policy model is
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then updated via various RL methods (line 12 in Algorithm 3). Although the specifics of the
different RL methods vary in terms of policy optimization, the proposed approach is unaffected
by such variations. On completion of an episode, the trajectory is stored in the reward buffer
Dξ. The reward function is subsequently refined using the method outlined in Algorithm 2,
which ensures continuous refinement. By integrating these components, the proposed approach
efficiently discovers the reward function R∗, thereby improving agent performance in complex
environments. Notably, compared to standard RL methods, the proposed approach requires
only a single additional line of code (line 15 in Algorithm 3) to enable co-optimization of the
reward function and policy model, disregarding other implementation details.

Algorithm 3 Approach for discovering the optimal reward function for embodied RL agents

Input: World modelM, agent policy π, reward function R, trajectory buffer Dξ

Output: The optimal policy π∗, the optimal reward R∗

1: Initialize the policy π with random weights θ0
2: Initialize the reward function R with random weights ω0

3: Initialize the trajectory buffer Dξ as empty
4: while policy and reward are not optimal do
5: Initialize state s from world modelM
6: while not terminal state do
7: Obtain the action distribution µ from policy model πθ

8: Make a decision and perform an action a
9: Observe the next state s′ in world modelM

10: Calculate the reward rω using the reward function Rω on the basis of state s and
action a

11: Transfer the state to s′ from s
12: Update the policy model πθ′ ← πθ ▷ Lower-level: Update the policy based on the

RL method
13: end while
14: Store the trajectory ξ of this episode in buffer Dξ

15: Update the reward function Rω′ ← Rω ▷ Upper-level: Update the reward based on
Algorithm 2

16: end while
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Supplementary Experiment Details

Detailed RL Algorithms

Algorithm 3 presents the approach used to integrate the discovery of the optimal reward
function with the embodied RL. In this section, the learning process of embodied RL agents
described in the main text is further discussed employing Algorithms 4–7, including the DQN
(Algorithm 4), PPO (Algorithm 5), SAC (Algorithm 6), and TD3 (Algorithm 7). The RL
agents used in the main text are sourced from CleanRL [67]. Rather than elaborating on the
technical details of the different types of agents, we demonstrate that the proposed optimal
reward function discovery approach can be rapidly applied to most embodied RL agents.

Algorithm 4 Approach for discovering the optimal reward function for DQN [68] agent

Input: World modelM, Q-network Qθ, target network Qθ′ , reward function Rω, replay buffer
D, trajectory buffer Dξ, batch size B, discount factor γ, max steps T , policy optimization
steps tp, reward optimization steps tr, target optimization steps tc, learning rate α

Output: Trained DQN agent
1: Initialize the Q-network Qθ with random weights
2: Initialize the target network Qθ′ ← Qθ

3: Initialize the reward function Rω with random weights
4: Initialize the replay buffer D and trajectory buffer Dξ as empty
5: Initialize the exploration rate ϵ
6: for t = 1 to T do
7: Observe the current state s from world modelM
8: Select action a with probability ϵ or argmaxa Qθ(s, a)
9: Execute action a, and observe the next state s′ of world modelM

10: Obtain reward r from reward function Rω

11: Store the transition (s, a, r, s′) in D
12: if terminal state then
13: Calculate the cumulative return G based on the set reward R for each step of the

trajectory
14: Store the trajectory in Dξ

15: end if
16: if t mod tp = 0 then
17: Sample a mini-batch of transitions from D
18: Compute the target y = r + γ ·maxa′ Qθ′(s′, a′)
19: Update θ by minimizing the loss: L(θ) = 1

B

∑
(y −Qθ(s, a))

2

20: end if
21: if t mod tr = 0 then
22: Sample a mini-batch of trajectories from Dξ

23: Compute the gradient and update ω via Algorithm 2: Rω′ ← Rω

24: end if
25: if t mod tc = 0 then
26: Update the target network: Qθ′ ← Qθ

27: end if
28: Reduce the exploration rate ϵ
29: end for
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Algorithm 5 Approach for discovering the optimal reward function for PPO [69] agent

Input: World modelM, policy network πθ, value function Vϕ, reward function Rω, clip param-
eter ϵ, learning rates απ, αV , and αr, policy optimization steps T , discount factor γ,
trajectory buffer Dξ, number of epochs K, mini-batch size M

Output: Trained PPO agent
1: Initialize the policy parameters θ and ϕ
2: Initialize the reward parameters ω
3: Initialize the world model and obtain the initial state s0
4: while not converged do
5: Collect a trajectory {(st, at, rt, st+1)} of length T by acting in the world model via πθ

6: Calculate the cumulative return G based on the set reward R for each step of the
trajectory

7: Store the trajectory in buffer Dξ

8: Compute the advantages Ât via generalized advantage estimation (GAE):

δt = rt + γVϕ(st+1)− Vϕ(st)

Ât =

∞∑
l=0

(γλ)lδt+l

9: Compute the target values for the value function: R̂t = rt + γR̂t+1

10: Compute the old action probabilities as πθ: πθ(at|st)
11: for epoch k = 1 to K do
12: Shuffle the collected trajectories into mini-batches of size M
13: for each mini-batch do
14: Compute the policy ratio:

rt(θ) =
πθ(at|st)
πθold(at|st)

15: Compute the clipped surrogate objective:

Lclip(θ) = Et

[
min

(
rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)]
16: Compute the value loss: Lvalue(ϕ) = Et

[(
Vϕ(st)− R̂t

)2]
17: Compute the total loss with the entropy regularization term H:

Ltotal = Lclip(θ)− c1L
value(ϕ) + c2H(πθ)

18: Update the policy parameters: θ ← θ + απ∇θL
total

19: Update the value function parameters: ϕ← ϕ− αV∇ϕL
value

20: end for
21: end for
22: Sample a mini-batch of trajectories from Dξ

23: Compute the gradient and update ω on the basis of Algorithm 2: ω ← ω+αr ·∇ωJ upper

24: end while

20



Algorithm 6 Approach for discovering the optimal reward function for SAC [70] agent

Input: World model M, policy network πϕ, two Q-value networks Qθ1 and Qθ2 , two tar-
get networks Q̄θ1 and Q̄θ2 , reward function Rω, temperature parameter α, learning rates
απ, αQ, αα, and αr, replay buffer D, trajectory buffer Dξ, policy optimization steps tp,
reward optimization steps tr, discount factor γ, target smoothing coefficient τ

Output: Trained SAC agent
1: Initialize parameters ϕ, θ1, and θ2 and target networks θ̄1 ← θ1, θ̄2 ← θ2
2: Initialize reward parameters ω
3: Initialize replay buffer D and trajectory buffer Dξ

4: Initialize the world model and determine the initial state s0
5: for t = 1 to T do
6: Collect action at ∼ πϕ(at|st) and observe the next state st+1 from the world modelM
7: Obtain the reward rt from the reward function Rω

8: Store the transition (st, at, rt, st+1) in replay buffer D
9: if terminal state then

10: Calculate the cumulative return G based on the set reward R for each step of the
trajectory

11: Store the trajectory in Dξ

12: end if
13: if t mod tp = 0 then
14: Sample a mini-batch of N transitions (si, ai, ri, si+1) from D
15: Compute the target for the soft Q value:

yi = ri + γEai+1∼πϕ

[
min

(
Q̄θ1(si+1, ai+1), Q̄θ2(si+1, ai+1)

)
− α log πϕ(ai+1|si+1)

]
16: Update the Q-function parameters by minimizing the loss:

LQ(θ) =
1

N

∑
i

(Qθ(si, ai)− yi)
2

θ1 ← θ1 − αQ∇θ1LQ, θ2 ← θ2 − αQ∇θ2LQ

17: Update the policy network by minimizing the objective:

Lπ(ϕ) =
1

N

∑
i

Eai∼πϕ
[α log πϕ(ai|si)−Qθ1(si, ai)]

ϕ← ϕ− απ∇ϕLπ

18: Adjust the temperature parameter α:

Lα(α) = −
1

N

∑
i

Eai∼πϕ
[α (log πϕ(ai|si) +Htarget)]

α← α− αα∇αLα

19: Update the target networks:

θ̄1 ← τθ1 + (1− τ)θ̄1, θ̄2 ← τθ2 + (1− τ)θ̄2

20: end if
21: if t mod tr = 0 then
22: Sample a mini-batch of trajectories from Dξ

23: Compute the gradient and update ω via Algorithm 2: ω ← ω + αr · ∇ωJ upper

24: end if
25: end for

21



Algorithm 7 Approach for discovering the optimal reward function for TD3 [71] agent

Input: World modelM, actor network πϕ, two critic networks Qθ1 and Qθ2 , target networks
πϕ̄, Q̄θ1 , and Q̄θ2 , reward function Rω, replay buffer D, trajectory buffer Dξ, exploration
noise N , target policy smoothing noise Ntarget, discount factor γ, soft update rate τ , policy
optimization steps tp, reward optimization steps tr, delay parameter d, mini-batch size M ,
learning rates απ, αQ, and αr

Output: Trained TD3 agent
1: Initialize parameters ϕ, θ1, θ2 and target networks ϕ̄← ϕ, θ̄1 ← θ1, θ̄2 ← θ2
2: Initialize replay buffer D and trajectory buffer Dξ

3: Initialize the environment and determine the initial state s0
4: for t = 1 to T do
5: Select action at = πϕ(st) +N , clip if necessary
6: Execute at, observe the next state st+1

7: Obtain reward rt from reward function Rω

8: Store the transition (st, at, rt, st+1) in D
9: if terminal state then

10: Calculate the cumulative return G based on the set reward R for each step of the
trajectory

11: Store the trajectory in Dξ

12: end if
13: if t mod tp = 0 then
14: Sample a mini-batch of M transitions (si, ai, ri, si+1) from D
15: Add smoothing noise to the target policy:

ãi+1 = πϕ̄(si+1) + clip(Ntarget,−c, c)

16: Compute the target for the Q value:

yi = ri + γmin
(
Q̄θ1(si+1, ãi+1), Q̄θ2(si+1, ãi+1)

)
17: Update the critic networks by minimizing the loss:

LQ(θ) =
1

M

∑
i

(Qθ(si, ai)− yi)
2

θ1 ← θ1 − αQ∇θ1LQ, θ2 ← θ2 − αQ∇θ2LQ

18: end if
19: if t mod d = 0 then
20: Update the actor network by maximizing the Q value:

Lπ(ϕ) = −
1

M

∑
i

Qθ1(si, πϕ(si))

ϕ← ϕ− απ∇ϕLπ

21: Update the target networks:

ϕ̄← τϕ+ (1− τ)ϕ̄, θ̄1 ← τθ1 + (1− τ)θ̄1, θ̄2 ← τθ2 + (1− τ)θ̄2

22: end if
23: if t mod tr = 0 then
24: Sample a mini-batch of trajectories from Dξ

25: Compute the gradient and update ω via Algorithm 2: ω ← ω + αr · ∇ωJ upper

26: end if
27: end for
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Agent Structure and Hyperparameters setting

The agent architectures used in the main text are shown in Supplementary Fig. 8, includ-
ing deep Q-network (DQN) [68], proximal policy optimization (PPO) [69], soft actor–critic
(SAC) [70], and twin delayed deep deterministic policy gradient (TD3) [71]. In Supplementary
Fig. 8(a), the DQN agent computes the Q-values Q(s, a) for all actions and selects the action
with the highest value. In Supplementary Fig. 8(b), the discrete PPO agent outputs a probabil-
ity distribution over the actions, from which an action is sampled. In Supplementary Fig. 8(c),
the continuous PPO and SAC agents generate an action distribution by computing means and
standard deviations, and then sampling actions accordingly. In Supplementary Fig. 8(d), the
TD3 agent directly outputs an action with added noise to encourage exploration. Although the
tasks differ, the agent architectures are similar. Depending on the complexity of the task, the
architectural parameters can be scaled up to enhance the learning capacities of the embodied
RL agents.

FC Layer 1
(state dim, hidden dim)

FC Layer 2
(hidden dim, hidden dim)

state 𝑠𝑠

FC Layer 3
(hidden dim, action dim)

Max

action 𝑎𝑎

Q value 𝑄𝑄(𝑠𝑠,𝑎𝑎)

FC Layer 1
(state dim, hidden dim)

FC Layer 2
(hidden dim, hidden dim)

FC Layer 3
(hidden dim, action dim)

state 𝑠𝑠

Sample

action 𝑎𝑎

Action Distribution 

Softmax

FC Layer 1
(state dim, hidden dim)

state  𝑠𝑠

FC Layer 2
(hidden dim, hidden dim)

FC Layer 3
(hidden dim, action dim)

FC Layer 3
(hidden dim, action dim)

Mean Standard Deviation

Normal Distribution 

Sample
action 𝑎𝑎

a b dc
FC Layer 1

(state dim, hidden dim)

FC Layer 2
(hidden dim, hidden dim)

state 𝑠𝑠

FC Layer 3
(hidden dim, action dim)

action 𝑎𝑎

Noise

Raw Action

Supplementary Fig. 8 Architecture of the agent utilized in the main text. a The DQN agent, with
the state serving as the input, obtains the value of each action and selects the action with the highest value. b
The discrete PPO agent, again with the state serving as the input, obtains the probability distribution of each
action and samples an action. c The continuous PPO and SAC agents, using the state as the input, construct
an action distribution and sample an action from that distribution. d The TD3 agent, with the state serving
as the input, directly obtains an action, as well as add a certain amount of noise.

The hyperparameters of the various agents and task parameter settings of the main text are
listed in Supplementary Table 1. As stated in the main text, the experimental hyperparameters
were not specifically fine-tuned for individual tasks. Multiple experiments were conducted to
ensure comprehensive evaluation of the algorithms. Only the random seed changed across the
experiments.
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Implementation Details

Reward Function Discovery approach

All experiments employed a computing cluster with a NVIDIA GeForce RTX 4090. All exper-
iments were run at least 5 times in parallel. All hyperparameters are listed in Supplementary
Table 1. Specifically, we integrated reward function discovery into the standard RL procedure,
using the “reward optimization steps” parameter to control how often the reward function was
updated. Although the details varied slightly across the different RL agents (Algorithms 4–7),
we made effort to ensure that our proposed reward function discovery method was broadly
applicable and generalizable to a wide range of RL agents.

Comparison Methods

In the experimental setup, several state-of-the-art reward function design methods were used
for comparison. Specifically:

SASR [43] introduced a self-adaptive success rate-based reward shaping method to address
the sparse-reward problem in RL, wherein the shaped reward functions were constructed by
leveraging the success rates obtained from past interactions. These success rates were sampled
from a dynamically updated beta distribution, which was efficiently estimated using kernel
density estimation with random Fourier features. This approach enhanced the efficiency and
adaptability of reward shaping in environments with sparse feedback.

Tomax [66] recognized the importance of reward maximization in RL, which focused on
utilizing reward functions more efficiently. Specifically, a max-reward RL method was used to
maximize the maximum reward encountered within an episode, rather than the cumulative
return. This reformulation simplified the design and optimization of reward functions.

LIRBO [14] formulated the intrinsic RL reward learning problem as a bilevel optimization
problem and employed the self-tuning networks approach for hyperparameter optimization.
This method aimed to train the intrinsic reward function more efficiently. A best-response func-
tion was learned, and a neural network module was introduced. This engaged in conditional
layer normalization that embed the parameters of the reward function into the policy network.
This integration ensured a stable and efficient training process. By avoiding the high computa-
tional cost of backpropagation throughout the entire training process, LIRBO improved both
the scalability and practicality of intrinsic reward learning.

Reward Function Visualization Methods

In our approach, the reward function is parameterized (as shown in Supplementary Fig. 7).
The weights are continuously updated via a meta-gradient based optimization. Therefore, it is
challenging to write a closed-form analytical expression for the function. In sparse-reward tasks,
the agent observations are simple and the action space is discrete, facilitating visualization
of reward function surfaces in the state-action space. In high-dimensional control tasks and
real-world tasks, both the observation space and the action space become significantly more
complex and are typically continuous. To address this, we employed the t-SNE method [72]
to project the high-dimensional state space onto two dimensions, enabling us to visualize the
distribution of reward signals within the state space.

Reward Curves. Fig. 4(a-d) in the main text present the reward signal curves observed
during a single interaction between the agent and the task. Specifically, we used a well-trained
agent to interact with the task for one complete episode, and recorded the reward signals
generated by different reward functions. This allowed us to compare the reward signals given
to the agent at the same states when different reward function designs were used.

Reward Surfaces. We considered the Acrobot-v1 task, a classic benchmark in RL that
involves underactuated control. The system consists of a two-link pendulum with one end
fixed and a single actuated joint between the two links. The goal is to apply one of three
discrete -1, 0, or +1 N ·m torques to the actuated joint to swing the free end of the outer link
above a target height, starting from the initial state where both links hang downwards. The
observation space includes the sines and cosines of both joint angles θ1, θ2, and their angular
velocities θ̇1, θ̇2. This yields a 6-dimensional continuous state representation. The agent must
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learn to coordinate oscillatory motions when building sufficient momentum to attain the goal.
We systematically varied the two joint angles from −π to π while keeping the joint angular
velocities fixed, thereby generating 6-dimensional states. In total, 100 states were generated.
For each state, the reward function delivers reward signals associated with different actions,
and the rewards are then used to construct the reward surfaces as functions of the two joint
angles.

t-SNE. To visualize the distribution of reward signals in high-dimensional state spaces, we
associate each high-dimensional state with the corresponding reward value and project these
state representations into a 2-dimensional space using the t-distributed Stochastic Neighbor
Embedding (t-SNE) method [72]. t-SNE is a nonlinear dimensionality reduction technique that
preserves local data structure by mapping similar states close together in the 2D space. In
our visualization, each point represents a state, and the color thereof the associated reward
signal (red: higher rewards; blue: lower rewards). This enables an intuitive interpretation of
how reward signals are distributed across complex, high-dimensional state spaces.
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