Proceedings of the Thirty-Sixth International Conference on Automated Planning and Scheduling (ICAPS 2026)

Sample-Efficient Hypergradient Estimation
for Decentralized Bi-Level Reinforcement Learning

Mikoto Kudo'?, Takumi Tanabe®, Akifumi Wachi’, Youhei Akimoto'~
University of Tsukuba,
RIKEN AIP,
LY Corporation
mikoto@bbo.cs.tsukuba.ac.jp, {akifumi.wachi, takumi.tanabe } @lycorp.co.jp, akimoto@cs.tsukuba.ac.jp

Abstract

Many strategic decision-making problems, such as environ-
ment design for warehouse robots, can be naturally for-
mulated as bi-level reinforcement learning (RL), where a
leader agent optimizes its objective while a follower solves a
Markov decision process (MDP) conditioned on the leader’s
decisions. In many situations, a fundamental challenge arises
when the leader cannot intervene in the follower’s optimiza-
tion process; it can only observe the optimization outcome.
We address this decentralized setting by deriving the hyper-
gradient of the leader’s objective, i.e., the gradient of the
leader’s strategy that accounts for changes in the follower’s
optimal policy. Unlike prior hypergradient-based methods
that require extensive data for repeated state visits or rely on
gradient estimators whose complexity can increase substan-
tially with the high-dimensional leader’s decision space, we
leverage the Boltzmann covariance trick to derive an alter-
native hypergradient formulation. This enables efficient hy-
pergradient estimation solely from interaction samples, even
when the leader’s decision space is high-dimensional. Addi-
tionally, to our knowledge, this is the first method that enables
hypergradient-based optimization for 2-player Markov games
in decentralized settings. Experiments highlight the impact of
hypergradient updates and demonstrate our method’s effec-
tiveness in both discrete and continuous state tasks.

Code — https://github.com/akimotolab/BC-HG

1 Introduction

Bi-level reinforcement learning (RL) is a hierarchical frame-
work capable of representing complex objective struc-
tures. In bi-level RL, the lower-level (i.e., follower) typ-
ically involves policy optimization within a Configurable
MDP (Metelli, Mutti, and Restelli 2018), which is an MDP
parameterized by external variables § € ©. Meanwhile, the
objective function of the upper-level (i.e., leader) depends
on the lower-level optimal policy, creating a nested depen-
dency structure as follows:

max  Jp(0,g") (Leader)
0€0,9teg
s.t. g" € GT() := argmax Jr(6,g),  (Follower)

9eg
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where O is the set of possible parameters in the upper-level,
and G is the set of all possible policies in the lower-level.
The set of lower-level optimal policies, gt (6), depends on
the upper-level variable and is called the best response to 6.

Due to its versatility in modeling hierarchical depen-
dencies, bi-level RL has been applied to many domains,
including reinforcement learning from human feedback
(RLHF) (Chakraborty et al. 2023; Shen, Yang, and Chen
2024; Yang, Gao, and Yuan 2025), reward shaping (Shen,
Yang, and Chen 2024; Yang, Gao, and Yuan 2025),
safe RL (Zheng and Gu 2025), model-based RL (Ra-
jeswaran, Mordatch, and Kumar 2020), and advertising
planning (Muneeb et al. 2019). Yet an important challenge
remains under-explored: decentralized learning, where the
leader cannot intervene in the follower’s optimization pro-
cess and must treat the follower algorithm as fixed. This oc-
curs when followers rely on pre-defined standard algorithms
that are impractical or undesirable to modify. For example,
in environment design for autonomous warehouse robots,
the designer optimizes environment parameters while leav-
ing each robot’s built-in adaptation algorithm (e.g., LQR)
unchanged. The technical challenge is then to estimate
leader updates that account for best-response shifts without
controlling follower optimization.

To address this challenge, we propose a method for decen-
tralized bi-level RL, where the leader is agnostic to the fol-
lower’s algorithm and cannot control follower updates. We
study two settings: 1) configurable MDPs, where the leader
influences the follower through environment/configuration
parameters; and 2) Markov games (MGs), where both leader
and follower have policies and influence each other through
policy interaction. In both settings, the upper-level objec-
tive is the leader’s discounted cumulative reward, while the
lower-level objective is the follower’s entropy-regularized
discounted cumulative reward. For each setting, we derive
the hypergradient of the upper-level objective, which can
be estimated from online interaction samples consisting of
states, follower and leader actions, and the leader’s immedi-
ate rewards. By updating the leader’s variables or policy us-
ing the estimated hypergradient, our method enables steep-
est ascent updates that “anticipate” changes in the follower’s
best response. We also assume access to the follower’s ac-
tions (during exploration and exploitation) and learning out-
comes. This information-access assumption makes online



hypergradient estimation tractable while preserving the de-
centralized, non-interventionist setting.

Two existing methods applicable to our configurable
MDP setting, HPGD (Thoma et al. 2024) and So-
BiRL (Yang, Gao, and Yuan 2025), require multiple visits
to the same state within a sample batch to estimate the hy-
pergradient. However, in continuous state spaces or in large
discrete state spaces relative to batch size, this requirement
is impractical without generating additional trajectories or
arbitrary state resets, severely limiting real-world applica-
bility. Our derived hypergradient circumvents this issue via
the “Boltzmann covariance trick,” enhancing scalability by
enabling estimation solely from interaction samples, even in
continuous-state tasks with high-dimensional configuration
spaces. Furthermore, we extend this result to 2-player MGs.
To our knowledge, this is the first work to derive the hyper-
gradient for 2-player MGs under entropy regularization.

We empirically evaluate our proposed approach on Con-
figurable MDPs and MGs with both discrete and continu-
ous state spaces. In Configurable MDP settings, our method
demonstrates robustness against weak entropy regulariza-
tion and scalability to high-dimensional leader parameters.
Prior methods like HPGD often degrade or become trapped
in local minima due to estimation errors in these scenarios.
Furthermore, in MG settings, our method identifies policies
that successfully induce favorable follower behaviors, which
the baselines fail to discover. These results validate that our
method enables effective hypergradient-based optimization
solely from interaction samples.

2 Preliminaries

Entropy Regularization Throughout this paper, we as-
sume that a follower solves a Markov decision process
(MDP) with entropy regularization. It is formulated as fol-
lows. Let (S, B, p, po, 7F,7r) be the MDP, where S is the
state space; 3 the action space of the follower; p : S x B x
S — [0, 1] the state transition probability; pg : S — [0, 1]
the initial state distribution; rz : S x B — R the reward
function of the follower; and v € [0, 1) the discount factor
for the follower. The objective of the follower is to find a
stochastic policy g € G : S x B — [0, 1] that maximizes the
expected cumulative reward under entropy regularization:

=K, Z’y% (re(se, be) + BH(g;5¢)) |, (1)
t=0

J
max J(9)

where G is the set of all possible policies on S x B; 5 > 0
is the constant determining the strength of the entropy reg-
ularization; H(g;s) := —Eyg(.|s)[logg(b | s)] is the en-
tropy of g given s € §; and the expectation is taken for
a trajectory 7 := (sq, b, s1,b1,...) generated by g, i.e.,
p(7 [ 9) = po(so) HZOP(SH-I | 5¢,be)g(be | s).

The main technical reason to assume entropy regulariza-
tion is to guarantee the existence and uniqueness of the op-
timal policy as a stochastic policy. Entropy regularization
is often assumed in inverse RL algorithms as a natural ap-
proach to model the stochasticity in the expert policy. Under
entropy regularization, the value and action value functions
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(also called the soft value and soft action value functions)
are defined as
S = 81

and Q%‘(& b) = TF(Sv b) + fyFES/Np(~‘S,b) [VFQ(‘S/)] When
the policy model is sufficiently expressive, the optimal pol-
icy is uniquely determined by the optimal value functions
ViA(s) = maxgeg VE(s) and QF(s,b) = maxgeg Q% (s,b)
for each s € S as a Boltzmann distribution ¢*(b | s) =
exp (871 (Q%(s,b) — VA(s))). The uniqueness of the opti-
mal policy is essential for bi-level RL problems.

VE(s) =Er | vk (re(se be) + BH(g; 51))
t=0

Configurable Markov Decision Process A configurable
Markov decision process (configurable MDP) generalizes
the standard MDP by introducing a configurable parameter
that parameterizes the state transition probability and the re-
ward function. A configurable MDP M, parameterized by
0 € O, is defined by the tuple (S, B, pa, pg, r%, ~vr), where,
differently from the standard MDP, p?, p§, and 7% are pa-
rameterized by 6 € ©. Given My for a fixed § € O, the
follower maximizes the expected cumulative reward under
entropy regularization; that is, it solves (1) with the param-
eterized objective Jy, where p, pg, and rr are replaced by
their parameterized counterparts p?, pg, and r%.

The leader’s objective is to maximize its utility given the
follower’s best response. This is formulated as a bi-level re-
inforcement learning problem:
where ¢%f := argmax Jy(g), (2)

max J1. (6, ¢°T),
OEG};( L( g ) geg

where .J;, denotes the leader’s utility under configuration 6,
and ¢°! is the follower’s best response to #. Due to entropy
regularization in the lower-level problem, ¢°' is uniquely
determined for every # € © and corresponds to the 6-
conditioned optimal Boltzmann distribution:

915 . 91‘8
gaT(b|s):exp< F(ab)ﬁ VF()>’

where Q?J and VIQT are the optimal value functions of M.
Consequently, this problem is well-defined due to the exis-
tence and uniqueness of the best response g?f. In the subse-
quent sections, we assume that the follower’s policy always
coincides with the optimal policy specified above. This as-
sumption is not overly restrictive, as non-asymptotic con-
vergence to an e-optimal policy for the follower has been
established by Thoma et al. (2024) for standard entropy-
regularized RL algorithms, such as Soft Value Iteration, Q-
learning, and Natural Policy Gradient.

In this paper, we focus on the scenario where the leader’s
utility is defined by the discounted cumulative reward, which
depends on the follower’s policy, and a regularization term
that depends only on the configuration:

PRI ACN

t=0

Ji(0,¢°") =E. +@L(6), )




where ~;, is the leader’s discount factor, r% is the leader’s
reward function, and ®, defines the regularization for con-
figuration 6. Here, ®;, is a task-specific regularizer for the
leader (e.g., an /5 penalty on ), and is distinct from the en-
tropy regularization used in the follower objective.

2-Player Markov Game A 2-player MG can be viewed
as an extension of configurable MDPs, where the leader
acts as an agent with a policy parameterized by § € O,
and the environment is influenced indirectly through the
leader’s actions. It is defined by the tuple (S, (A, B), p, po,
(rr,rr), (7L, vr)), where S is the state space; A and B the
action spaces of the leader and the follower, respectively;
p:SxAxBxS — [0,1] the state transition proba-
bility; po : S — [0, 1] the initial state distribution; 7, and
rr : S X A x B — R the reward functions of the leader
and the follower; and ~vz,,vr € [0,1) the discount factors
for the leader and the follower. The leader’s policy and the
follower’s policy are denoted as fp : S x A — [0,1] and
g:S x Ax B —|0,1], respectively.! Let the leader’s poli-
cies be parameterized by € ©. Similar to the configurable
MDP case, the follower maximizes the expected cumulative
reward under entropy regularization, i.e., it solves (1). The
difference lies in that 7% (s, b) is replaced by r (s, a, b) and
p?(s' | s,b) is replaced by p(s’ | s,a,b)fe(a’ | s'). That
is, instead of directly controlling the follower’s reward and
state transition, these are indirectly affected by the leader’s
action. The leader’s optimization problem is identical to (2),
where the expected cumulative reward Jy, is defined as:

o
ZWZTL(8t7at7bt)

t=0

J(0,¢°T) :=E. +@.(0). @)

Analogous to the configurable MDP case, we assume that
the follower’s policy is optimal.
We define the value and action-value functions for the fol-
lower g under the leader fy as:
Sg = S
apg = a

and Q%q(s,a,b) = rp(s,a,b) + yrEyEqy [Vgg(s’,a’)],
where the expectation [E; is taken over a trajectory gener-
ated by fp and g, ie., p(7 | 0,9) = po(s0) [1;=op(st+1 |
Styae,be)g(by | st,ai)folar | st), Eg is taken over next
state s’ ~ p(- | s,a,b), and E,. is taken over next leader
action a’ ~ f(- | §'). In the definition of V29, the leader’s
action a is given as an input because it is observed before
the follower’s decision.
The leader’s action-value functions are defined as:

So =S
apg = a .

bo = b

VE9(s,a) =

Z%tw (re(se, ap,be) + BH(g; se, ar))

t=0

E,

%9(s,a,b) = E,

oo
ZVETL(Staatabt)

t=0

'In this paper, we consider the case where the follower ob-
serves the leader’s action before making a decision. However, it
is straightforward to extend our results to cases where the follower
does not observe the leader’s action, i.e., g : S x B — [0, 1].
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Note that the leader does not employ entropy regularization;
hence, the value functions for the leader are the standard
ones. For conciseness, the leader’s action-value function un-

der the leader policy fy and the corresponding best response

ot
%1 is denoted as Q%' := Q%7 . In addition, the follower’s

optimal value and action-value functions under fy, i.e., the
value functions of fj and the optimal policy ¢°f, are denoted

0t ._ 1/09°" 0t ._ 09"
as V' :=V." and Qp = QF

3 Related Works

Bi-Level RL with Cumulative Upper-Level Objectives
in Configurable MDPs Several studies address bi-level
RL with cumulative reward objectives at the upper level,
such as Thoma et al. (2024) and Yang, Gao, and Yuan
(2025). Both derive hypergradients assuming access to the
follower’s entropy-regularized e-optimal best response, sim-
ilar to our setting. Consequently, their methods are applica-
ble to decentralized follower scenarios.

However, these approaches share a common limitation:
hypergradient estimation requires multiple trajectories orig-
inating from the same initial state with diverse initial fol-
lower actions. Such trajectories are generally inaccessible
unless the state space is discrete and small enough to al-
low repeated visits to identical states. Thoma et al. (2024)
circumvent this issue by assuming access to an oracle capa-
ble of generating trajectories from arbitrary initial states and
actions. Although this challenge can be mitigated without
such an oracle, either by constraining the dimensionality of
upper-level variables as in Thoma et al. (2024) or by truncat-
ing the hypergradient to its first-step component as in Yang,
Gao, and Yuan (2025), these simplifications and approxima-
tions degrade performance in practical settings as seen later.

In contrast, we derive an alternative hypergradient formu-
lation that can be estimated solely from experienced trajec-
tories. Our method eliminates the need for additional tra-
jectories, enabling scalability to large state spaces and high-
dimensional leader parameters.

Bi-Level RL in Markov Games In 2-player MG set-
tings with a decentralized follower, three main approaches
have been proposed: two-timescale gradient updates (Ra-
jeswaran, Mordatch, and Kumar 2020; Vu et al. 2022), to-
tal derivative gradient approaches (Yang et al. 2023), and
operator-based methods (Zhang et al. 2020). Two-timescale
gradient updates (Rajeswaran, Mordatch, and Kumar 2020;
Vu et al. 2022) employ the first-order gradient for the
leader’s updates and two different update frequencies to
maintain the follower’s optimality. However, this approach
may fail to find the optimal leader policy, particularly when
the leader’s and follower’s objectives conflict, as demon-
strated in Section 5.3. Yang et al. (2023) propose a total-
derivative gradient method, ST-MADDPG. However, they
assume a deterministic follower policy unconditioned on the
leader’s action. This, combined with the lack of mathemat-
ical detail regarding policy updates, makes adapting their
method to our setting nontrivial. Moreover, this method re-
quires computing the inverse Hessian product with respect to
policy parameters, often incurring substantial computational



costs and resulting in unstable updates. Bi-AC (Zhang et al.
2020), on the other hand, is applicable with minor adjust-
ments. This method builds on the Stackelberg stage-game
operator, similar to Nash-Q (Hu and Wellman 2003). How-
ever, this operator is not guaranteed to converge to the op-
timal leader policy or even to improve the leader’s perfor-
mance. Further discussion is provided in Section 5.3.

Our proposed method leverages the hypergradient to ac-
count for changes in the follower’s best response during
the leader’s update, similar to total derivative gradient ap-
proaches (Yang et al. 2023), but without the computationally
expensive inverse Hessian product.

4 Proposed Approach

A key difference from prior studies (Thoma et al. 2024;
Yang, Gao, and Yuan 2025) is that we leverage the Boltz-
mann covariance trick to resolve their limitation of requiring
expectations over follower actions from the same state for
hypergradient estimation. This constraint necessitates elab-
orate trajectory collection procedures, which restricts its ap-
plicability. Our method avoids this computation and enables
hypergradient estimation from limited interaction history. To
our knowledge, this is the first work deriving the hypergra-
dient for 2-player MGs under entropy regularization.

Hypergradient for Configurable MDPs The hypergradi-
ent of Jy, is the hypergradient of the cumulative reward (first
term in (3)) plus the gradient of the regularization term (sec-
ond term), V®,(9), which is assumed to be analytically dif-
ferentiable. Consequently, we omit the regularization term in
the following derivation for simplicity.

To derive the hypergradient, we define the leader’s value
function under the follower’s action as

%9(s,b) :== E, ZthrL(st,bt)

t=0

Sop =S
bp=0b |-

Unlike the standard action-value function, the inputs are the

state s and the follower’s action b, rather than the leader’s
. ot .

action. Let QQLT = QL(’ be the leader’s value function un-

der the best response g?7. Then, we define the Benefit of the
leader when the follower takes an action b at state s as

BZT(Sa b) = Qijr(& b) - Ebwg“(-\s) [Q?j(su b)] .

A positive Benefit indicates that the follower’s action is rel-
atively beneficial to the leader. Thus, the leader aims to en-
courage the follower to select actions with a positive Benefit
more frequently.

Using the Benefit, we can compute the hypergradient as
follows. Its proof is provided in Appendix B.2.

Theorem 1. Suppose the gradients V@T%, Vgr%, Vo log pf,
and Vg log p? are computable everywhere. The hypergradi-
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ent of (3) is given by

VoJr (6,9

Z (ng’L St,bf)
=0

+ VL (St)ve log p?(s¢ | si—1,b1-1)
+ BzT(Shbt)
B

1) refers to p$(so), and

VoQ4 (st,bt)ﬂ, (5)

where p¥(sg | 5_1,b_

V@Qg(s b ZVFVGTF(Smbt)
t=0
A VE (s141) Vo log p” (st | 51, br) zg ii ] (6)

The first two terms of (5) are interpreted as the direct ef-
fect of the differentiation of the cumulative reward resulting
from the differentiation of the reward function and the tran-
sition probability. The third term is interpreted as the indirect
effect due to the change in the follower’s best response.

Thoma et al. (2024) derive a hypergradient for the same
bi-level RL problem, albeit with a different formulation. Im-
portantly, since our hypergradient formulation is mathemat-
ically equivalent to that of Thoma et al. (2024), the non-
asymptotic convergence guarantees established in their work
apply directly to our method. Our contribution is thus com-
plementary: we retain the same gradient target but introduce
a more efficient and oracle-free estimation mechanism, mak-
ing the approach applicable in practical decentralized set-
tings.

More specifically, the key distinction lies in the form of
the third term of the hypergradient, leading to different im-
plementations of hypergradient estimation. The third term of
the hypergradient in (Thoma et al. 2024) is derived as

o0
%Er ZVEQ?(&&, bt)VBAQFT(Sta bt)‘| ) (N
t=0

where Aij(s, b) = %T(s, b) — VgT(s). This requires
estimating the gradients Vg Qif(s, b) derived in (6) and
VoVEl(s) = Byogorcis) {ngi’J (s, b)] (derived in the
proof). However, there is a difficulty in estimating these two
gradients from samples. These gradients are estimated by
Monte Carlo using trajectories of the follower’s policy. The
estimation of V(;Qif (s,b) requires trajectories starting at
state s and follower action b. On the other hand, the estima-
tion of Vg VI?T(S) requires other trajectories starting at state
s. That is, we need multiple trajectories starting at the same
state with different follower actions to estimate V@A?;T (s,b).
This assumption is challenging to satisfy when the state-
action space is either discrete but large or continuous. To
tackle this challenge, Thoma et al. (2024) rely on an oracle
that generates trajectories starting at an arbitrary state-action
pair. However, the availability of such an oracle is also dif-
ficult to guarantee, especially when the leader does not have
full control of the follower.



With our hypergradient formula (5), we do not need to es-
timate Vg VFGJr (s), and thus do not need multiple trajectories.

Instead, we require estimating the Benefit BgT(s, b), which
we argue is easier to estimate, as it does not require multiple
trajectories or an oracle. The equivalence between (7) and
the third term in (5) is described by the Boltzmann Covari-
ance trick, that is:

Byt (1) [QF (5:)Vo AT (5.0)]

=B, [Q}(s,0) - (VoY (5,0) = By [VoQf (5.0)] )|
= Covy [Q} (5.0). Vo3 (s,0) | 5]

=, [(QF(5,6) ~ By [QF(,)] ) - V0@ (s, 1)]

= Epeyorlo) [BY (5, 0)VoQY (5,0)]

where Covy[-,- | s] is a covariance with respect to b ~
g%T(- | ). Because this transformation is an algebraic iden-
tity, replacing one form with the other preserves the expec-
tation and therefore, preserves unbiasedness of the corre-
sponding Monte Carlo estimator. We refer to this manipula-
tion as the Boltzmann Covariance trick; the name is inspired
by the Boltzmann Covariance Theorem (Movellan 1998),
while the derivation here follows directly from the above
identity under the nested optimization structure where the
lower-level optimum is Boltzmann. Additionally, it leads to
the interpretation of the third term in (5) as enhancing the
probability of the follower’s actions that are favorable to the
leader.

Hypergradient for 2-Player Markov Game We extend
Theorem 1 to 2-player MGs. Analogous to the policy gra-
dient theorem for single-agent MDPs, we introduce the dis-
counted state visitation distribution d%¢(s) (defined in Ap-

pendix B.1). For conciseness, we denote dggﬁ as dgT. The
policy gradient theorem for single-agent MDPs (Sutton et al.
1999; Sutton and Barto 2018) can be adapted to the leader’s
objective under a fixed follower as:

Vo1 (09) = 1B [Q(5,0,5)Valog fola | 5]

where the expectation E is taken over (s,a,b) ~ g(b |
s,a) fola | s)d59 (s).

The following theorem extends the policy gradient the-
orem to 2-player MGs, providing the hypergradient for a
stochastic leader policy. Note that, in general, the optimal
leader policy in 2-player MGs may be stochastic. In this con-
text, the Benefit of the leader fy, given that the follower takes
action b at state s under the leader’s action a, is defined as:

B (s,0,0) := Q4 (5,0,b) — By gor (fs.c) [Q"; (s,a, b)] .
Theorem 2 (Hypergradient for MGs). The hypergradient of
(4) with respect to 6 is given by
1

|0} (.00 lox fofa | 5
— L
Bi'(s,a.b)

B

Vo (0,¢°T) = 1

+ VoQY (s, a, b)} (8)
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where the expectation B is taken for (s,a,b) ~ g¢%T(b |
s,a)fola | s)df&(s) and

VoQ (s,a,b) ©)
00 Sop =S8

:ETlZW%VIgT(St,at)Vglogfg(at | s¢) ZO :l? ]
t=0 0 =

The first term of (8) corresponds to the policy gradient
theorem (Sutton et al. 1999; Sutton and Barto 2018), which
reflects the improvement of the leader’s utility by changing
its own policy. The second term reflects the improvement
in the leader’s utility resulting from the change in the fol-
lower’s best response due to the leader’s policy update.

Implementation We propose Actor-Critic algorithms for
both configurable MDP and MG settings, termed Boltz-
mann Covariance HyperGradient (BC-HG). These algo-
rithms comprise standard critic updates to estimate the cur-
rent leader’s Q-function using trajectories sampled under the
best response, and actor updates utilizing a hypergradient es-
timated via the Benefit, based on (5) and (8). While our al-
gorithm shares similarities with that of Thoma et al. (2024),
it distinguishes itself by leveraging the Benefit. As discussed
previously, this distinction is crucial for practical tractability.
Algorithm 1 provides an overview of the proposed method.

We proceed under the following assumption, which al-
lows us to focus on hypergradient estimation without the
computational burden of estimating the follower’s policy
and value function:

Assumption 1 (White-box follower). The follower’s policy
and the value functions resulting from its learning process
are accessible to the leader.

Although our overall framework is designed for a decen-
tralized learning setting, where the leader cannot directly in-
tervene in the follower’s updates, this constraint does not
necessarily imply a black-box follower setting. Assump-
tion 1 is often justifiable when the follower’s best response is
determined analytically with a task-specific method; access-
ing the best response is natural, but we do not want to change
the follower’s optimization process. This setup holds regard-
less of whether the follower is centralized or decentralized.
This scenario is specifically addressed in our experiments
(Sections 5.2 and 5.4). Furthermore, even if the follower is
not strictly white-box, its policy and values can often be ac-
curately estimated from interaction samples, mitigating the
practical difference in many real-world applications.

We decompose the hypergradient into two compo-
nents: the partial derivative OgpJr, and the guiding term
B *1E[BZTV9Q%T]. The partial derivative dg.J;, corresponds
to the first two terms of the hypergradient in configurable
MDPs (5), and to the first term in MGs (8). The leader’s

value function VLG 2 can be computed via the Bellman equa-

tion using the estimated critic Q? and the best response
¢’t. The guiding term, corresponding to the final term of

*In Line 10 of Algorithm 1, we slightly abuse notation by defin-
ing Vi(8) as the discounted cumulative expected leader reward
conditioned on the initial state-action § = (s, a) in MG settings.



Algorithm 1: The BC-HG Algorithm

. Initialize leader parameters 6° and critic Q%

:fori=0to N —1do v

: (Follower computes best response gQZT for M)
Sample a batch of trajectories D <— {7;} of length T

1
2
3
4
5. Get follower’s best response g° T and value function Vlff“r
6 ZH + CriticUpdate(Q%, D) (Algorithm 2,3)

7 #5 denotes state s for configurable MDPs

8:  # 5 denotes state-action pair (s, a) for MGs

9: for (5,b) e T € Ddo

10: V(s )FEbNgelT(| 5 [ z+1(5 b)}
11: Br(5,b) « Q17 (5,b) = Vi(5)
12: Dsp + {T'“T | (8k,bk) = (8,b) for (35,bx) € T € D}
13: V/eaF(E, b) < FollowerQGrad(Ds, 0", Vi) (Al-
gorithm 6,7)
14: end for
15: (%JL <+ PartialDerivative(D, 0 Vi, “Fl) (Al-
gor1thm4 5)
16: vt‘)JL — 89JL
B\Dl Z Z Y1 BL(5¢, b Ver(st,bt)
TED (5¢,by)ET
17: O 0" + aVeJr
18: end for

each hypergradient, is estimated by averaging the gradient of
the follower’s Q-function, VgQij(s, b) (or V(;Q%T(s, a, b)),
weighted by the Benefit BZT(S, b) (or Bgf(s, a, b)), over the
sampled transitions. The gradient V(;Q?,T, as shown in (6)
(or (9)), is estimated as the discounted cumulative gradient
along a trajectory segment following each transition (s, b)
(or (s, a, b)) sampled for the outer expectation in (5) (or (8)).

S Experiments

We demonstrate the advantages of our proposed BC-HG
over baseline methods designed for configurable MDPs and
2-player MGs in both discrete and continuous state settings.

5.1 Configurable MDPs (Discrete)

Four-Rooms Task This task is adapted from Thoma et al.
(2024). The follower can move up, down, right, or left (4
actions) within the level (104 states) visualized in Figure 1.
The follower starts at the cell denoted .S and receives a pos-
itive reward upon reaching the goal cell G. In contrast, the
leader receives an immediate reward of +1 when the fol-
lower visits the target cell, which is denoted by “1”” and high-
lighted in green. To guide the follower, the leader can place
a negative incentive (penalty) in each cell, incurring a cost
proportional to the total negative incentive placed when the
follower reaches the goal. See Appendix C.2 for details.

Baselines We compare the proposed approach against the
following baselines: NAIVE-PGD, which employs first-
order policy gradient updates (Rajeswaran, Mordatch, and
Kumar 2020; Vu et al. 2022) ignoring changes in the fol-
lower’s best response (i.e., using 9g.J1.(0,9) |4—g40t); SO-
BIRL, a hypergradient approach by Yang, Gao, and Yuan
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Figure 1: Four-Rooms Environment

(2025), originally designed for reward shaping from human
feedback; and HPGD, another hypergradient approach by
Thoma et al. (2024). We evaluate three variations of HPGD:
HPGD (ORACLE), which relies on an oracle for hypergra-
dient estimation (as presented in the original paper); HPGD
(MC), which uses Monte-Carlo estimation with a batch
of trajectories collected during interaction (as implemented
by the authors); and HPGD (SA), which utilizes SARSA-
type estimation similar to our proposed approach. Note that
HPGD (ORACLE) requires oracle access, a condition not as-
sumed by the other methods. In this experiment, additional
trajectories of size 10* per outer iteration are generated by
the oracle. See Appendix C.1 for details.

Settings For all approaches, the follower’s best response
is computed via soft value iteration with entropy regulariza-
tion coefficients 3 € {1x1073,3x1073,5x 107}, For the
main results in Figure 2, we use a batch size of 100, which
is small relative to the state-space size of 104. For each ap-
proach, we perform a grid search over hyperparameters and
select the best combination based on average performance
across 10 random seeds. Results with different batch sizes
(200, 400, 1000) are reported in Appendix C.2.

Results The results are presented in Figures 2c, 2b, and
2a for varying entropy regularization parameters (. The
proposed approach, BC-HG, consistently outperforms the
baselines. Generally, the performance of HPGD variants
(excluding the oracle version) degrades as entropy regular-
ization weakens (i.e., smaller ). With a smaller /3, selecting
different actions at the same state becomes less likely. Con-
sequently, the core assumption of HPGD variants, that tra-
jectories starting at the same state with different actions are
collected during interaction, becomes harder to satisfy. Re-
sults with different batch sizes are shown in Appendix C.2.
The superiority of BC-HG over HPGD (SA) underscores
the impact of the Boltzmann Covariance trick, as the only
difference lies in the guiding term’s form in the hypergra-
dients. SOBIRL, NAIVE-PGD, and HPGD variants with
B = 1 x 1073 become stuck in a local minimum where
no negative incentive is placed, resulting in zero penalty and
zero positive reward for the leader. This occurs because the
third term of the hypergradient in Theorem 1, capturing the
shift in the best response, is poorly estimated, emphasizing
the penalty effect in the first term.

5.2 Configurable MDPs (Continuous)

Task Description and Settings Inspired by Afram and
Janabi-Sharifi (2014), we designed an n-zone building ther-
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Figure 2: Results on Four-Rooms Task (BatchSize = 100).

mal control task where the follower controls heating, venti-
lation, and air conditioning (HVAC) units to minimize tem- g 2001
perature deviations in n zones using a linear quadratic regu- § 2201
lator (LQR). The leader aims to enhance temperature stabil- g o]
ity and energy efficiency by adjusting building parameters, 3
such as insulation and airflow. B 260 { RIS ™ e N
This task is formulated as a bi-level extension of infinite- %7280_ ...... BCHG HPCjD (MC)
horizon discounted LQR with entropy regularization. The . awereb oo wenam
state s € R™ is temperature deviations, with transitions de- 0 500 1000 1500 2000
fined as: s; 11 = Agsy + Bby + wy, where wy ~ N (0, W), Quter iterations: N
Ag € R, B € R™™, and W € R" ™. m is the Figure 3: Results on Building Thermal Control.
number of HVAC units. The follower’s reward function is:
rr(s,0) == —s' Qs — b" Rb, where Q € R™ ™ is posi-
tive semi-definite and R € R™*"™ is positive definite. The tion accuracy of the follower’s value gradient was insuffi-
leader’s parameter § € R?" represents the insulation level cient for the 8-dimensional leader parameter. Given that the
of n zones and the airflow level of n inter-zone ventilations. learning cost of the value gradient increases with the dimen-
The number of zones and HVAC units is set to n = 4 sionality of the leader parameter, BC-HG is more scalable.
and m = 2, respectively. The follower’s best response is See Appendix C.5 for more results.
computed via Riccati iteration for all approaches (see Ap-
pendix C.4 for details). We conduct a grid search over hyper- 5.3 2-Player Markov Games (Discrete)
parameters for each approach using 10 random seeds. Fur- Task Description and Setting This task involves finite
ther details are provided in Appendix C.5. state and action spaces with deterministic transitions. The
Baselines We consider the following baselines: NAIVE- state space is S = {5, A, B}, and action spaces are "4 =
PGD, HPGD (MC), and HPGD (TD). In continuous state {0,1} (leader) and B = {s, a, b} (follower). Deterministic
settings, Thoma et al. (2024) implement HPGD by estimat- transition dynamics and reward functions are illustrated in

Figure 4a. Leader actions at states .S and B do not influ-
ence rewards or transitions; thus, we focus on the leader’s
action selection probability at state A. If fp(0 | A) =~ 1, the
follower prefers actions a, b, and s at states S, A, and B, re-

ing the follower’s value function gradient using a function
approximator rather than additional trajectories, estimating
the gradient as a vector-valued function in the cumulative
form of (6). This implementation does not rely on an oracle.

However, the learning cost of the vector-valued function in- spectively. This results in the cycle S *l—a> A % B *‘—9> S,
creases with higher-dimensional leader parameters. HPGD yielding rewards of 1, 2, 0 for the follower and 1, 0, O for the
estimates the leader’s Q-function via Monte-Carlo estima- leader. Conversely, if fo(1 | A) ~ 1, the follower prefers ac-
tion in HPGD (MC) and via the TD-method with neural tions b, b, and s at states S, A, and B, respectively. This leads

networks in HPGD (TD). Note that SOBIRL is inapplica-

*|b *|s C g
ble here because the leader parameterizes the transitions. to the cycle § — B —— 3, yielding rewards of 1, 0 for the

follower and 0,0 for the leader. Since the former scenario

Results Figure 3 displays the results. Note that HPGD yields a higher return for the follower, the follower prefers
(ORACLE) uses additional trajectories of size 10* per outer action a at S even when fy(0 | A) = p € (0, 1), despite the
iteration generated by the oracle. BC-HG achieves the high- risk of a negative reward —1 with probability 1 — p. From
est convergence in the fewest iterations. NAIVE-PGD shows the leader’s perspective, the S <+ A cycle yields the highest
more gradual improvement, suggesting that while partial cumulative reward. Therefore, the optimal leader strategy is
derivative information is useful in this non-competitive task, to minimize p while maintaining a high probability of the
it is insufficient without hypergradient information. HPGD follower selecting action a at S.

exhibits slower improvement or even degradation with cer- For all approaches, the follower’s best response is com-
tain hyperparameters. These results imply that the estima- puted via soft Q-iteration with entropy regularization coeffi-

636



(a) State Transition Diagram. Nodes represent states and
edges represent transitions. Labels on edges indicate A | B

and 7, | rr . The absence of shaded labels implies zero re-
wards. “x” represents a wildcard.
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Figure 4: Task Description and Results on ToyMarkovGame.

cient 8 = 5 x 10~2. We conduct a grid search over hyperpa-
rameters (number of critic/actor updates per outer iteration,
on-policy vs. off-policy sampling) and select the best com-
bination based on average performance across 10 random
seeds. All learning rates are fixed. Performance is evaluated
by averaging the cumulative leader reward across 10 roll-
outs. See Appendix C.3 for further details.

Baselines We consider two baseline approaches. The first
is the first-order policy gradient, which ignores the second
term of the hypergradient in Theorem 2. The second ap-
proach is based on Bi-AC (Zhang et al. 2020), originally
proposed for centralized training, which we adapt to our de-
centralized setting. The key idea of Bi-AC is to update the
leader’s action-value function @), as:

Q/L(Suavb) — (1 - O‘)QL(Saavb)
+a(rp(s,a,b) +v.Qr(s',a*,b*(a"))),

where b*(a’) = argmax,, Q?(s’,a’,b’) is the best re-
sponse at state s’ given leader action o', and a* =
argmax,, Qr(s’,a’,b*(a’))) is the best leader action under
the follower’s best response. Essentially, at each state, the
Stackelberg equilibrium of the normal-form 2-player game
with utility matrices (Qr(s',-,), %T(s’, -,+)) is derived.
We replace the action-value function update in the first base-
line with this Stackelberg game-based update. Further de-
tails are provided in Appendix C.1.

Results Figure 4b shows the results. BC-HG clearly out-
performs the baselines. BC-HG maintains fp(0 | A) =~
0.53, with the corresponding follower best response ¢°(a |
S,*) = 1. Consequently, the S — A loop and S —
A — B loop occur with probabilities around 0.47 and
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Figure 5: Results on the Bi-Level LQR Task.

0.53, respectively. In contrast, baseline approaches maintain
fo(0| A) =~ 0.4 and ¢°t(- | S,*) =~ 0,0.47,0.53 for s, a, b,
respectively. As fy(0 | A) is too small, the S <+ B loop
occurs, resulting in a loss for the leader. This trend persists
across a wide range of hyperparameters, as discussed in Ap-
pendix C.3. The policy gradient with Bi-AC-type Q-update
exhibits a similar trend.

5.4 2-Player Markov Games (Continuous)

Bi-Level LQR in 2-Player Markov Games We consider
the extension of LQR tasks to MGs. Introducing the leader’s
action, the state transition is defined as: s;+1 = As;+ Bb; +
Ca;, where A € R™*" B € R" ™ and C € R"** are
constant. The follower’s reward function is r7¢(s,a,b) =
—5TQs — b' Rb. The leader’s policy fp(a | s) is modeled
by a Gaussian distribution A'(Kys, W), where K, € RFX"
is the leader’s policy parameter and W € R*** is the fixed
covariance matrix. In this experiment, the leader’s reward
function is:

%(s —5*) ' 8(s — s*)),

where Y. € R"*" defines the reward sharpness. The leader
aims to guide the follower to visit s* € S. The follower’s
best response is derived by solving the Riccati equation. Fur-
ther details are provided in Appendix C.6.

Results Figure 5 presents the results for the bi-level LQR
task. BC-HG outperforms the baseline. A possible reason
for the high variance in the upper-level performance of the
proposed approach is that leader policies achieving higher
cumulative rewards tend to exhibit higher variance in cumu-
lative reward, as demonstrated in Figure 10 (Appendix C.6).

r(s,a,b) ;== exp ( -

6 Conclusion

We developed hypergradient-based bi-level RL algorithms
for configurable MDPs and MGs. By leveraging the Boltz-
mann covariance trick, we circumvented the need for oracle-
based trajectory generation while simultaneously enabling
efficient and unbiased hypergradient estimation. In numer-
ical experiments, our approach demonstrated scalability to
large state spaces and high-dimensional parameterizations
in configurable MDPs. We also validated the effectiveness
of our method in Markov game settings with both discrete
and continuous state spaces. Future work includes address-
ing more realistic decentralized follower scenarios where the
follower is either suboptimal or black-box.
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