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Abstract: Guided cooperation allows intelligent agents with heterogeneous capabilities to work
together by following a leader-follower type of interaction. However, the associated control
problem becomes challenging when the leader agent does not have complete information about
follower agents. There is a need for learning and adaptation of cooperation plans. To this
end, we develop a meta-learning-based Stackelberg game-theoretic framework to address the
challenges in the guided cooperative control for linear systems. We first formulate the guided
cooperation between agents as a dynamic Stackelberg game and use the feedback Stackelberg
equilibrium as the agent-wise cooperation strategy. We further leverage meta-learning to address
the incomplete information of follower agents, where the leader agent learns a meta-response
model from a prescribed set of followers offline and adapts to a new coming cooperation task
with a small amount of learning data. We use a case study in robot teaming to corroborate the
effectiveness of our framework. Comparison with other learning approaches also shows that our
learned cooperation strategy provides better transferability for different cooperation tasks.
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1. INTRODUCTION

Cooperative control aims to address the collaboration be-
tween multiple intelligent agents and has become indis-
pensable in modern system design to accomplish complex
tasks (e.g., Wang et al. (2017); Chen and Zhu (2019);
Liao et al. (2021); Papalia et al. (2022)). Particularly,
guided cooperation is gaining increasing attention and
popularity as we witness the rapid advances in the de-
velopment of Artificial Intelligence (AI) aided technology
in control systems. Guided cooperation allows intelligent
agents with heterogeneous capabilities to work together
and has a leader-follower or mentor-apprentice structure of
interactions. A more resourceful agent (leader) can utilize
its resources (e.g., sensing and computational resources)
to provide strategic guidance to a less resourceful agent
(follower) so that all agents can fully utilize their advan-
tages to achieve the cooperation task objective. Guided
cooperation is also broadly used in many applications such
as multi-agent teaming (e.g., Choi et al. (2017); Hu et al.
(2020)), human-robot interaction (e.g., Van Zoelen et al.
(2020)), and collective transportation and manufacturing
(e.g., Du et al. (2019); Fu et al. (2022)).

As a prevalent approach, game theory has been widely
adopted for studying multi-agent interactions and coop-
erative control (see Marden et al. (2009)). Most game-
theoretic literature leverages Nash games to develop co-
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operation plans, where all agents are homogeneous in
interactions and decision-making (e.g., Mylvaganam et al.
(2017); Yao et al. (2020); Zhu et al. (2020)). However,
it fails to capture the discussed asymmetric structure in
guided cooperation. Stackelberg games (e.g., Başar and
Olsder (1998)) provide a suitable framework for quanti-
fying the heterogeneous capabilities and leader-follower
type of interactions in guided cooperation. The corre-
sponding Stackelberg equilibrium solution can be used as
an agent-wise optimal control strategy for guided coop-
eration. Some recent works have investigated asymmetric
interactions and cooperation in multi-agent systems based
on Stackelberg games. For example, Fisac et al. (2019)
have used feedback Stackelberg games to develop driving
strategies for autonomous vehicles to proactively assist the
human driver to drive more safely and efficiently. Zhao
et al. (2022) have studied the cooperation strategies for
guided multi-robot rearrangement tasks based on stochas-
tic Stackelberg games.

Although Stackelberg game-theoretic approaches capture
the asymmetric interactions between the prescribed het-
erogeneous agents (agent-level heterogeneity), it is insuffi-
cient to address the following rising control challenges for
guided cooperation. First, there is incomplete information
about the agents. A leader (agent) may not know the exact
model of the follower (agent), demanding learning-based
approaches for game-theoretic control. Second, a leader
often needs to work with different types of followers for het-
erogeneous tasks (also known as task-level heterogeneity).
As the number of followers increases, designing distinct
cooperation plans (using Stackelberg games) for hetero-
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Olsder (1998)) provide a suitable framework for quanti-
fying the heterogeneous capabilities and leader-follower
type of interactions in guided cooperation. The corre-
sponding Stackelberg equilibrium solution can be used as
an agent-wise optimal control strategy for guided coop-
eration. Some recent works have investigated asymmetric
interactions and cooperation in multi-agent systems based
on Stackelberg games. For example, Fisac et al. (2019)
have used feedback Stackelberg games to develop driving
strategies for autonomous vehicles to proactively assist the
human driver to drive more safely and efficiently. Zhao
et al. (2022) have studied the cooperation strategies for
guided multi-robot rearrangement tasks based on stochas-
tic Stackelberg games.

Although Stackelberg game-theoretic approaches capture
the asymmetric interactions between the prescribed het-
erogeneous agents (agent-level heterogeneity), it is insuffi-
cient to address the following rising control challenges for
guided cooperation. First, there is incomplete information
about the agents. A leader (agent) may not know the exact
model of the follower (agent), demanding learning-based
approaches for game-theoretic control. Second, a leader
often needs to work with different types of followers for het-
erogeneous tasks (also known as task-level heterogeneity).
As the number of followers increases, designing distinct
cooperation plans (using Stackelberg games) for hetero-

Stackelberg Meta-Learning Based Control
for Guided Cooperative LQG Systems

Yuhan Zhao ∗ Quanyan Zhu ∗

∗ New York University, Brooklyn, NY 11201 USA
(e-mail: {yhzhao,qz494}@nyu.edu)

Abstract: Guided cooperation allows intelligent agents with heterogeneous capabilities to work
together by following a leader-follower type of interaction. However, the associated control
problem becomes challenging when the leader agent does not have complete information about
follower agents. There is a need for learning and adaptation of cooperation plans. To this
end, we develop a meta-learning-based Stackelberg game-theoretic framework to address the
challenges in the guided cooperative control for linear systems. We first formulate the guided
cooperation between agents as a dynamic Stackelberg game and use the feedback Stackelberg
equilibrium as the agent-wise cooperation strategy. We further leverage meta-learning to address
the incomplete information of follower agents, where the leader agent learns a meta-response
model from a prescribed set of followers offline and adapts to a new coming cooperation task
with a small amount of learning data. We use a case study in robot teaming to corroborate the
effectiveness of our framework. Comparison with other learning approaches also shows that our
learned cooperation strategy provides better transferability for different cooperation tasks.

Keywords: Learning for control, Dynamic games, Linear systems, Intelligent robotics,
Data-driven control, Adaptive control of multi-agent systems

1. INTRODUCTION

Cooperative control aims to address the collaboration be-
tween multiple intelligent agents and has become indis-
pensable in modern system design to accomplish complex
tasks (e.g., Wang et al. (2017); Chen and Zhu (2019);
Liao et al. (2021); Papalia et al. (2022)). Particularly,
guided cooperation is gaining increasing attention and
popularity as we witness the rapid advances in the de-
velopment of Artificial Intelligence (AI) aided technology
in control systems. Guided cooperation allows intelligent
agents with heterogeneous capabilities to work together
and has a leader-follower or mentor-apprentice structure of
interactions. A more resourceful agent (leader) can utilize
its resources (e.g., sensing and computational resources)
to provide strategic guidance to a less resourceful agent
(follower) so that all agents can fully utilize their advan-
tages to achieve the cooperation task objective. Guided
cooperation is also broadly used in many applications such
as multi-agent teaming (e.g., Choi et al. (2017); Hu et al.
(2020)), human-robot interaction (e.g., Van Zoelen et al.
(2020)), and collective transportation and manufacturing
(e.g., Du et al. (2019); Fu et al. (2022)).

As a prevalent approach, game theory has been widely
adopted for studying multi-agent interactions and coop-
erative control (see Marden et al. (2009)). Most game-
theoretic literature leverages Nash games to develop co-

⋆ This work is partially supported by grants ECCS-1847056, CNS-
2027884, and BCS-2122060 from National Science Foundation
(NSF), grant 20-19829 from DOE-NE, and grant W911NF-19-1-0041
from Army Research Office (ARO).

operation plans, where all agents are homogeneous in
interactions and decision-making (e.g., Mylvaganam et al.
(2017); Yao et al. (2020); Zhu et al. (2020)). However,
it fails to capture the discussed asymmetric structure in
guided cooperation. Stackelberg games (e.g., Başar and
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human driver to drive more safely and efficiently. Zhao
et al. (2022) have studied the cooperation strategies for
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Although Stackelberg game-theoretic approaches capture
the asymmetric interactions between the prescribed het-
erogeneous agents (agent-level heterogeneity), it is insuffi-
cient to address the following rising control challenges for
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1. INTRODUCTION

Cooperative control aims to address the collaboration be-
tween multiple intelligent agents and has become indis-
pensable in modern system design to accomplish complex
tasks (e.g., Wang et al. (2017); Chen and Zhu (2019);
Liao et al. (2021); Papalia et al. (2022)). Particularly,
guided cooperation is gaining increasing attention and
popularity as we witness the rapid advances in the de-
velopment of Artificial Intelligence (AI) aided technology
in control systems. Guided cooperation allows intelligent
agents with heterogeneous capabilities to work together
and has a leader-follower or mentor-apprentice structure of
interactions. A more resourceful agent (leader) can utilize
its resources (e.g., sensing and computational resources)
to provide strategic guidance to a less resourceful agent
(follower) so that all agents can fully utilize their advan-
tages to achieve the cooperation task objective. Guided
cooperation is also broadly used in many applications such
as multi-agent teaming (e.g., Choi et al. (2017); Hu et al.
(2020)), human-robot interaction (e.g., Van Zoelen et al.
(2020)), and collective transportation and manufacturing
(e.g., Du et al. (2019); Fu et al. (2022)).

As a prevalent approach, game theory has been widely
adopted for studying multi-agent interactions and coop-
erative control (see Marden et al. (2009)). Most game-
theoretic literature leverages Nash games to develop co-
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operation plans, where all agents are homogeneous in
interactions and decision-making (e.g., Mylvaganam et al.
(2017); Yao et al. (2020); Zhu et al. (2020)). However,
it fails to capture the discussed asymmetric structure in
guided cooperation. Stackelberg games (e.g., Başar and
Olsder (1998)) provide a suitable framework for quanti-
fying the heterogeneous capabilities and leader-follower
type of interactions in guided cooperation. The corre-
sponding Stackelberg equilibrium solution can be used as
an agent-wise optimal control strategy for guided coop-
eration. Some recent works have investigated asymmetric
interactions and cooperation in multi-agent systems based
on Stackelberg games. For example, Fisac et al. (2019)
have used feedback Stackelberg games to develop driving
strategies for autonomous vehicles to proactively assist the
human driver to drive more safely and efficiently. Zhao
et al. (2022) have studied the cooperation strategies for
guided multi-robot rearrangement tasks based on stochas-
tic Stackelberg games.

Although Stackelberg game-theoretic approaches capture
the asymmetric interactions between the prescribed het-
erogeneous agents (agent-level heterogeneity), it is insuffi-
cient to address the following rising control challenges for
guided cooperation. First, there is incomplete information
about the agents. A leader (agent) may not know the exact
model of the follower (agent), demanding learning-based
approaches for game-theoretic control. Second, a leader
often needs to work with different types of followers for het-
erogeneous tasks (also known as task-level heterogeneity).
As the number of followers increases, designing distinct
cooperation plans (using Stackelberg games) for hetero-

geneous followers demands a tractable and fast adaptive
approach.

To address the challenges, we leverage meta-learning to
enable learning a customizable plan from a prescribed set
of tasks and fast adaptation to a new task with a small
amount of learning data (see Hospedales et al. (2021)).
Meta-learning has been used in many areas to seek adap-
tive cooperation plans, such as multi-agent systems by Jia
et al. (2022), Internet of Things by Yue et al. (2022), and
human robot-interaction by Gao et al. (2019). Some recent
works have also focused on meta-learning-based control.
For example, Harrison et al. (2018) have developed a meta-
learning-based approach to stabilize the unseen dynam-
ical system. Richards et al. (2021) have adopted meta-
learning to learn a control policy and adapt to unknown
environment noise for UAVs to achieve better trajectory
tracking. Meta-learning also provides a suitable learning
mechanism for Stackelberg game-theoretic approaches to
address guided cooperation. The leader can learn a meta-
knowledge of cooperative control strategies from experi-
ence. When a new cooperation task is initiated, the leader
can transfer the meta-knowledge to fit the new task only
using a small amount of interactive data.

In this work, we establish a Stackelberg meta-learning
framework to enable guided cooperative control in linear
systems and evaluate the framework using an application
of robot teaming. Specifically, a leader guides different
types of followers from different starting positions to reach
the target destination and forms a team. The framework
captures the guided interactions as a dynamic Stackelberg
game and uses associated feedback Stackelberg equilib-
rium (FSE) as the agent-wise optimal control strategy
for cooperation. When guiding heterogeneous followers to
target destinations, the leader leverages meta-learning to
learn a meta-response model for all foreseeable followers
and adapts to a customized model for cooperative control
when working with a specific follower. We use numerical
experiments to corroborate that the proposed Stackel-
berg meta-learning framework not only enables promising
guided control for diverse followers but also achieves a cost-
efficient solution compared with other learning approaches
and shows better transferability in the learned cooperation
strategy compared with individual learning schemes.

2. PROBLEM FORMULATION

2.1 Stackelberg Games for Cooperative Control

We consider that a leader L (she) cooperates with a
follower F (he) to complete a task driven by linear-
Gaussian dynamics

xt+1 = Axt +BLuL
t +BFuF

t + wt, (1)

where xt ∈ Rn and uL
t ∈ RrL represents the system state,

and the leader’s control input at time t, A ∈ Rn×n and

BL ∈ Rn×rL are state transition matrix and the leader’s
control input matrix, respectively. Likewise, uF

t ∈ RrF and

BF ∈ Rn×rF are the follower’s control and the control
input matrix, respectively. Here, wt ∈ Rn are i.i.d. process
noise with Gaussian distribution N (0,Σ).

Followers have heterogeneous characteristics, distinguished
by their type θ ∈ Θ. The leader works with one follower

at a time to achieve the control task. We assume that the
leader does not know the exact type of the follower except
for a type distribution p over Θ, where p(θ) represents the
probability that the leader cooperates with a follower with
type θ.

The cooperative interactions are strategic. The leader’s
goal is to minimize the guidance cost JL

θ over time hori-
zon T by finding an optimal control trajectory uL∗ :=
{uL∗

t }T−1
t=0 . The less resourceful followers are assumed to be

myopic and only minimize one-step cost JF
θ after observing

the current state xt and the leader’s control ut. This
asymmetric interaction in the cooperation can be captured
by a dynamic Stackelberg game Gθ as follows:

min
uL

JL
θ (u

L)

:= E

[
T∑

t=0

xT
t Q

Lxt + uL
t

T
RLuL

t + xT
t Q

L
f xT

]
, (2)

s.t. xt+1 = Axt +BLuL
t +BF

θ uF∗
θ,t (xt, u

L
t ) + wt, (3)

t = 0, . . . , T − 1,

uF∗
θ,t (xt, u

L
t ) = argmin

uF
JF
θ (uF ;xt, u

L
t ) (4)

:= E[xT
t+1Q

F
θ xt+1 + uF T

RF
θ u

F ], t = 0, . . . , T − 1.

Here, QL ⪰ 0, QL
f ⪰ 0, RL ≻ 0, QF

θ ⪰ 0, RF
θ ≻ 0 are

the leader and the follower’s cost matrices with proper

dimensions. BF
θ ∈ Rn×rF is the type-specific control in-

put matrix. The follower’s problem is captured by (4),
where xt+1 in (4) represents the follower’s one-step pre-
diction and evolves according to the dynamics (1) after
the follower observes xt and uL

t . The leader anticipates
the follower’s response uF∗

θ,t (xt, u
L
t ) and uses it for long-

term planning. We adopt the FSE ⟨uL∗(x),uF∗
θ (x)⟩ of the

game Gθ as the agent-wise cooperation plan for the leader
and the follower. Note that the equilibrium strategies are
the functions of the state. The leader and follower can
generate controls based on the observed state.

2.2 Meta Response and Meta-learning Objectives

Model-based methods such as dynamic programming can
find the FSE of Gθ if the leader knows the follower’s
exact decision-making model (i.e., JF

θ ). However, this
information may not be known to the leader. Therefore,
the leader needs learning-based approaches to first learn
the follower’s behavior model and then compute the FSE
to find the cooperation plan.

The follower’s behavior model can be estimated in various
ways, including neural networks. From (4), we can obtain

uF∗
θ,t (xt, u

L
t ) =

−(BF
θ

T
QF

θ B
F
θ +RF

θ )
−1BF

θ

T
QF

θ (Axt +BLuL
t ) (5)

for t = 0, . . . , T − 1. It shows the follower’s optimal
response has a linear structure in xt and uL

t under a
quadratic cost. We leverage this linear structure and use

a matrix parameter M ∈ RrF×n to estimate the follower’s

response with rθ : Rn × RrL → RrF , defined by

rθ(xt, u
L
t ;M) = M(Axt +BLuL

t ). (6)

We substitute the follower’s problem (4) with (6). Then,

Gθ becomes a new Stackelberg game, denoted as G̃θ(M),
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where the leader does not know the follower’s model but
assumes that the follower uses (6) as his response parame-
terizedM . Then, the leader uses the FSE ⟨ũL∗

(M), r∗θ(M)⟩
of G̃θ(M), where r∗θ(M) := {rθ(xt, ũ

L∗
t ;M)}T−1

t=0 , to ap-
proximate the one of Gθ. The leader’s optimal guidance

cost in G̃θ(M) is denoted as J̃L∗(M).

The leader faces different game problems when cooperat-
ing with heterogeneous followers. It can be cost-prohibitive
for the leader to estimate each follower’s response model
and compute FSEs. Meta-learning provides a learning
mechanism to learn from a set of followers and fast adapt
to a specific individual follower to achieve cooperative con-
trol. Specifically, the leader learns a meta-response from
encountered followers as the meta-knowledge of followers’
behavior. When working with a new follower, the leader
only needs small learning data to adapt the meta-response
to the follower-specific one and uses the adapted response
model to compute cooperative strategies, i.e., the FSE.

With a slight abuse of notation, we use M as the meta
parameter and use (6) as the meta-response model for
all θ ∈ Θ. We refer to the guided cooperation between
the leader and the follower with type θ as task Tθ to
align with the meta-learning context. A meta-response
model should approximate the follower’s real behavior
(optimal response) and reduce the leader’s guidance cost.
The latter objective can be quantified by the leader’s

optimal cost function J̃L∗(M). The former can be achieved
by minimizing the response data fitting cost. Let Dθ =
{x̂i, û

L
i , û

F∗
i }Di=1 be a best-response data set of D samples

collected from the follower with type θ. The data fitting
cost is given by

Qθ(M) =
1

N

N∑
i=1

∥∥M(Ax̂i +BLûL
i )− ûF∗

i

∥∥2
2
.

We define the meta-learning objective for the task Tθ as

Lθ(M) = J̃L∗
θ (M) + γQθ(M), (7)

where γ > 0 is the weighting parameter.

Interpretation on γ The weighting parameter γ repre-
sents how the leader values the follower’s response data in
learning the follower’s behavior model. When γ = 0, the
leader shows zero interest in the follower’s real behavior.
She only seeks a unilaterally optimal model, which helps
minimize her guidance cost. The learned response model
can differ significantly from the follower’s real response.
When γ → ∞, the leader aims to learn the follower’s
real response as precisely as possible. The approximation
accuracy becomes the exclusive objective in meta-learning.
Therefore, γ provides flexibility in balancing different
meta-learning criteria.

2.3 Meta-Learning as Bilevel Optimization Problems

The leader uses meta-learning to gain meta-knowledge of
followers’ behavior and trains an adapted response model
for the new coming follower for cooperation. We split the
data Dθ = Dtrain

θ ∪Dtest
θ following typical learning settings

and formulate the meta-learning problem as a bilevel
optimization problem (see Rajeswaran et al. (2019)):

min
M

Eθ∼p[Lθ(Z
∗
θ (M);Dtest

θ )] (8)

with

Z∗
θ (M) = argmin

Z
Lθ(Z;Dtrain

θ ) + λ ∥Z −M∥2F , (9)

where λ > 0 is the weighting parameter. The inner-
level problem (9) learns a task-specific optimizer on the
training data Dtrain

θ . The outer-level problem (8) improves
the generalized performance of the meta parameter on all
sampled tasks with data Dtest

θ .

3. STACKELBERG META-LEARNING

3.1 Parametric Optimal Control

We take the linear meta-response (6) into the dynamics

(3). Then the Stackelberg game G̃θ(M) becomes a single-
agent linear-quadratic-Gaussian (LQG) control problem:

min
uL

J̃L(uL) = E

[
T∑

t=0

xT
t Q

Lxt + uL
t

T
RLuL

t + xT
t Q

L
f xT

]
,

s.t. xt+1 = Ãxt + B̃LuL
t + wt, , t = 0, . . . , T − 1,

(10)

where Ã := A + BF
θ MA and B̃L := BL + BF

θ MBL.
Given a meta parameter M , we can evaluate the leader’s

optimal guidance cost J̃L∗(M) and the feedback control
law ũL∗(M) by solving the discrete Riccati equation

Pt = QL+ÃTPt+1Ã

−ÃTPt+1B̃(RL + B̃TPt+1B̃)−1B̃TPt+1Ã
(11)

for t = 0, . . . , T − 1 with PT = QL
f . The feedback control

uL∗
t = −Ktxt where Kt := (RL + B̃TPt+1B̃)−1B̃TPt+1Ã.

The optimal guidance cost J̃L∗(M) = xT
0P0x0+res0, where

rest =
∑T

j=t+1 tr(ΣPt+1) and resT = 0.

3.2 Meta-Response Training

Solving the inner-level problem (9) requires optimizing the

parameter M over the parameterized cost J̃L∗(M). We
have the following proposition to characterize the property

of J̃L∗(M).

Proposition 1. With the parametrization of Ã and B̃ in

(10), the parameterized cost J̃L∗(M) is a rational polyno-
mial of entries of M .

Proof. See Appendix A in report (Zhao and Zhu, 2022).

Therefore, J̃L∗(M) is continuously differentiable in the
entries ofM , and we can develop gradient methods to solve

the inner-level problem. To evaluate ∂J̃L∗

∂M , we note that the
matrix Pt, t = 0, . . . , T − 1, is also parameterized by M .
Thus, we leverage the Riccati equation (11) to evaluate ∂Pt

∂M

backward from t = T − 1, . . . 0 with ∂PT

∂M = 0. ∂ rest
∂M can be

evaluated similarly. The convergence of gradient methods
on the inner-level problem (9) is guaranteed because the
objective is continuously differentiable in M and is lower
bounded by 0 (see Bertsekas (1997)). The weight λ can be
used to convexify the inner-level problem and help search
for local minimizers.

We use empirical value to approximate the expectation in
the outer-level problem (8) and obtain
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where the leader does not know the follower’s model but
assumes that the follower uses (6) as his response parame-
terizedM . Then, the leader uses the FSE ⟨ũL∗

(M), r∗θ(M)⟩
of G̃θ(M), where r∗θ(M) := {rθ(xt, ũ

L∗
t ;M)}T−1

t=0 , to ap-
proximate the one of Gθ. The leader’s optimal guidance

cost in G̃θ(M) is denoted as J̃L∗(M).

The leader faces different game problems when cooperat-
ing with heterogeneous followers. It can be cost-prohibitive
for the leader to estimate each follower’s response model
and compute FSEs. Meta-learning provides a learning
mechanism to learn from a set of followers and fast adapt
to a specific individual follower to achieve cooperative con-
trol. Specifically, the leader learns a meta-response from
encountered followers as the meta-knowledge of followers’
behavior. When working with a new follower, the leader
only needs small learning data to adapt the meta-response
to the follower-specific one and uses the adapted response
model to compute cooperative strategies, i.e., the FSE.

With a slight abuse of notation, we use M as the meta
parameter and use (6) as the meta-response model for
all θ ∈ Θ. We refer to the guided cooperation between
the leader and the follower with type θ as task Tθ to
align with the meta-learning context. A meta-response
model should approximate the follower’s real behavior
(optimal response) and reduce the leader’s guidance cost.
The latter objective can be quantified by the leader’s

optimal cost function J̃L∗(M). The former can be achieved
by minimizing the response data fitting cost. Let Dθ =
{x̂i, û
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i }Di=1 be a best-response data set of D samples
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We define the meta-learning objective for the task Tθ as

Lθ(M) = J̃L∗
θ (M) + γQθ(M), (7)

where γ > 0 is the weighting parameter.

Interpretation on γ The weighting parameter γ repre-
sents how the leader values the follower’s response data in
learning the follower’s behavior model. When γ = 0, the
leader shows zero interest in the follower’s real behavior.
She only seeks a unilaterally optimal model, which helps
minimize her guidance cost. The learned response model
can differ significantly from the follower’s real response.
When γ → ∞, the leader aims to learn the follower’s
real response as precisely as possible. The approximation
accuracy becomes the exclusive objective in meta-learning.
Therefore, γ provides flexibility in balancing different
meta-learning criteria.

2.3 Meta-Learning as Bilevel Optimization Problems

The leader uses meta-learning to gain meta-knowledge of
followers’ behavior and trains an adapted response model
for the new coming follower for cooperation. We split the
data Dθ = Dtrain

θ ∪Dtest
θ following typical learning settings

and formulate the meta-learning problem as a bilevel
optimization problem (see Rajeswaran et al. (2019)):

min
M

Eθ∼p[Lθ(Z
∗
θ (M);Dtest

θ )] (8)

with

Z∗
θ (M) = argmin

Z
Lθ(Z;Dtrain

θ ) + λ ∥Z −M∥2F , (9)

where λ > 0 is the weighting parameter. The inner-
level problem (9) learns a task-specific optimizer on the
training data Dtrain

θ . The outer-level problem (8) improves
the generalized performance of the meta parameter on all
sampled tasks with data Dtest

θ .

3. STACKELBERG META-LEARNING

3.1 Parametric Optimal Control

We take the linear meta-response (6) into the dynamics

(3). Then the Stackelberg game G̃θ(M) becomes a single-
agent linear-quadratic-Gaussian (LQG) control problem:

min
uL

J̃L(uL) = E

[
T∑

t=0

xT
t Q

Lxt + uL
t

T
RLuL

t + xT
t Q

L
f xT

]
,

s.t. xt+1 = Ãxt + B̃LuL
t + wt, , t = 0, . . . , T − 1,

(10)

where Ã := A + BF
θ MA and B̃L := BL + BF

θ MBL.
Given a meta parameter M , we can evaluate the leader’s

optimal guidance cost J̃L∗(M) and the feedback control
law ũL∗(M) by solving the discrete Riccati equation

Pt = QL+ÃTPt+1Ã

−ÃTPt+1B̃(RL + B̃TPt+1B̃)−1B̃TPt+1Ã
(11)

for t = 0, . . . , T − 1 with PT = QL
f . The feedback control

uL∗
t = −Ktxt where Kt := (RL + B̃TPt+1B̃)−1B̃TPt+1Ã.

The optimal guidance cost J̃L∗(M) = xT
0P0x0+res0, where

rest =
∑T

j=t+1 tr(ΣPt+1) and resT = 0.

3.2 Meta-Response Training

Solving the inner-level problem (9) requires optimizing the

parameter M over the parameterized cost J̃L∗(M). We
have the following proposition to characterize the property

of J̃L∗(M).

Proposition 1. With the parametrization of Ã and B̃ in

(10), the parameterized cost J̃L∗(M) is a rational polyno-
mial of entries of M .

Proof. See Appendix A in report (Zhao and Zhu, 2022).

Therefore, J̃L∗(M) is continuously differentiable in the
entries ofM , and we can develop gradient methods to solve

the inner-level problem. To evaluate ∂J̃L∗

∂M , we note that the
matrix Pt, t = 0, . . . , T − 1, is also parameterized by M .
Thus, we leverage the Riccati equation (11) to evaluate ∂Pt

∂M

backward from t = T − 1, . . . 0 with ∂PT

∂M = 0. ∂ rest
∂M can be

evaluated similarly. The convergence of gradient methods
on the inner-level problem (9) is guaranteed because the
objective is continuously differentiable in M and is lower
bounded by 0 (see Bertsekas (1997)). The weight λ can be
used to convexify the inner-level problem and help search
for local minimizers.

We use empirical value to approximate the expectation in
the outer-level problem (8) and obtain

min
M

1

|Tbatch|
∑
θ∼p

Lθ(Z
∗(M);Dtest

θ ). (12)

Here, θ ∼ p represents the empirical task distribution of
sampled batch tasks Tbatch := {Tθ} from p. Following
similar computations, we use gradient methods to solve
the outer-level problem and find a meta-response model.
The iteration follows

Mk+1 ← Mk − β

|Tbatch|
∑

Tθ∈Tbatch

∂

∂M
Lθ(Z

∗
θ ;Dtest

θ ), (13)

where β > 0 is the meta-learning step. We summarize
the Stackelberg meta-learning algorithm for cooperative
control in Alg. 1, which outputs a meta-response model.

Algorithm 1 Stackelberg Meta-learning algorithm.

Require: Step α, β; weight γ, λ; type distribution p(θ);
Require: Initial mete parameter M0, initial state x0;
1: k ← 0;
2: while k < MAX ITER do
3: Sample a batch of tasks Tbatch := {Tθ} ∼ p;
4: ▷ Inner-level problem gradient evaluation
5: for all task Tθ ∈ Tbatch do
6: iter ← 0; Zθ ← Mk;
7: while True do
8:

∂Pt

∂M , ∂ rest
∂M ← based on (11) and Zθ ∀t;

9: ∂J̃L∗

∂M

∣∣
Zθ

← ∂
∂M xT

0P0x0 +
∂ res0
∂M ;

10: x̃(Zθ), ũ
L∗(Zθ) ← simulate trajectory;

11: Randomly sample N1 data;
12: Sample N2 data around x̃(Zθ), ũ

L∗(Zθ);
13: Dtrain

θ ← all samples with N = N1 +N2;

14: g ← ∂
∂MLθ(Zθ;Dtrain

θ ) + 2λ(Zθ −Mk);
15: Zθ ← Zθ − αg;
16: if iter > MAX GD or ∥g∥ < ϵ then
17: Z∗

θ ← Zθ; break;
18: end if
19: iter ← iter +1;
20: end while
21: end for
22: ▷ Outer-level problem gradient evaluation
23: for all task Tθ ∈ Tbatch do
24:

∂Pt

∂M , ∂ rest
∂M ← based on (11) and Z∗

θ ∀t;
25: Sample Dtest

θ (same sampling rule as Dtrain
θ );

26: Compute ∂
∂MLθ(Z

∗
θ ;Dtest

θ );
27: end for
28: Update Mk+1 by (13);
29: k ← k + 1;
30: end while
31: return Mmeta ← Mk;

Sampling Follower’s Response Data We note that the
inner-level problem (9) shows that the meta parameter
is updated within a small neighborhood of the original
one due to the regularization term. Hence, the updated
leader’s trajectory will likely stay near the previous one.
The samples near the trajectory can better help the leader
refine the follower’s response model near the trajectory
and hence make a better update. This sampling technique
is more useful when the leader uses a nonlinear response
mode such as neural networks to estimate the follower’s
behavior. We set κ := N2/N1 to control the sample ratio
in Dtrain

θ and Dtest
θ .

3.3 Response Adaptation

Using the meta parameter Mmeta and the meta-response
model from Alg. 1, the leader can fast adapt to a new
coming follower using a small amount of data samples.
Specifically, the leader samples a type-specific data set D′

θ
using Mmeta when she starts cooperating with a follower
with type θ. Then she customizes a response parameter
M∗

θ from Mmeta to adapt to the follower by solving

M∗
θ = argmin

M
Lθ(Mmeta;D′

θ) + η ∥M −Mmeta∥2F , (14)

where η ≥ 0 is the regularization weight. In practice, we
can select η = λ.

4. EXPERIMENTS AND EVALUATIONS

In this section, we demonstrate our Stackelberg meta-
learning framework using a case study in cooperative
robot teaming, where a leader robot guides the follower
robot to a target destination to form a team. Let xL =
[pL, vL] ∈ R4, uL ∈ R2 (xF = [pF , vF ] ∈ R4, uF ∈ R2) be
the leader’s (the follower’s) position, velocity, and control
input. The joint state x := [xL, xF ]. We assume the
leader and the follower have a double integrator dynamics,
where p̈L = uL and p̈F = uF . The corresponding discrete
dynamical systems are obtained by setting a discretization
time dt = 0.5. We set the control time horizon T = 10 and
the target destination xd = 0. wt ∈ R8 are i.i.d. Gaussian
noise ∼ N (0, 0.5I). We consider five types of followers with
a type distribution p = [0.2, 0.3, 0.1, 0.2, 0.2].

4.1 Meta-learning Results

We set κ = 2 and useN = 6 response data in each iteration
to perform meta-training. The hyperparameters are set
by γ = 5, λ = 100. The training process is evaluated
by the empirical meta-cost used in (12). We conduct 20
simulations with a randomly generated initial guess M0

and plot the mean-variance training result in Fig. 1.

(a) Meta-training process. (b) Adaptation comparison.

Fig. 1. Meta training and adaptation results.

Fig. 1a shows that the meta-learning algorithm reduces
the meta-cost and converges to a local minimum. The

mean value of the leader’s optimal guidance cost J̃L∗

(orange line) is also reduced as the meta-training proceeds,
which means that the meta-response model becomes more
efficient for the leader to perform the guidance. The
variance comes from different sampled response data in
each simulation to train the meta model.

The adapted results for different types of followers are
shown in Fig. 1b. The blue bar represents the leader’s
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(a) Position trajectories. (b) Control trajectories.

Fig. 2. Trajectories for θ = 0 follower after adaptation.

expected guidance cost J̃L∗ using the meta-response model
before the adaptation, serving as a baseline. The yellow bar

shows the expected guidance cost J̃L∗ using the adapted
response model for different types of followers, respectively.
As expected, the adapted model provides a lower guidance
cost for the leader than the baseline.

Due to the process noise and the estimation error, the
follower’s real behavior can deviate from the leader’s ex-
pectation. We simulate interactive trajectories to view
the real cooperation performance, where the leader uses
the adapted response model to design control strategies,
and the follower uses his true model (4) to respond. The
leader’s simulated guidance costs for each type of follower
are shown by the red bar in Fig. 1b. We observe that the
simulated costs are higher but not significantly greater
than the expected costs. It shows that the adapted re-
sponse model and the resulting control strategies can pro-
vide satisfactory results in guidance tasks. For simplicity,
we plot the position and control trajectories for the leader
and the follower with type θ = 0 in Fig. 2. The leader
and the follower start from [5, 6.5] and [7, 4.5], respectively.
From Fig. 2a, the leader can design effective cooperative
strategies using the adapted model to guide the follower
to approach the zero state. Their controls also approach
0 by the end of the guidance. The trajectory convergence
direction shows that the guidance is effective.

4.2 Comparison with Unilateral Learning

The unilateral-learning approach refers to the leader learn-
ing a response model based solely on the guidance cost
instead of the follower’s real response. It is equivalent to
set γ = 0 in (7). Since followers’ response is not involved,
the learned response models are the same for all followers.
Therefore, the learning is fast and has an average training
time of less than 1 min, which contrasts sharply with the
meta-learning approach, with an average time of 32 min.

We evaluate the leader’s expected (blue) and simulated
(yellow) guidance cost using the model obtained from
the unilateral-learning approach and compare them in
Fig. 3a. The simulated cost significantly deviates from the
expected one, indicating that the learned model is less
effective in the guidance task. Besides, the expected and
simulated costs are also greater than the counterparts in
meta-learning (see Fig. 1b), showing the adapted models
outperform the unilaterally learned ones. For simplicity,
we show the simulated trajectory for the leader and the
follower with type θ = 2 in Fig 3b. The unilateral-learning
approach fails to guide the follower to the origin. Instead,
the follower moves in the opposite direction, resulting in a

(a) Leader’s guidance cost using
unilateral learning.

(b) Trajectories using unilateral
learning for type θ = 2 follower.

Fig. 3. Costs and trajectories for unilateral learning.

(a) Comparison with meta-
learning.

(b) Adapting θ = 4 follower’s
model to the rest.

Fig. 4. Results for individual learning.

failure in the guidance task. Although unilateral learning
saves considerable training time compared with the meta-
learning approach, it can significantly sacrifice the model
accuracy and the guidance performance.

4.3 Individual Learning and Transferability

The individual-learning approach refers to the leader
learning separate response models for every follower and
generating different guidance strategies. We evaluate the
leader’s expected (blue bars) and simulated (red bars)
guidance cost in Fig. 4a. We also plot our meta-learning
result with dark colors for comparison. It is not surprising
that individual learning provides slightly smaller guidance
costs compared with meta-learning because it trains de-
signed models for different followers.

However, meta-learning can adapt the meta-response
model to a specific follower and provide good guidance.
Individual learning does not have such flexibility and
transferability. To see this, we adapt the learned model
of the follower θ = 4 obtained by the individual-learning
approach to other followers by following adaptation rule
(14). We evaluate the leader’s expected and simulated
guidance cost in Fig. 4b. We can observe that meta-
learning provides smaller expected and simulated guidance
costs, showing that adapted models are more efficient for
the leader in performing guidance control. The smaller
simulated costs indicate that the meta-learning approach
outperforms individual learning in real guidance tasks.
Besides, individual learning requires considerable learning
resources, especially when there are many followers. The
meta-learning approach can leverage its better transfer-
ability in the learned response model, providing a more
flexible and faster adaptation for different guidance tasks.
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(a) Position trajectories. (b) Control trajectories.

Fig. 2. Trajectories for θ = 0 follower after adaptation.

expected guidance cost J̃L∗ using the meta-response model
before the adaptation, serving as a baseline. The yellow bar

shows the expected guidance cost J̃L∗ using the adapted
response model for different types of followers, respectively.
As expected, the adapted model provides a lower guidance
cost for the leader than the baseline.

Due to the process noise and the estimation error, the
follower’s real behavior can deviate from the leader’s ex-
pectation. We simulate interactive trajectories to view
the real cooperation performance, where the leader uses
the adapted response model to design control strategies,
and the follower uses his true model (4) to respond. The
leader’s simulated guidance costs for each type of follower
are shown by the red bar in Fig. 1b. We observe that the
simulated costs are higher but not significantly greater
than the expected costs. It shows that the adapted re-
sponse model and the resulting control strategies can pro-
vide satisfactory results in guidance tasks. For simplicity,
we plot the position and control trajectories for the leader
and the follower with type θ = 0 in Fig. 2. The leader
and the follower start from [5, 6.5] and [7, 4.5], respectively.
From Fig. 2a, the leader can design effective cooperative
strategies using the adapted model to guide the follower
to approach the zero state. Their controls also approach
0 by the end of the guidance. The trajectory convergence
direction shows that the guidance is effective.

4.2 Comparison with Unilateral Learning

The unilateral-learning approach refers to the leader learn-
ing a response model based solely on the guidance cost
instead of the follower’s real response. It is equivalent to
set γ = 0 in (7). Since followers’ response is not involved,
the learned response models are the same for all followers.
Therefore, the learning is fast and has an average training
time of less than 1 min, which contrasts sharply with the
meta-learning approach, with an average time of 32 min.

We evaluate the leader’s expected (blue) and simulated
(yellow) guidance cost using the model obtained from
the unilateral-learning approach and compare them in
Fig. 3a. The simulated cost significantly deviates from the
expected one, indicating that the learned model is less
effective in the guidance task. Besides, the expected and
simulated costs are also greater than the counterparts in
meta-learning (see Fig. 1b), showing the adapted models
outperform the unilaterally learned ones. For simplicity,
we show the simulated trajectory for the leader and the
follower with type θ = 2 in Fig 3b. The unilateral-learning
approach fails to guide the follower to the origin. Instead,
the follower moves in the opposite direction, resulting in a

(a) Leader’s guidance cost using
unilateral learning.

(b) Trajectories using unilateral
learning for type θ = 2 follower.

Fig. 3. Costs and trajectories for unilateral learning.

(a) Comparison with meta-
learning.

(b) Adapting θ = 4 follower’s
model to the rest.

Fig. 4. Results for individual learning.

failure in the guidance task. Although unilateral learning
saves considerable training time compared with the meta-
learning approach, it can significantly sacrifice the model
accuracy and the guidance performance.

4.3 Individual Learning and Transferability

The individual-learning approach refers to the leader
learning separate response models for every follower and
generating different guidance strategies. We evaluate the
leader’s expected (blue bars) and simulated (red bars)
guidance cost in Fig. 4a. We also plot our meta-learning
result with dark colors for comparison. It is not surprising
that individual learning provides slightly smaller guidance
costs compared with meta-learning because it trains de-
signed models for different followers.

However, meta-learning can adapt the meta-response
model to a specific follower and provide good guidance.
Individual learning does not have such flexibility and
transferability. To see this, we adapt the learned model
of the follower θ = 4 obtained by the individual-learning
approach to other followers by following adaptation rule
(14). We evaluate the leader’s expected and simulated
guidance cost in Fig. 4b. We can observe that meta-
learning provides smaller expected and simulated guidance
costs, showing that adapted models are more efficient for
the leader in performing guidance control. The smaller
simulated costs indicate that the meta-learning approach
outperforms individual learning in real guidance tasks.
Besides, individual learning requires considerable learning
resources, especially when there are many followers. The
meta-learning approach can leverage its better transfer-
ability in the learned response model, providing a more
flexible and faster adaptation for different guidance tasks.

5. CONCLUSION

We have proposed a Stackelberg meta-learning frame-
work for guided cooperative control in LQG systems. Our
framework not only captures the leader-follower type of
interactions in guided cooperation but also provides a
learning mechanism to adapt to different guided control
tasks. The case study in robot teaming application has
demonstrated that the framework successfully provides
effective and transferable guidance control strategies to
accomplish different guidance tasks. As we have observed
in the simulation, although a learned cooperation strategy
can guide the follower toward the destination, it cannot
perform as precisely as deterministic control. How to guar-
antee the control performance within an allowable range
would be a valuable future research direction. For other
future work, we would generalize our framework to more
general control systems and investigate analytic properties
such as optimality conditions and sample complexity.

REFERENCES
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