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ABSTRACT

Multi-agent reinforcement learning (MARL) requires coordinated
and stable policy updates among interacting agents. Heterogeneous-
Agent Trust Region Policy Optimization (HATRPO) enforces per-
agent trust region constraints using Kullback-Leibler (KL) diver-
gence to stabilize training. However, assigning each agent the same
KL threshold can lead to slow and locally optimal updates, espe-
cially in heterogeneous settings. To address this limitation, we
propose two approaches for allocating the KL divergence threshold
across agents: HATRPO-W, a Karush-Kuhn-Tucker-based (KKT-
based) method that optimizes threshold assignment under global
KL constraints, and HATRPO-G, a greedy algorithm that prioritizes
agents based on improvement-to-divergence ratio. By connecting
sequential policy optimization with constrained threshold schedul-
ing, our approach enables more flexible and effective learning in
heterogeneous-agent settings. Experimental results demonstrate
that our methods significantly boost the performance of HATRPO,
achieving faster convergence and higher final rewards across di-
verse MARL benchmarks. Specifically, HATRPO-W and HATRPO-G
achieve comparable improvements in final performance, each ex-
ceeding 22.5%. Notably, HATRPO-W also demonstrates more stable
learning dynamics, as reflected by its lower variance.
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1 INTRODUCTION

Multi-Agent Reinforcement Learning (MARL) is a critical area of
artificial intelligence whose goal is to enable multiple agents to
make decisions and coordinate within shared environments [2, 21].
Its versatility has driven impactful applications in domains such as
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robotics [6, 28], autonomous driving [1, 25], and smart grid man-
agement [14, 17], where effective coordination and adaptability
are crucial. More recently, MARL techniques have been leveraged
to enhance Large Language Models, exemplified by methods such
as Group Relative Policy Optimization (GRPO) for coordinating
multiple reasoning agents during text generation [20]. These ad-
vancements underscore the importance of developing efficient and
scalable MARL algorithms to propel progress in both traditional
control systems and emerging foundation models.

In single-agent reinforcement learning, foundational methods
such as Deep Q-Learning [13] have laid the groundwork for ef-
fective policy learning in high-dimensional environments. Trust-
region-based methods such as Trust Region Policy Optimization
(TRPO) [18] and Proximal Policy Optimization (PPO) [19] have
demonstrated strong empirical performance, particularly in con-
tinuous control tasks. These methods have become the canonical
approaches for RL. Inspired by these successes, researchers have
extended these algorithms to the multi-agent setting, leading to
variants such as Independent PPO (IPPO) [3] and Multi-Agent PPO
(MAPPO) [26]. Although effective, these methods often suffer from
gradient interference when multiple agents update their policies
simultaneously, which can result in convergence to suboptimal
local minima.

To address this issue of gradient interference between agents,
Kuba et al. [8] proposed Heterogeneous-Agent Trust Region Policy
Optimization (HATRPO), which introduces a sequential policy up-
date strategy, allowing agents to update one at a time. This reduces
gradient conflicts and improves learning stability in heterogeneous
multi-agent environments. Despite the advancements brought by
HATRPO, it assumes a uniform KL divergence threshold for all
agents, which may not be optimal in heterogeneous settings where
agents have varying capacities for improvement. This uniform
allocation can limit overall system performance, as some agents
might benefit from larger policy updates. To address this limita-
tion, we propose two approaches for allocating the KL divergence
threshold among agents: HATRPO-G, a greedy algorithm that pri-
oritizes agents based on their improvement-to-divergence ratio,
and HATRPO-W, a method based on Karush-Kuhn-Tucker (KKT)
conditions to optimize threshold assignment under KL constraints.
These methods aim to enhance the flexibility and effectiveness of
policy updates in heterogeneous-agent environments.

Our study investigates whether such adaptive KL divergence
threshold allocation can lead to improved performance, more struc-
tured learning dynamics, and faster convergence, all while main-
taining the same total KL divergence budget. Through this lens, we
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examine whether the learned threshold allocation reflects meaning-
ful distinctions in agent advantage and whether it can overcome the
limitations of fixed-threshold designs in coordinated multi-agent
learning.

This paper makes the following key contributions:

o We show that uniform KL thresholding across agents is sub-
optimal in sequential MARL, and propose a Joint KL con-
straint optimization problem to enable threshold allocation
that improves overall coordination.

e We propose two methods for adaptive threshold allocation:

a greedy method based on the improvement-to-divergence

ratio, and a KKT-based optimization method that allocates

the KL threshold under global constraints.

Through extensive experiments on MARL benchmarks, we

show that our adaptive KL allocation methods improve HA-

TRPO’s performance over baselines. Our results highlight

that prioritizing agents based on their improvement poten-

tial leads to faster convergence, more effective policy up-
dates, and better utilization of the KL budget. Specifically,

HATRPO-W and HATRPO-G achieve comparable improve-

ments in final performance, each exceeding 22.5%. Notably,

HATRPO-W also demonstrates more stable learning dynam-

ics, as reflected by its lower variance.

2 RELATED WORK

Early MARL methods predominantly assumed homogeneous agents
sharing policy parameters. Weighted QMIX (WQMIX) [15], Inde-
pendent Q-Learning (IQL) [3], and MADDPG [12] achieve strong
performance in discrete cooperative tasks (e.g., SMAC) [16]. While
shared-policy approaches simplify cooperation, they inhibit ex-
pressive behavior when agents play heterogeneous roles. The Het-
erogeneous Agent Reinforcement Learning (HARL) framework
addresses this by assigning each agent its own policy network,
combined with centralized critics, sequential updates, and trust-
region guarantees [8, 32]. In HARL, HATRPO (Heterogeneous-
Agent TRPO) and HAPPO (Heterogeneous-Agent PPO) are two
representative algorithms that are tractable and ensure monotonic
improvement and joint-return guarantees [8, 32]. The theoretical
foundation is strengthened by Heterogeneous-Agent Mirror Learn-
ing (HAML) [9], which guarantees both monotonic performance
improvement and convergence to Nash equilibria; it also spawns
additional agents like HAA2C, HADDPG, and HATD3 [11, 32].
Zhong et al. [32] propose the Multi-Agent Transformer (MAT),
framing MARL as a sequential decision process in which a Trans-
former generates agent actions one-by-one to enhance coordination.
Building on trust-region methods, A2PO [23] introduces an agent-
by-agent policy optimization scheme that highlights the role of
update ordering in achieving superior performance. To promote
exploration in heterogeneous environments, MADPO [4] maxi-
mizes mutual policy divergence by explicitly distinguishing be-
tween intra- and inter-agent differences. FP30 [5] extends PPO to
support versatile parameter-sharing structures while preserving
monotonic joint policy improvement guarantees. Complementary
to these approaches, an optimism-driven gradient method [30] has
been developed to improve sample efficiency in cooperative tasks.
In parallel, TSPPO [22] leverages Transformer-based sequential
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modeling within a PPO framework to improve agent coordination.
Further enhancing Transformer integration, the Sequence Value
Decomposition Transformer [31] aligns agent-specific returns with
cooperative objectives. Additionally, Liu et al. [10] explore the role
of joint optimization in PPO-based multi-agent learning. Finally,
Zhang et al. [29] propose a Stackelberg Decision Transformer to
address asynchronous action dependencies through a sequential
coordination framework.

In contrast, our work introduces a KL-constrained scheduling
mechanism for HATRPO that adapts each agent’s policy update
magnitude based on its improvement potential. By formulating the
update process as a joint KL optimization problem and introducing
both greedy and KKT-based threshold allocation strategies, our
approach addresses the limitations of uniform KL assignments
and enhances both convergence speed and final performance in
sequential MARL.

3 PRELIMINARIES

We consider a Markov game, defined by the tuple M = (N,
S, A, P,r,y), where N = {1,...,n} is the set of n agents, S is the
finite state space, and A = []}L; A; is the joint action space with
A; denoting the action space of agent i. The transition dynamics are
governed by the probability function P (s’ | s, a), which specifies
the likelihood of transitioning to state s’ from state s under a joint
action a € A. The reward function r(s, a) returns a scalar reward
for a given state and joint action, and y € [0, 1) is the discount
factor. At each time step t, the agents occupy a state s, € S and
each agent i € N selects an action al € A; according to its policy
7; (- | s¢). These actions form the joint action a; = (a}, ..., a?) € A,
drawn from the joint policy (- | s;) = [1%; 7 (- | s¢). The agents
then receive a joint reward r; = r(s;, a;) and transition to the next
state s;11, sampled according to P (se+1 | Sz, ar).

The joint policy 7, transition function £, and initial state distri-
bution py together induce a sequence of marginal state distributions
p7 at each timestep t. The overall discounted state visitation distri-
bution is defined as: p™ = Y52, y' p7.

The value of a state under policy 7 is given by the state value
function: V7(s) = E [Z‘,’io Yir: \ So = s] , and the expected return
for executing a joint action a from state s is captured by Q" (s,a) =
E [Z;io Yir |so =s,a9 = a] .

The corresponding advantage function, which quantifies the
benefit of taking joint action a over following the policy 7, is defined
as: A"(s,a) = Q" (s,a) — V7 (s).

In this setting, all agents share the same reward function. The
goal is to maximize the expected total reward: /() =E [ 252, y'r:],
where sg, 51, -+ ~ p” and ag, ap, - - -

We also investigate the contribution to performance from differ-
ent subsets of agents. Let iy.,, denote an ordered subset {iy, ..., in}
of N, and —iy.p, refer to its complement. The k-th agent in the subset
is written as i.

The multi-agent state-action value function is defined as:

or, (sa)=Ea, (07 (s,2iy,,.2-1,,,) ] -

For disjoint sets jj.x and iy.,, the multi-agent advantage func-
tion is defined as:

~ TT.

~T-itm

JT

AZ:m (s, Ay g Aiy,,) = Jideoitm (s, Ay g Qi) (s, aJ'1:k)'

_Nr
le:k
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Here, the joint policies 7 = (my,...,7m,) and 7 = (71, ..., Tpn)
represent the “current” and “new” joint policies, respectively, as
agents update their strategies.

3.1 Heterogeneous-Agent TRPO Algorithm

The Heterogeneous Agents Trust Region Proximal Optimization (HA-
TRPO) algorithm [32] extends Trust Region Policy Optimization
(TRPO) to heterogeneous multi-agent systems. Unlike homoge-
neous agent methods that assume shared observation and action
spaces or identical policy architectures, HATRPO accommodates
agents with distinct modalities and parameterizations. A key feature
of HATRPO is that it preserves the monotonic improvement guar-
antee at the joint policy level, meaning that sequential updates of
individual agents still lead to consistent improvement of the overall
system performance. Each agent solves a constrained optimiza-
tion problem to improve its local policy while ensuring bounded
divergence from the previous policy.

The policy update for agent iy, € i1,y at iteration k + 1 is given
by the following constrained optimization:

im  _ im 1:m-1 ,im
Ty, = argmax E Am(s,a ,a )]

im

st Byvp [Dra (" (- [9) |2 (- | )] < 6

s~pr, @lim=1~giim=1, gim ~zim [

1)

The surrogate objective used in this optimization is defined as:

Litm (giim-1 pim) & F Al (s,altm=1, gm) |
()

By leveraging centralized training with decentralized execution,
HATRPO facilitates efficient, stable learning in multi-agent sys-
tems composed of heterogeneous agents while maintaining strong

performance guarantees.

S~ps, allm-1~7zilm-1, gim ~fim [

4 JOINTLY CONSTRAINED HATRPO

While HATRPO offers theoretical guarantees by enforcing trust
region constraints for stable policy updates, it applies a uniform KL
divergence threshold to each agent individually:

max
DK

L(ﬂj”ﬁ;)ﬁ& Vi=1...,m

®)

A small KL divergence threshold is often preferred in trust-region
methods because it provides a tighter lower bound on policy perfor-
mance improvement. By limiting how far a new policy can deviate
from the old one, small § values ensure stable and theoretically
grounded learning steps.

However, in HATRPO, assigning the same small § to every agent
can inadvertently slow down the overall learning process. Specifi-
cally, agents with low advantage values or those operating in flat
regions of the optimization landscape may receive updates that are
minimal or unproductive. This restricts their ability to escape poor
local optima and contributes to inefficient use of the policy update
threshold.

This limitation is clearly illustrated in Figure 1, which depicts a
two-player differential matrix game where the reward function con-
sists of a combination of two Gaussian modes: one corresponding
to a local optimum and the other to a global optimum with broader
spread in the a, (vertical) direction. The policies are initialized as
Gaussians with means at (ay, az) = (1,1), placing them near the
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local optimum. Under HATRPO, both players are constrained by
the same KL threshold, which prevents sufficient exploration, espe-
cially by player 1, and leads the joint policy to remain trapped near
the local optimum.

0.250
0.125

0.000

Figure 1: Heatmap of the reward function R(ai,a;)
10 N(5,5; 1,3) + 0.1a; + 5.3 N(1,1; 1,1), where N (1, yz; 01, 02)
denotes a 2D Gaussian with mean (py, y2) and standard devia-
tion (o1, 02). The plot shows the joint reward surface and the
action trajectories of two players optimizing their actions a;
and a,. Color gradients indicate optimization progress: red
for HATRPO, blue for HATRPO-G, and green for HATRPO-
Ww.

In contrast, HATRPO-G and HATRPO-W dynamically adjust
the KL threshold allocation, allowing player 1 to receive a larger
update allowance. Since the global optimum has low curvature in
the a, direction, increasing the KL threshold for player 1 allows the
joint policy to escape the local optimum and converge to the global
maximum.

Moreover, since each agent is constrained independently, the
uniform allocation does not account for varying contributions to
global performance. As a result, the overall system improvement
may be suboptimal, especially in heterogeneous settings where
agents differ in learning potential or strategic significance.

This constraint also directly affects the speed of convergence.
To illustrate, consider a multi-agent matrix game where each of
the N agents simultaneously selects an action a; € {0, 1}. The joint
reward is defined as follows:

1.5 ifa; =1foralli,
R(a) =11 ifdjsta;j=0and a =0Vk > j, 4)
0 otherwise.

In this setting, the optimal reward (1.5) is only achieved when
all agents simultaneously select 1. However, the reward function
is inherently non-symmetric. Low-index agents are more likely to
receive positive advantage estimates because a later agent can only
obtain reward if all earlier agents choose action 1. As a result, during
the early learning phase, low-index agents tend to accumulate
positive gradients and request substantial policy updates, while
high-index agents experience little or no improvement signal and
remain relatively static.
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This imbalance leads to a mismatch between policy improve-
ment demand and update capacity when a fixed KL threshold is
distributed uniformly. Consequently, the overall learning progress
is bottlenecked by high-index agents that adapt slowly, which hin-
ders the system’s ability to coordinate toward the optimal joint
policy. This phenomenon is reflected in the learning curve behavior
shown in Figure 2.

1.4

1.2

Reward

0.8
—— HATRPO mean
—— HATRPO-G mean

—— HATRPO-W mean
0.6

400 600
Iteration

800 1000

Figure 2: Average reward as a function of training iterations
in the 4-agent matrix game.

Algorithm 1: Modified HATRPO with Hard KL Constraint and KL
Divergence Threshold Allocation

Require: Initial joint policy 7o = (7, ...,

1: fork=0,1,2,... do

2 Compute the joint advantage function A’ (s, a) for all state-
action pairs

3 Compute Order (iy.m), {61, ...
rithm 2 or 3

4 // Solve the following constrained sequential optimization
problem 1 with §;

5: end for

")

,Om} using KL allocation algo-

These observations motivate the need for a more flexible alloca-
tion of policy update thresholds, which can accelerate convergence
and enable coordinated breakthroughs in complex multi-agent in-
teractions.

4.1 Problem Formulation

To address this, we reformulate the constraint structure while re-
taining the same objective. We continue to maximize the total
advantage across all agents:

Z Li(7y:i-1, mi) (5
=1

Tl e Tlm
But instead of enforcing per-agent KL constraints, we propose a
global trust region:
m
D DR (i || 7)< Srora

i=1

(©)

This formulation allows agents to share a common KL threshold
and redistribute improvement potential more effectively—allocating
more threshold to high-impact agents and reducing waste. Agents
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with larger advantage functions and smaller policy changes are
more desirable for updates. Additionally, since KL divergence is
not symmetric and policy order affects downstream value changes,
update order matters [24]. This prioritization enables better group-
level coordination and maximizes collective reward.

Algorithm 2: Greedy Agent Ordering via Score-Based Ranking

Require: Fixed priors 7, total KL threshold Siotal, loss functions
L;, KL bounds D™ (7;||7;), constant € > 0
1: Initialize ordered list O « [], remaining agents R «— A
2: while R # 0 and iota1 > 0 do
3: foralli e Rdo
4: Solve
n}ral}X Li(7y:i-1, 71)

Es~d”k [DKL (”i('|s) ” ”]l((|s))] < 5total
Li (1:i-1,71)
D™ (mill i) +e

s.t.

v

Compute score: Score; «—

6 end for

7: Select agent i* < arg max;cg Score;

8 Append i* to O, fix 7+, remove i* from R
9: Update 5t0tal — 5total - D%nfx(”i”ﬁi)

10: end while

To improve coordination efficiency in multi-agent policy opti-
mization, we modify the original HATRPO algorithm by introduc-
ing adaptive, agent-specific KL divergence thresholds. Instead of
applying a uniform trust region constraint across all agents, our ap-
proach dynamically allocates the KL budget based on each agent’s
estimated contribution to overall performance. As shown in Algo-
rithm 1, we incorporate a KL allocation strategy—either a greedy
score-based ranking or a KKT-based optimization—that determines
both the per-agent KL bounds and their update order. This enables
the algorithm to sequentially optimize each agent’s policy within a
tailored trust region.

4.2 HATRPO-Greedy

We first propose an effective greedy algorithm, HATRPO-G to de-
termine the order of policy updates. The idea is to prioritize agents
whose updates provide the highest benefit-to-cost ratio, measured
as the advantage gain divided by the KL divergence. At each step,
we select the agent with the best ratio and fix its policy for sub-
sequent evaluations. As described in Algorithm 2, the method
constructs an ordered list of agents by selecting, at each iteration,
the agent that maximizes the expected improvement per unit of KL
cost. Specifically, each agent i is assigned a score given by
DE(millm) + €

where £; represents the estimated local policy improvement and
€ > 0 is a small constant for numerical stability. The agent with
the highest score is selected, added to the update order, and re-
moved from the candidate pool. The process repeats until all agents
are ranked. This greedy procedure introduces a soft prioritization
mechanism that favors agents expected to yield higher utility per
KL cost, resulting in a scalable approach for determining the agent
update sequence without requiring global coordination or joint
optimization.

Score; =
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LEMMA 4.1 (MoNoTONIC BOND). Let 7’ be the old policy and «
the new policy produced by Algorithm 1 and Algorithm 2. Then,

Jm = J(x) + A=HL = €Y Dualrs m), ()
i
Proor. By submodularity, the surrogate objective corresponding
to the greedy policy obtained from Algorithms 1 and 2 satisfies

L(m) > (1-1)L". (8)
The algorithm is based on HATRPO and follows its monotonic bond

Je) 2 J(') + Lx) = C ) Dualnf, m). (9)

Substituting the bound from Lemma 1 into the inequality above
yields

J(x) = J(&') + (1= 1L - cZDmax(n;, m).  (10)

]

4.3 HATRPO-Weighted

In the HATRPO-W, we adapt the classical water-filling strategy [7,
27] from communications to formulate KL divergence allocation as
a constrained optimization problem, solved using KKT conditions.
Just as the water-filling method distributes power across noisy chan-
nels to maximize capacity, we allocate a total KL divergence budget
across agents to maximize overall policy improvement. Agents with
higher expected gain per unit KL—analogous to high-SNR chan-
nels—are assigned larger updates, while those with lower impact
may receive little or none. This induces a soft prioritization mecha-
nism that allocates the trust region more efficiently among agents.
The resulting KKT-based allocation can be solved numerically (e.g.,
via bisection over the Lagrange multiplier) and yields a principled,
globally coordinated update scheme under a shared KL constraint.

Algorithm 3: KL Allocation via KKT

Require: Fixed priors 7, advantage estimates A;, total KL thresh-
old Siotal, tolerance ¢

1: Initialize §; « 0 for all agents i

2. Compute effective utility: U; < Eq-r,; [A;(a)]

3: Order(iy.,m) = Sort agents in decreasing order of U;

4: Initialize A « large positive value

5: repeat

6: Compute tentative allocation: §; < max (0, % - )

7: Evaluate total KL: 6 = }; §;
8: Update A < A - (§/8total)
9. until |(S - (Stotall <é&

. return Order (iy.m), {0i, ..., Om }

We relax the total KL constraint using a Lagrange multiplier
A > 0, yielding the following Lagrangian objective:
m
Z [Li(Zri-1, 1) = A+ Ci] + A, Stotal
i=1
where C; denotes the KL divergence between the updated policy 7;
and its prior 7;.
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To obtain the optimal allocation, we formulate the problem as a
min-max optimization based on the loss function. The loss function
defines as follows:

Li(Fi-1,m) = Y Aila) - i) (11)

where A;(a) is the advantage function under the prior 77;. We define
the KL divergence:

m(a)

' (a)’

Ci = Z 7(a) log (12)

Optimizing the Lagrangian with respect to 7;, we obtain the
condition:
oL;

Fre (13)

Assuming a linear relationship between utility and KL, we find a
closed-form for the KL budget:

Egor, [Ai
¢ < BenlAi@] ”
A
To ensure non-negativity of KL, we apply a projection:
Egor; [Ai
C; = max (0, = ”’[A (@] - (15)

To satisfy the global trust region constraint, the total allocated
KL divergence must equal Stotal:

m
Z Ci= 5total~ (16)
i=1
Substituting the expression for C;, we obtain:
- Eger; [Ai
Z max (0, e [/1 l(a)] - l) = 5tota1~ (17)
i=1

This nonlinear equation implicitly defines the optimal A and can be
efficiently solved using numerical methods such as bisection. Once
A is determined, each agent’s KL allocation C; can be computed
accordingly, resulting in an adaptive and coordinated trust region
allocation strategy.

In practice, we compute the optimal KL allocation by solving for
the Lagrange multiplier A using an iterative bisection-style update.
As shown in Algorithm 3, we first compute each agent’s utility
score U; = B4, [Ai(a)], which measures the expected improve-
ment under the prior policy. We initialize A to a small positive value
and repeatedly compute the tentative KL allocation for each agent

Dg™ (i) = max |0, % -
reflects the intuition that agents with higher utility receive more
KL budget, while those with lower utility may receive none. We
then evaluate the total KL allocation § = 3}; Dg}™(i) and adjust A
multiplicatively to match the target total KL threshold iota). This
process is repeated until convergence, defined by a small absolute
difference |6 — Siotal| < €. This method provides a efficient solution
to the KL allocation problem and scales easily to many agents.

using the closed-form: ) . This expression
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Policy Change Over Time (HATRPO-G, 10 Agents, delta=0.004)
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— Agent1
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— Agent4
Agent 5

— Agent 6
Agent 7
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Agent 9
Agent 10

Policy n(a2)
Policy n(a2)

Policy Change Over Time (HATRPO-W, 10 Agents, delta=0.004)
—

— Agent1
Agent 2
Agent 3

— Agent4
Agent 5

— Agent6
Agent 7
Agent 8
Agent 9
Agent 10

— Agent1
Agent 2
Agent 3

— Agent4
Agent 5

— Agent6
Agent 7
Agent 8
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Agent 10

Policy n(a2)

800 1000 [

400 600
Iteration

(a) HATRPO

Figure 3: Policy trajectory evolution

400 600
Iteration

(b) HATRPO-G

1000 [ 200 800 1000

Iteration

(c) HATRPO-W

for all agents under different algorithms in the 10-agent matrix game.

Policy Mean (y1) over Time Policy Mean (1) over Time Policy Mean (11) over Time
250 —— Agent 1 mean 64 —— Agent 1 mean 64 —— Agent 1 mean
Agent 2 mean Agent 2 mean Agent 2 mean
225 -
5 5
£ 200 H H
3 3, 3,
297 = =
> > >
9 2 9
5 150 53 53
a a a
1.25 2 2
1.00
1 1
0 500 1000 1500 2000 2500 3000 3500 4000 0 500 1000 1500 2000 2500 3000 3500 4000 0 500 1000 1500 2000 2500 3000 3500 4000

Iteration

(a) HATRPO

Iteration

(b) HATRPO-G

Iteration

(c) HATRPO-W

Figure 4: Policy trajectory evolution for all agents under different algorithms in the 2-player differential game.

5 RESULTS

We evaluate our proposed methods on three MARL settings of
increasing complexity. 1) Matrix Game: Coordination Under
Sparse Reward to study how KL allocation affects convergence
speed in the presence of non-uniform advantage distributions. 2)
Differential Game: Escaping Local Optima to test the ability of
adaptive KL strategies to escape local optima. 3) Multi-Agent Mu-
JoCo: Realistic Heterogeneous Agents to assess the scalability
and adaptability of our methods in realistic settings.
Baselines. We compare our methods against several represen-
tative MARL algorithms: 1) MADDPG [12]; 2) MAPPO [26]; 3)
HAPPO [8]; 4) HATRPO [8].

Implementation details, MARL benchmark descriptions, and hy-
perparameter settings are provided in Appendix A. We aim to an-
swer the following research questions.

5.0.1 (a) How does our algorithm compare to strong baselines under
the same total KL divergence threshold?

Our algorithm consistently outperforms or matches strong base-
lines across diverse environments under a fixed total KL divergence
threshold shown in Figure 5 . Specifically, HATRPO-G improves
final performance by 25.2%, while HATRPO-W achieves a 22.5%
gain over the original HATRPO. However, HATRPO-G exhibits
higher variability, with a standard deviation 39% greater than that
of HATRPO-W. This reflects the broader generalization capabili-
ties of our methods HATRPO-W. In both the matrix game and the
differential game, our approach converges significantly faster and
successfully escapes suboptimal local minima with reward plateaus,
where HATRPO remains trapped. On Multi-Agent MuJoCo tasks,
as shown in Fig. 5, particularly Ant and HalfCheetah, our method
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achieves notably higher returns. These results underscore the ef-
fectiveness and robustness of our KL-adaptive strategy across both
discrete and continuous domains.

5.0.2 (b) Can adaptive KL allocation lead to more effective and struc-
tured policy updates, especially in heterogeneous or imbalanced agent
settings?

We provide further analysis of policy behavior in the matrix game
with 10 agents and differential game (see Figure 3 and Figure 4). In
the matrix game, the reward structure depends on the actions of
earlier-indexed agents, leading to asymmetries in advantage esti-
mation. As a result, agents earlier in the update sequence tend to
exhibit greater policy changes, while later agents often show mini-
mal adaptation. Allocating more KL threshold to agents with higher
advantage values—typically those in earlier positions—facilitates
faster group convergence.

In contrast, the differential Gaussian game illustrates a case
where standard HATRPO becomes stuck at a local optimum. Here,
equal KL allocation prevents exploration beyond the local peak
at (2, 1), especially for Agent 1. Our adaptive variants (HATRPO-
G/W), which dynamically reassign KL constraints, enable Agent 1 to
pursue larger updates and ultimately escape to the global optimum
near (5, 5), demonstrating the benefits of asymmetric KL allocation
for structured exploration and escape from local minima.

5.0.3 (c) Does our method accelerate convergence by prioritizing
policy updates for high-advantage agents?

We further evaluate the convergence efficiency of each method in a
4-agent matrix game by measuring the number of steps required to
reach 99% of the maximum achievable reward. As shown in Figure 7,
HATRPO consistently requires more iterations to reach optimal-
ity, especially under tighter KL constraints (smaller § values). This
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Figure 5: Performance comparison on multiple Multi-Agent MuJoCo tasks. Our KL-adaptive methods, HATRPO-G and HATRPO-
W, consistently outperform or match strong baselines under a fixed total KL divergence threshold.

performance gap underscores the inefficiencies of uniform KL dis-
tribution in environments with asymmetric advantage distributions.
In contrast, both HATRPO-G and HATRPO-W exhibit significantly

faster convergence.
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Figure 6: Normalized advantage vs. KL divergence for all
methods with convex boundaries. Each point represents an
agent’s KL-advantage pair. HATRPO(blue) uses a uniform
KL threshold, resulting in tightly bounded updates near
the global KL limit (red dashed line at 0.0004). HATRPO-
G and HATRPO-W(green) dynamically allocate KL
based on agent-specific advantage signals.
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Figure 7: Number of steps required to reach 99% of the maxi-
mum reward as a function of the KL divergence constraint §
in the 4-agent matrix game.

5.0.4 (d) How well does the allocated KL threshold reflect each
agent’s contribution?

The allocated KL threshold closely reflects each agent’s contribu-
tion as indicated by its advantage function. As shown in Figure 6,
both HATRPO-G and HATRPO-W exhibit a strong correlation be-
tween KL divergence and normalized advantage. HATRPO-W al-
locates more KL to agents with the highest individual advantage.
In contrast, HATRPO-G distributes KL more collectively, favoring
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groups of agents with consistently high advantage. This alignment
between KL allocation and advantage demonstrates that our adap-
tive methods effectively prioritize impactful updates, in contrast to
HATRPO’s uniform strategy which neglects agent-specific learning
potential.

5.0.5 (e) Can our method overcome the bottlenecks of uniform KL
constraints and improve joint policy optimization?

Yes, our method overcomes the bottlenecks of uniform KL con-
straints and leads to improved joint policy optimization. As shown
in Figure 10, HATRPO allocates low and uniformly distributed KL
values across agents and time, limiting its ability to prioritize criti-
cal updates. In contrast, both HATRPO-W and HATRPO-G exhibit
structured and adaptive KL allocation. Notably, agent updates fol-
low a sequential order (from agent 1 to agent 4), and the adaptive
methods leverage this structure to focus learning more effectively.
HATRPO-W updates agents in an alternating pattern—e.g., agent
3 — agent 4 — agent 3—allowing for iterative refinement, while
HATRPO-G concentrates KL budget on a subset of high-advantage
agents, enabling parallel but selective updates. This dynamic alloca-
tion enables more expressive and efficient joint policy optimization,
particularly in heterogeneous-agent settings.

5.0.6 (f) What is the training time comparison with the baseline?

In this section, we compare the training time of our method with
the baseline, HATRPO. All methods exhibit similar training dura-
tions. The results are presented in Fig. 8 and Fig. 9. We conducted
experiments in both the Multi-Particle and Matrix Game environ-
ments, with the number of agents ranging from 10 to 100. The
results demonstrate that our method maintains computational effi-
ciency comparable to the original approach, even when scaling to
different numbers of agents.

6 CONCLUSION

We introduced HATRPO-G and HATRPO-W, two adaptive exten-
sions of HATRPO that address the inefficiencies of uniform KL
divergence constraints in multi-agent reinforcement learning. By
reallocating the total KL threshold based on agents’ advantage
signals, our methods enable more targeted policy updates that im-
prove both learning speed and final performance. Experiments
across matrix games, differential games, and multi-agent MuJoCo
environments demonstrate that our adaptive algorithms converge
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Figure 10: KL divergence over time for each agent across
methods. Each heatmap shows the per-agent KL divergence
at each policy update iteration. HATRPO (top) applies a uni-
form threshold to all agents, resulting in consistently low
and evenly spread KL values over time. In contrast, HATRPO-
G (middle) and HATRPO-W (bottom) adaptively allocate KL
thresholds based on agent-specific learning signals.

faster and better utilize the available policy update threshold, par-
ticularly in settings with heterogeneous roles or imbalanced agent
importance. These results suggest that our methods improve over-
all performance, promote more structured learning updates, and
accelerate convergence, all while operating under a fixed total KL
divergence budget. The learned KL threshold allocation effectively
captures variations in agent advantage and overcomes the limita-
tions of fixed-threshold designs, leading to more coordinated and
efficient multi-agent learning.
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