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Abstract—Hierarchical multi-agent reinforcement learning is a
promising approach for complex cooperative tasks, since tempo-
rally extended macro-actions can support diverse behaviours over
long horizons. However, high-level macro-action learning is often
weakly grounded in behavioural outcomes, which may cause a
few macro-actions to dominate while many become redundant,
thereby limiting the behavioural diversity available for coopera-
tion. To address this, we propose HDCF, a novel framework that
formulates diversity learning as a bi-level optimisation process
coordinating high-level macro-action regulation with low-level
execution. At the high level, HDCF introduces counterfactual
similarity-based shaping to regulate macro-action learning using
behaviour-level signals. At the low level, HDCF incorporates an
advantage-based inter-level incentive to strengthen hierarchical
alignment, so that different macro-actions translate into reliably
differentiated executions. Experiments on SMAC and GRF show
that HDCF outperforms representative baselines, and ablation
studies validate that both components contribute to the overall
improvement.

Index Terms—Multi-Agent Systems, Hierarchical Reinforce-
ment Learning, Exploration Incentive, Behaviour Diversity.

I. INTRODUCTION

Cooperative multi-agent reinforcement learning (MARL)
has become a promising framework for real-world systems
in which multiple decision-makers must coordinate under
partial observability and shared constraints. It has been studied
in a range of coordination-intensive applications, such as
multi-robot collaboration [1], traffic signal control [2] and
autonomous driving interactions systems [3], where effec-
tive cooperation is critical to overall performance [4]. To
improve training stability and scalability in such settings, a
dominant paradigm is Centralized Training with Decentralized
Execution (CTDE) [5], which leverages global information
during training to mitigate non-stationarity while preserving
decentralized decision-making at execution time [6]. Within
CTDE, value-decomposition methods [7], [8] further address
the credit assignment problem by factorizing a global value
function into agent-wise components, enabling more scalable
learning in cooperative settings.

Despite these advances, cooperative MARL algorithms still
face significant challenges in complex tasks, particularly with
respect to policy homogenization and limited long-horizon
planning capability. Parameter sharing is commonly adopted
to reduce model complexity, but it often drives agents toward
similar behaviors [9], diminishing the diversity required for

effective exploration and complementary cooperation [10].
At the same time, insufficient long-term planning capability
can cause agents to prioritize short-term local objectives over
global coordination, leading to suboptimal performance [11].

Hierarchical reinforcement learning offers a principled ap-
proach to these challenges by decomposing complex tasks
into multiple levels of abstraction [12]. In this paradigm, a
high-level policy selects abstract macro-actions or sub-policies
[13], [14], while low-level policies execute primitive actions to
realise the selected behaviours [15]. Such temporal abstraction
reduces the effective complexity of long-horizon decision mak-
ing and can support complementary cooperation by allowing
different agents to commit to different abstract behaviours
[13], [16]. Motivated by this potential, a growing body of work
has focused on promoting diversity in hierarchical MARL.
Existing methods introduce various mechanisms primarily at
the low level, such as mutual information maximisation to
encourage skills to visit distinct regions of the state space
[17], [18], clustered or role-based action representations [19],
[20], dynamically differentiated subtask encodings [21], or
advantage-based alignment incentives to coordinate hierarchi-
cal levels [14]. These approaches can effectively shape diverse
low-level behaviours and improve hierarchical controllability.

However, an important aspect of hierarchical coordination
remains insufficiently addressed. The effectiveness of a macro-
action set hinges on whether its macro-actions can consistently
induce distinguishable low-level behaviours under the same
local observation [15]. In many hierarchical methods, be-
havioural diversity is promoted through low-level mechanisms,
for example through skill discovery or inter-level coordination
[14], [17], [18], whereas high-level macro-action selection is
often still driven by generic, behaviour-agnostic exploration
such as uniform sampling or ϵ-greedy. This means that the
high level may not be guided by an explicit objective that
links macro-action choices to their behavioural consequences
at the low level. Moreover, generic exploration in multi-agent
settings is already known to be challenging due to non-
stationarity [22], and this difficulty can interact with the intrin-
sic instability of hierarchical training [23], making it harder
for different macro-actions to develop clearly differentiated
behavioural effects.

Intuitively, when macro-actions are selected in a behaviour-
agnostic manner, learning signals can concentrate on a small
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(a) Bi-level coordination overview.

(b) Macro-action ratio comparison.

Fig. 1: Motivation and overview. (a) HDCF performs bi-level
diversity coordination. (b) Macro-action usage on 3s_vs_5z.

subset of macro-actions that are easier to differentiate or
happen to yield higher returns early. In contrast, macro-
actions whose behavioural differences have not yet emerged
can remain data-scarce and difficult to learn, which can slow
down their behavioural formation and reduce their eventual
contribution. A common outcome is that low-level behaviours
under a few macro-actions become increasingly clear, while
behaviours induced by many other macro-actions remain sim-
ilar and receive weaker learning signals, thereby limiting the
behavioural diversity that can be exploited for cooperation.
Fig. 1 provides an illustrative example, where generic high-
level exploration is associated with a strongly skewed macro-
action usage pattern (Fig. 1b), motivating an explicit bi-level
mechanism that coordinates high-level selection with low-level
behavioural differentiation (Fig. 1a). Meanwhile, simply in-
creasing exploration randomness may be insufficient, because
it does not allocate learning effort according to whether a
macro-action still induces behaviours similar to other macro-
actions under the current local observation.

Our principal contributions are as follows:

(i) We introduce a counterfactual similarity based high-level
shaping objective for bi-level diversity coordination in
hierarchical cooperative MARL, encouraging an effec-
tive and diverse macro-action set during learning.

(ii) We propose HDCF, a bi-level diversity coordination
framework that explicitly couples high-level shaping

with a low-level inter-level incentive in a unified training
formulation, enabling diversity regulation at the decision
level and reliable realisation at the execution level.

(iii) We provide a comprehensive empirical evaluation of
HDCF on SMAC [24] and GRF [25], showing consis-
tent improvements over strong baselines, and conduct
ablations to isolate the contributions of each proposed
component.

II. RELATED WORK

A. Value-Function Decomposition in MARL

Value-decomposition methods constitute a core component
of the CTDE paradigm in cooperative MARL. Value De-
composition Networks (VDN) [7] first decomposed the joint
action-value function into a sum of per-agent utilities, enabling
scalable learning with decentralized execution. QMIX [8]
further introduced a mixing network that constrains the joint
action-value to be a monotonic function of individual utilities,
preserving consistency between individual and global action
selections while improving representational capacity. QTRAN
[26] reformulated value factorisation to guarantee optimal joint
action selection without monotonicity constraints, but can be
challenging to scale to complex environments.

Subsequent studies have revisited and extended QMIX’s
assumptions. QPLEX [27] adopts a dueling-value factorisation
to retain the practical benefits of monotonic mixing while
improving expressiveness for more general value functions.
WQMIX [28] improves learning stability by re-weighting the
Bellman error projection, especially useful in settings where
the data distribution is limited or biased. These methods
collectively advance the theoretical and practical foundations
of value decomposition. Our framework inherits a QMIX-style
backbone [8] and extends it to a hierarchical cooperative set-
ting, enabling the integration of additional objectives required
for coordinated bi-level learning.

B. Hierarchical MARL

Hierarchical reinforcement learning has been widely
adopted in multi-agent systems to address long-horizon co-
ordination via temporal abstraction and multi-level decision
making [29]. Beyond improving planning tractability, a key
motivation in cooperative settings is to mitigate policy ho-
mogenization by enabling agents to acquire diverse and com-
plementary behaviours at different levels of abstraction. Early
work such as H-QMIX [30] integrates hierarchical control
with cooperative MARL and shows advantages in temporally
extended tasks, but it often relies on manually designed high-
level behaviours or pre-defined abstractions, which may limit
adaptability in complex environments.

A broad body of subsequent research explores how to
learn and maintain behavioural diversity within hierarchical
MARL. ROMA [31], RODE [19], and SIRD [32] investi-
gate mechanisms for discovering differentiated coordination
patterns that support complementary cooperation. HSD [17]
and HSL [16] promote distinguishable behaviours through
intrinsic objectives that encourage diversity. Other works, such



as LDSA [21], DT2GS [33], MASER [34], and HiSOMA [35],
introduce task decomposition or subgoal-oriented hierarchies
to improve long-horizon performance, thereby providing dis-
tinct behavioural modes for agents to exploit. More recently,
HAVEN [14] and DCC [18] advance hierarchical coordina-
tion by strengthening inter-level consistency and cooperation
among learned behaviours, achieving strong empirical perfor-
mance on cooperative benchmarks.

While these hierarchical methods can enrich low-level
behaviours and improve inter-level coordination, high-level
exploration is typically handled by generic schemes without
an explicit objective to encourage adequate and balanced
coverage of the macro-action space. In contrast, our approach
treats diversity as a coordinated bi-level optimisation problem.

C. Behaviour Similarity Estimation Using KL Divergence

KL divergence is a common tool in reinforcement learning
for comparing policy behaviours. It has been used for inter-
agent knowledge distillation, enabling weaker agents to learn
from stronger ones [36], and for encouraging exploratory
diversity by differentiating current behaviours from historical
policies [37]. In hierarchical and multi-agent settings, KL-
based measures have also been used to construct influence-
related rewards that promote behavioural distinction across
decision levels [38], and to quantify inter-agent influence under
counterfactual formulations [39].

These studies show that KL divergence provides a practical
signal for shaping behavioural dynamics in multi-agent sys-
tems. Motivated by this, we use KL divergence to quantify
behavioural dissimilarity between macro-actions.

III. PRELIMINARY

A. Decentralized Partially Observable Markov Decision Pro-
cess (Dec-POMDP)

We model cooperative multi-agent interaction as a Dec-
POMDP G = ⟨S, {Ai}Ni=1, P,R, {Ωi}Ni=1, O, γ⟩, where N
is the number of agents. At time t, the environment is in
a global state st ∈ S and agents choose a joint action
at = (a1t , . . . , a

N
t ) with ait ∈ Ai. The next state is sampled

from P (st+1 | st,at) and all agents receive a shared reward
ret = R(st,at). Each agent i receives a local observation
oit ∈ Ωi generated by the observation function O(ot | st),
where ot = (o1t , . . . , o

N
t ). Under decentralized execution,

agent i conditions its decision on its information state (action-
observation history or recurrent hidden state) τ it .

The objective is to learn a joint policy π = (π1, . . . , πN )
that maximizes J(π) = Eπ

[∑∞
t=0 γ

tret
]
. Under CTDE,

global information (e.g., st) may be used for training value
functions, while each agent acts based only on τ it at test time.

B. Fixed-duration Hierarchical MARL

We consider a two-level hierarchy with a fixed temporal
abstraction factor K. High-level (macro) decisions are indexed
by T , and each macro interval corresponds to environment
steps t ∈ [TK, (T + 1)K − 1]. Each agent selects a macro-
action ziT ∈ Z from a discrete set Z (with |Z| = Z), forming

a joint macro-action zT = (z1T , . . . , z
N
T ). The selected macro-

actions remain fixed within the macro interval.
We denote the high-level and low-level information states

separately as τh,iT and τ l,it , respectively. The hierarchical policy
consists of a high-level policy πi

h(z
i
T | τh,iT ) and a low-level

policy πi
l(a

i
t | τ

l,i
t , ziT ).

IV. METHOD

This section details the proposed Hierarchical Diversity Co-
ordination Framework (HDCF). We first describe the overall
architectural design, then introduce the core component, and
finally present the training objectives.

A. Framework overview

HDCF employs a two-level hierarchical architecture with
a fixed temporal abstraction factor K, as shown in Fig. 2.
Both levels adopt value-function decomposition implemented
via QMIX-style mixing networks: each level maintains per-
agent utility estimates which are combined by a parameterised
mixing network to produce a level-specific global action-
value. This supports centralized training while preserving
decentralized execution.

At the high level (macro time scale), decisions are indexed
by T , and each macro interval corresponds to environment
steps t ∈ [TK, (T +1)K−1]. At the beginning of each macro
interval, each agent i ∈ {1, . . . , N} selects a macro-action

ziT ∈ Z, Z ≜ |Z|, (1)

forming a joint macro-action zT = (z1T , . . . , z
N
T ), which

remains fixed within the interval. The cumulative extrinsic
reward collected over this macro interval is

RT =

(T+1)K−1∑
t=TK

ret , (2)

where ret denotes the environment reward at timestep t.
At the low level (environment time scale), each agent issues

primitive actions at every timestep conditioned on its low-level
information state and the selected macro-action

ait ∼ πi
l

(
ait | τ

l,i
t , ziT

)
, t ∈ [TK, (T + 1)K − 1]. (3)

The key distinction of HDCF is a bi-level diversity coordi-
nation objective that explicitly couples high-level macro-action
learning with low-level behavioural differentiation. At the
high level, HDCF introduces a behaviour-grounded intrinsic
shaping term to regulate macro-action optimisation, mitigating
behaviour-level degeneracy where many macro-actions remain
redundant. At the low level, HDCF employs an inter-level
incentive to strengthen hierarchical alignment, ensuring that
different macro-actions translate into reliably differentiated
execution.
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Fig. 2: The framework of the proposed method.

B. Counterfactual policy-similarity shaping

To enable bi-level diversity coordination, we augment the
high-level objective with a behaviour-grounded intrinsic shap-
ing term based on counterfactual policy similarity. This term
provides a state-conditional signal for macro-action optimisa-
tion by measuring how behaviourally separated the selected
macro-actions are relative to their counterfactual alternatives
under the current context. Our incentive is intentionally inverse
to standard novelty bonuses: we penalise macro-actions that
are already strongly differentiated, thereby shifting optimi-
sation pressure towards macro-actions that remain under-
differentiated and improving the effective diversity of the
macro-action set during learning. The resulting high-level
regulation is complementary to the advantage-based inter-level
incentive, which helps translate different macro-actions into
reliably differentiated low-level execution.

1) Macro-action similarity metric: We measure behavioural
distinctiveness at the beginning of each macro step, i.e., at t =
TK. For agent i, we compare the low-level action distribution
induced by the selected macro-action ziT with the distributions
that would be induced by alternative counterfactual macro-
actions z ∈ Z \ {ziT } under the same low-level information
state τ l,iTK .

Let Q(· | τ l,iTK , z) denote the low-level action-value outputs
over primitive actions a ∈ Ai produced when conditioning
on macro-action z and τ l,iTK . We convert these outputs to a
probability distribution via softmax

π(· | τ l,iTK , z) = Softmax
(
Q(· | τ l,iTK , z)

)
. (4)

When computing the KL-based intrinsic term, we stop gradi-
ents through the computation of π(· | τ l,iTK , z).

Conditioned on τ l,iTK , the distinctiveness of ziT is defined as

Dzi
T
(τ l,iTK) ≜

∑
z∈Z
z ̸=zi

T

DKL

(
π(· | τ l,iTK , z

i
T ) ∥ π(· | τ

l,i
TK , z)

)
.

(5)
Normalising the sum in Eq. (5) by |Z| − 1 is generally
preferable to keep the intrinsic term on a consistent scale. We
use the summed form in Eq. (5) because the macro-action set
size |Z| is fixed in our experimental setup, so the averaged
version would only rescale rcfT by a constant factor and does
not affect relative comparisons; this scaling can be absorbed
into β.

2) Inverse incentive design: We form a macro-step intrinsic
term by averaging distinctiveness across agents

rcfT =
1

N

N∑
i=1

Dzi
T
(τ l,iTK), (6)

and incorporate it into a shaped high-level return

Rtotal = RT − β · rcfT , (7)

where β is a scaling coefficient. The negative sign penalises
macro-actions that are already strongly differentiated under the
current context, thereby shifting optimisation pressure towards
macro-actions that remain under-differentiated. In this way,
the shaping term acts as a behaviour-grounded regulariser for
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Fig. 3: Overall performance comparison across benchmarks.

the high-level objective, supporting bi-level diversity coordi-
nation by discouraging behavioural redundancy among macro-
actions.

C. Advantage-Incentive Based Control Enhancement

To strengthen inter-level coordination and ensure that high-
level macro-action choices exert significant influence on low-
level behaviour, we synchronise the optimisation objectives
across levels. Inspired by HAVEN [14], we train an additional
high-level state-value network V h to compute an advantage
signal and distribute it equally to the low-level policies as an
inter-level coordination reward.

Let V h(τhT ) denote the high-level state-value, and let
V h(τhT+1) be the value at the next macro step. The high-level
advantage is defined as the temporal-difference error

AT = RT + γh V h(τhT+1) − V h(τhT ), (8)

where γh is the high-level discount factor. We then augment
the low-level reward by distributing this advantage uniformly
across the K steps in macro interval T

rtotal = ret + λ · AT

K
, t ∈ [TK, (T + 1)K − 1], (9)

where λ controls the strength of inter-level alignment.

D. Training Objectives

Based on the above design, the training objective of HDCF
comprises three core components.

1) High-level state-value loss:

Lh
V (θ) = E

[(
RT + γmax

zT+1

Qh
tot(τ

h
T+1, zT+1)− V h(τhT | θ)

)2]
.

(10)

2) High-level action-value loss:

Lh
Q(φ) = E

[(
Rtotal + γmax

zT+1

Qh
tot(τ

h
T+1, zT+1 | φ−)

−Qh
tot(τ

h
T , zT | φ)

)2]
.

(11)

3) Low-level action-value loss:

Ll
Q(ψ) = E

[(
rtotal + γmax

at+1

Ql
tot(τ

l
t+1, z⌊(t+1)/K⌋, at+1 | ψ−)

−Ql
tot(τ

l
t , z⌊t/K⌋, at | ψ)

)2]
.

(12)

Here φ− and ψ− denote the parameters of the corresponding
target networks.

V. EXPERIMENT

In this section, we evaluate the performance of the proposed
algorithm on two widely used multi-agent reinforcement learn-
ing benchmarks: the StarCraft Multi-Agent Challenge (SMAC)
and Google Research Football (GRF). To assess the practical
utility of the counterfactual behavioural-similarity incentive,
we perform ablation studies on SMAC and examine the effect
of varying the weight of this intrinsic incentive.



TABLE I: Mean of the median curve over the last 10% timesteps ± SD across seeds

Maps Metric HDCF HAVEN RODE QMIX DCC

3s vs 5z Win 0.882± 0.106 0.698± 0.207 0.834± 0.250 0.744± 0.194 0.689± 0.122
MMM2 Win 0.896± 0.197 0.833± 0.291 0.627± 0.234 0.637± 0.214 0.826± 0.135
5m vs 6m Win 0.678± 0.100 0.494± 0.136 0.490± 0.125 0.660± 0.099 0.623± 0.133
27m vs 30m Win 0.750± 0.116 0.682± 0.152 0.344± 0.128 0.479± 0.133 0.207± 0.080

GRF/2v1 Score 0.764± 0.193 0.702± 0.280 0.337± 0.250
GRF/3v1 Score 0.656± 0.260 0.340± 0.115 0.283± 0.123

A. Experimental Setup

The SMAC environment is a suite of cooperative micro-
management tasks built on StarCraft II. It offers diverse maps
for testing cooperative behaviour and long-horizon control.
We evaluate our method on two Hard maps (5m_vs_6m
and 3s_vs_5z) and two Super Hard maps (MMM2 and
27m_vs_30m). GRF is an open-source environment in a sim-
ulated soccer domain. We include GRF to verify the generality
of our approach across domains with different dynamics and
cooperation patterns.

We compare our method to several representative base-
lines in six maps, including the general value-decomposition
method QMIX [8] and hierarchical methods RODE [19],
HAVEN [14], and DCC [18]. Since RODE and DCC do not
report hyperparameter configurations for GRF, comparisons on
GRF focus on QMIX and HAVEN. Across all maps, we use
8 macro-actions and set k to 3 for our method, follow the
standard QMIX training setup [8] for hyperparameters and
optimization with the RMSProp optimizer for all methods.

For each map, we run 5 independent trials with five random
seeds, using different seed sets for different maps; within each
map, all methods are evaluated using the same set of five seeds
for a fair comparison.

B. Performance Evaluation

Fig. 3 compares learning curves of HDCF and baselines on
SMAC and GRF, where solid lines denote median performance
and shaded regions indicate the 25–75% percentiles. To com-
plement the curves with a concise summary, Table I reports
final performance and stability statistics. Across most maps,
HDCF attains the best or competitive best final performance
and is typically associated with lower variance, indicating
improved learning stability.

As summarized in Table I, HDCF achieves consistently
strong results across the evaluated SMAC tasks. The learn-
ing curves in Fig. 3 further indicate that HDCF maintains
steady progress on challenging maps compared with other
hierarchical baselines, reflecting more reliable optimization
dynamics. In particular, HDCF shows better robustness on
larger-scale maps where coordination becomes harder, sug-
gesting that its hierarchical control remains effective as the
joint decision space grows. Additionally, HDCF consistently
achieves stronger final performance than the baselines on both
GRF tasks.

C. Ablation Study

We compare HDCF with three variants: HDCF CF,
HDCF WB, and HDCF WA. HDCF CF changes the
similarity-penalty coefficient β (0.1 and 1.0) to test sensitivity
to shaping strength. HDCF WB computes the counterfactual
similarity term rcfT for logging (to plot Fig. 4) but removes it
from the high-level objective, isolating the effect of high-level
regulation. HDCF WA removes the advantage-based incentive
to evaluate the role of inter-level alignment in realising be-
haviourally differentiated execution. In our main setting, β is
set to 0.1 for 3s_vs_5z and MMM2, and 1.0 for 5m_vs_6m
and 27m_vs_30m. Results are reported in Fig. 4 and Table II.

1) Influence of the shaping strength: HDCF CF evalu-
ates sensitivity to the shaping strength β, which controls
how strongly the high-level objective regularises macro-
action learning for diversity coordination. On three maps
(5m_vs_6m, 3s_vs_5z, and 27m_vs_30m), HDCF CF
achieves performance close to HDCF, suggesting that the high-
level shaping is reasonably robust within the tested range.
In contrast, on the heterogeneous map MMM2, HDCF CF
performs worse, indicating that heterogeneous settings can be
more sensitive to the calibration of β. A plausible reason is
the scale variability of the KL-based similarity term: larger
discrepancies between low-level action distributions can am-
plify the effective shaping magnitude and increase sensitivity
to β, which is more likely to arise in heterogeneous settings.

2) Effect of removing the similarity-based shaping:
HDCF WB removes rcfT from the high-level return to isolate
and examine the contribution of the high-level regulation
mechanism. To quantify its effect on the learned macro-
action set, we collect evaluation trajectories using the final
checkpoint, and compute the normalised entropy of the macro-
action usage distribution aggregated over all agents during
evaluation. Specifically, we evaluate 32 episodes per seed and
report the mean normalised entropy averaged over 5 seeds. We
additionally report MaxR, defined as the maximum macro-
action usage ratio among all macro-actions, where a higher
MaxR indicates stronger mode collapse.

Compared with HDCF, HDCF WB attains consistently
lower win rates, suggesting that diversity also needs to be
explicitly coordinated at the macro-action level. As shown in
Table II, HDCF yields higher normalised macro-action usage
entropy than HDCF WB across the evaluated maps, indicating
that removing the high-level shaping term tends to induce a
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Fig. 4: Ablation study across four SMAC maps.

TABLE II: Macro-action usage diversity on SMAC.

Map Ent (HDCF) Ent (HDCF WB) ∆Ent ∆Ent / HDCF WB MaxR (HDCF) MaxR (HDCF WB)

3s_vs_5z 0.932779 0.888508 0.044271 +4.98% 0.243669 0.296411
5m_vs_6m 0.964238 0.939514 0.024724 +2.63% 0.213560 0.242710
MMM2 0.947705 0.947293 0.000412 +0.04% 0.229874 0.223483
27m_vs_30m 0.928838 0.916743 0.012096 +1.32% 0.245940 0.268786

more skewed macro-action usage distribution. Such skew can
reduce the visitation frequency of some macro-actions and is
consistent with the larger performance drop of HDCF WB in
small-scale homogeneous scenarios.

In contrast, the high-level shaping term in HDCF regularises
the macro-action policy and mitigates excessive skew, improv-
ing macro-action coverage and enabling more macro-actions
to be effectively utilised, thereby delivering more evident
performance improvements. While macro-action usage skew is
generally milder in large-scale scenarios, the shaping term still
provides observable gains, indicating that its regularisation re-
mains effective under more complex coordination conditions.

3) Effect of removing the advantage incentive: HDCF WA
removes the advantage-based inter-level incentive and leads
to clear performance degradation. Moreover, the rcfT curves
in Fig. 4 are substantially lower than those of other variants,
indicating weaker behavioural differentiation among macro-
actions at the macro-step start. This highlights that without
inter-level alignment, macro-actions become less controllable
at the low level, making the intended behaviors difficult to
realize reliably.

VI. CONCLUSION

This paper proposes HDCF, a hierarchical cooperative
multi-agent reinforcement learning framework that formulates
diversity learning as a bi-level optimisation problem and coor-
dinates high-level macro-action selection with low-level exe-
cution. HDCF introduces counterfactual behavioural-similarity
shaping as an explicit high-level objective to regulate macro-
action learning and mitigate behaviour-level degeneracy, and
adopts an advantage-based inter-level incentive to strengthen
hierarchical alignment. Experimental results on SMAC and
GRF indicate that combining behaviour-grounded high-level
regulation with inter-level alignment can improve the effective-
ness and robustness of hierarchical cooperative MARL. Future
work will investigate heterogeneity-aware extensions to better
adapt HDCF to heterogeneous scenarios, along with adaptive
tuning of the shaping strength and more efficient similarity
estimation to further improve scalability and robustness.
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