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Abstract— Learning efficiently in continuous-action multi-
agent environments remains a central challenge in reinforce-
ment learning. While value-based algorithms offer strong sam-
ple efficiency in discrete domains, extending them to continuous
spaces is non-trivial due to the difficulty of evaluating infinite
action sets. Policy-based methods address this challenge by using
critic networks to guide and stabilize the learning process, yet
they often struggle with high variance in gradient estimates and
convergence to local optima. Departing from the typical reliance
on critics, we propose Coordinated Q-Functionals (CoQF) — a
novel value-based algorithm for learning in continuous multi-
agent domains. CoQF represents each agent’ state using basis
functions, enabling efficient evaluation of densely sampled
actions and coordinated mixing of value estimates across
agents. This architecture supports both effective coordination
and improved sample efficiency. Empirical results across six
cooperative tasks show that CoQF consistently outperforms
four Deep Deterministic Policy Gradient (DDPG) variants in
both learning speed and final performance.

I. INTRODUCTION

Multi-agent reinforcement learning (MARL) seeks to
equip multiple agents with the ability to learn policies that
maximize collective or individual returns within a shared en-
vironment. Broadly, MARL methods fall into two paradigms:
value-based [1] approaches, which estimate action-value
functions to inform decision-making, and policy gradient [2]
approaches, which optimize parameterized policies through
gradients of expected returns. While value-based methods
have shown superior sample efficiency, requiring fewer inter-
actions with the environment to learn effective behavior, they
are inherently difficult to apply to continuous action spaces,
where enumerating or comparing Q-values across infinitely
many actions becomes intractable.

In practice, most state-of-the-art MARL algorithms for
continuous control rely on policy-based methods, such as
Multi-Agent Deep Deterministic Policy Gradient (MAD-
DPG) [3] and Multi-Agent Proximal Policy Optimization
(MAPPO) [4]. These methods extend their single-agent
counterparts (DDPG [5], PPO [6]) to multi-agent scenarios
using centralized critics and decentralized execution. How-
ever, these methods are often sample-inefficient, suffering
from high-variance gradient estimates, approximation errors
in the critic, and difficulty converging to globally optimal
solutions—especially in multi-agent settings where coordi-
nation is critical [7].

Recent developments in single-agent reinforcement learn-
ing have reopened the conversation around value-based meth-
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ods for continuous control. Notably, Q-functionals [8]—a
generalization of Q-learning that models Q-values as con-
tinuous functions over the action space—has demonstrated
that value-based approaches can, in fact, scale to continuous
domains when designed appropriately. By evaluating many
actions in parallel, Q-functionals enable efficient exploration
and Q-value estimation without resorting to policy gradients
in single-agent continuous settings.

In this paper, we extend these insights to the multi-agent
setting and introduce Coordinated Q-Functionals (CoQF)—a
value-based algorithm designed for learning in continuous-
action multi-agent environments. CoQF equips agents with
expressive Q-functionals and facilitates cooperation by mix-
ing their value representations across agents. In this way,
CoQF brings the sample efficiency of value-based learning to
continuous-action multi-agent environments, without relying
on unstable policy gradients. We evaluate CoQF across six
cooperative continuous control tasks spanning two distinct
environments, comparing its performance against both value-
and policy-based baselines. Our key contributions are as
follows:

(1) We introduce CoQF along with two variants, Inde-
pendent Q-functionals (Ind-QF) and Centralized Q-
functionals (Ctr-QF), as the first value-based meth-
ods designed specifically for multi-agent reinforcement
learning in continuous action spaces.

(i) To the best of our knowledge, this is the first work
to demonstrate that value-based methods can effec-
tively outperform policy-based approaches in coopera-
tive multi-agent reinforcement learning with continuous
action spaces, challenging the long-standing assump-
tion that value-based strategies are unsuitable for such
settings.

(iii) Through comprehensive experiments, we show that
CoQF consistently outperforms DDPG-based methods,
and in five out of six tasks, it matches or exceeds the
performance of FACMAC, an enhanced policy-based
variant and state-of-the-art algorithm, while achieving
faster convergence and improved sample efficiency.

II. BACKGROUND AND RELATED WORK

In reinforcement learning, the goal is to enable agents
to learn behavior that maximizes their expected cumulative
reward through repeated interaction with an environment.
When extended to multi-agent settings, this framework is of-
ten formalized using the Decentralized Partially Observable
Markov Decision Process (Dec-POMDP) [9], which captures
the challenges of partial observability and decentralized
decision-making among multiple agents.
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A Dec-POMDP s
(§,A,0,R, T, N,~), where:

o S denotes the set of true environmental states, with s €
S representing the current state,

e A, O, and R represent the sets of joint actions, obser-
vations, and rewards for the agents,

o T(s,A,8): Sx AxS — [0,1] defines the probability
of transitioning to state, s’, given the current state, s,
and joint action, A,

o N is the total number of agents involved, and

e v €[0,1) is a discount factor applied to future rewards
to reflect their diminishing significance over time.

defined by the tuple

This formalism provides a foundation for reasoning about
multi-agent interaction in partially observable, stochastic
tasks, and underpins a wide range of MARL algorithms.

A. Value-Based Learning: Single to Multi-Agent

Value-based reinforcement learning methods focus on es-
timating action-value functions that guide decision-making.
In single-agent settings, Q-learning [1] learns the expected
return of taking an action ¢ in state s under a policy =:

Qr(s,a) = E[G|s; = s,a; = a], (1)
with the recursive Bellman update:

QW(S, a) = ES/ [3(87 CL) + 'YEa’NW[Qﬂ (8/» a‘/)”v (2)

where R(s,a) and ~y represent the reward function and the
discount factor, respectively.

Deep Q-Networks (DQN) [10] extend Q-learning to high-
dimensional inputs using neural networks to approximate
Q(s,a). DQN introduces stability through a target network,
whose parameters are periodically updated, and an experi-
ence replay buffer, and minimizes the loss:

L(w) = Eq e [(r +ymax(Q(s', a';w™)) = Q(s,a;w))?], (3)

where w and w™ are the parameters of the prediction and
target networks, respectively.

Extending value-based methods to multi-agent settings
introduces key challenges. In Independent Q-Learning
(IQL) [11], each agent learns its own Q-function individually.
However, as agents update their policies concurrently, the
environment becomes non-stationary from each agent’s per-
spective, undermining convergence guarantees. Fully central-
ized methods address non-stationarity by learning a joint Q-
function, but suffer from poor scalability due to exponential
growth in the joint action and observation spaces [12].

To balance coordination and scalability, value function
factorization methods were proposed under the centralized
training with decentralized execution (CTDE) paradigm [13].
Approaches like Value Decomposition Networks (VDN) [14]
and QMIX [15] learn individual Q-functions Q(s’,a’) and
combine them into a global estimate Q. VDN uses a
simple summation:

N
Qtotal = Z Ql (Siv a’i)a (4)

i=1

while QMIX learns a monotonic mixing function:

Qtotal = fs(Q1(517a1)7 sty QTL(S7L7GTL))7 Wlth afs

Q¢

> 0. (5

These methods have achieved strong results in discrete
settings but remain difficult to apply in continuous action
spaces, where the action space is infinite and value estimates
over all actions become computationally infeasible. As a
result, MARL in continuous domains has mostly relied on
policy-gradient methods, despite their sample inefficiency.

B. Policy-Based Learning: Single to Multi-Agent

Policy-based methods are widely used in continuous
control tasks, where value-based approaches struggle with
infinite action spaces. Instead of estimating action values,
they directly optimize a parameterized policy 7. The policy
gradient (PG) theorem [2] defines the update rule as:

Vo J(0) = Egmp. .amm, [Vologmg(als)Qr(s,a)], (6)

where p, represents the state distribution under policy 7.
Variants of PG methods differ in how they estimate Q.

REINFORCE [16] uses Monte Carlo returns, while actor-
critic methods [17] reduce variance by learning a critic.

The PG framework also supports deterministic policies
(DPG) [18], where actions are selected via ug(s), a deter-
ministic policy defined as g : S — A, with a policy vector
of m parameters § € R™ and the gradient becomes:

VQJ(/LQ) = Eswpu [VG,UG (S)VGQM(Sa a)|a:p,9(s)]~ (7N

Deep DPG (DDPG) [5] extends DPG using deep neural
networks for the actor and critic, with stability ensured
through target networks and experience replay.

In the multi-agent setting, Multi-Agent DDPG (MAD-
DPG) [3] builds on DDPG by assigning each agent its own
actor and centralized critic. Each critic conditions on the
joint observations and actions of all agents, while policies are
executed independently (for details, see [3]). Though effec-
tive in many domains, MADDPG often suffers from sample
inefficiency and convergence to local optima, especially in
complex environments with high-dimensional action spaces.

These limitations have motivated recent efforts to improve
the sample efficiency of actor-critic methods in multi-agent
settings. FACMAC [19] introduces a factored centralized
critic and a centralized gradient estimator to support co-
ordinated learning in continuous domains. VFS [20], on
the other hand, enhances value prediction by perturbing
multiple critics during training. While both methods improve
performance, they remain grounded in policy-gradient tech-
niques, which inherently suffer from sampling inefficiencies.
In contrast, our work adopts a value-based approach to
continuous multi-agent reinforcement learning, aiming to
overcome these limitations through more efficient action
evaluation and coordination.

III. PROPOSED METHOD

To address the inefficiencies of policy-based approaches,
we introduce Coordinated Q-Functionals (CoQF)—a novel
value-based algorithm that enables agents to learn in
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continuous-action multi-agent domains. CoQF brings the
sample efficiency of value-based learning to continuous
domains by extending the concept of Q-functionals [8]
to multi-agent settings under the centralized training and
decentralized execution (CTDE) paradigm to ensure scala-
bility and coordination. To evaluate the effectiveness of this
approach, we also present two baseline variants: Independent
Q-Functionals (Ind-QF) and Centralized Q-Functionals (Ctr-
QF). Before introducing our proposed MARL algorithms,
we begin with a brief review Q-functionals in the single-
agent setting, which serve as the foundation for the methods
presented later—Ind-QF, Ctr-QF, and CoQF.

A. Q-functionals

Q-functionals [8] reformulate the Q-function to enable
parallel evaluation of continuous actions. Unlike traditional
Q-networks that map a state-action pair directly to a scalar
estimate (i.e., Q(s, a) : S x A — R), Q-functionals decouple
the state and action representation. Specifically, each state is
mapped to a function over the action space:

Qf(s, a):S— (A= R). (8)

This is achieved by learning a set of basis function coeffi-
cients conditioned on the state, which can then be multiplied
with action representations to compute Q-values efficiently,
through matrix operations. In other words, state-action values
can be represented as:

Qt(s,a) = C(s)" ®(a), )

where C(s) are the learned coefficients and ®(a) is the action
feature vector.

This structure enables fast, batched evaluation of many
candidate actions in continuous spaces using matrix opera-
tions, addressing a key limitation of traditional value-based
methods in single-agent settings.

B. Ctr-QF: Centralized Q-Functionals

Ctr-QF defines a single, centralized Q-functional over the
joint state-action space. The mapping becomes:

) (s,a) : S (A= R),

where s and a represent the joint states and actions of all
agents. While this formulation captures inter-agent depen-
dencies, it scales poorly: both the action and observation
spaces grow exponentially with the number of agents, under-
mining the sample efficiency that Q-functionals are designed
to provide.

C. Ind-QF: Independent Q-Functionals

Ind-QF applies Q-functionals to each agent independently,
allowing agent ¢ to learn its own functional Q; as in standard
Independent Q-Learning [11]. Although straightforward in
design, this approach fails to account for the non-stationarity
introduced by simultaneous learning among agents, and
thus lacks convergence guarantees—even under unlimited
exploration. In our experiments, we use Ind-QF as a baseline
to highlight the advantage of incorporating coordination in
multi-agent settings.

(10)

D. CoQF: Coordinated Q-Functionals

CoQF addresses the limitations of both Ind-QF (non-
stationarity) and Ctr-QF (poor scalability) by combining
their strengths. Each agent learns its own Q-functional,
maintaining decentralized policy execution, while training
is coordinated through a centralized mixing function over
the agents’ individual Q-values. This allows the model to
capture inter-agent dependencies while keeping the action
and observation spaces for each agent tractable.

The mixing mechanism in CoQF is flexible and can be
instantiated as: an additive sum (as in (4), VDN [14]), a
monotonic mixing network (as in (5), QMIX [15]), or a
more expressive structure (e.g., QTRAN [21] or Weighted
QMIX [22]). The design choice depends on the coordination
complexity required by the environment.

What sets CoQF apart from prior value-based MARL
methods is its seamless integration of Q-functionals with
continuous action spaces, where traditional value-based
methods struggle. By representing states via learned basis
functions, agents can evaluate many candidate actions effi-
ciently, selecting the most promising ones without relying
on high-variance gradients. Moreover, CoQF follows CTDE
paradigm, ensuring that agents remain independently deploy-
able at test time while benefiting from global learning signals
during training.

In the experiments, we benchmark CoQF against
four DDPG-based algorithms—Independent DDPG (Ind-
DDPG), Centralized DDPG (Ctr-DDPG), MADDPG, and
FACMAC—and show that it offers improved learning stabil-
ity and competitive performance across a range of continuous
multi-agent tasks. As illustrated in Fig. 1, our framework
consists of three primary components for each learner: (i)
episode generation, (ii) training (of prediction blocks), and
(iii) target (block) updates.

(i) Episode Generation

At each timestep, agents interact with the environment using
actions selected from their prediction blocks, as illustrated in
Fig. 1(a). Each agent uses a neural network to output a set
of coefficients C(s) for its current state. These coefficients
define a function over the action space, enabling the agent
to compute Q-values as:

Q¢(s,a) = C(S)be(a), an

where ®(a) is a vector representation of action a, based on
a predefined basis function (e.g., polynomial). The number
of coefficients k£ depends on the order O of the basis and
the action dimension D, computed as (D go)
For example, with a second-order polynomial basis and
a 2D action space a = [aj, as], the coefficient and action
feature vectors are:
C(s) = [co c1 Cy €3 ¢4 C5]T

Pla)=[1 ar af ax a3

T
a1a2} )
yielding the Q-value:

Qs(s,a) = co + cra1 + c20? + c3as + c4a3 + csaraz. (12)
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Fig. 1: CoQF framework illustrated across three components: (a) agents generate episodes by interacting with the environment using
Q-functionals, (b) model training involves computing temporal-difference errors and updating the prediction networks via backpropagation
(red arrows), and (c) target networks for both the learners and the mixer are incrementally updated (blue arrows) to stabilize learning.

Thanks to this functional representation, agents can ef-
ficiently evaluate many actions in parallel via matrix mul-
tiplication and select the one with the highest Q-value.
During training, agents explore using either Gaussian noise
added to the chosen action or e-greedy sampling, where a
random action is taken with probability €. These strategies
are disabled during evaluation.

After taking actions, agents receive individual rewards
and next states from the environment. Each agent stores its
transition tuple (s’,a’, %, s'') in its own replay buffer B'.
(ii) Training
Training begins by sampling mini-batches of transitions from
each agent’s replay buffer, B?. Each agent computes its
current Q-values using its Q-functional, and a central mixer
network aggregates these into a global value, Q% while
target version of the mixer, operating on next-state Q-values,
produces the target value, Qtf"‘al_ These are used to compute
the temporal difference (TD) loss:

b~B

em= Y [(

s,a,r,s’

Atotal

f ’]

(Saa;w) —y(’l', S/)) ) (13)
where the bold symbols are vectors denoting the set of
corresponding values for all agents, and the TD target,
y(r,s’), is defined as:
N
y(r,s') = Z rt+ ’yr]r;z}x(@}"ml(s'7 a';w)|au), (14)
i=1
with the next joint actions a’ sampled from a uniform
distribution, . The mixing function, Q%% can take the
form of VDN, QMIX, or other value factorization structures.
Training minimizes the TD error and encourages agents to
coordinate actions that maximize total reward, while preserv-
ing decentralized execution using their own Q-functionals.

(iii) Target Updates
To improve stability in continuous domains, CoQF uses
soft target updates method rather than hard copies, as it

has been shown to be more effective in continuous action
settings [5]. After each step, the target network parameters
w™ are updated incrementally:

w- =Tw+ (1 —71)w” (15)
where 7 < 1 (e.g., 0.005). This gradual update reduces train-
ing variance and leads to smoother convergence compared
to periodically copying the prediction network, as done in

DQN-style methods.

IV. EXPERIMENTS
A. Environments

We evaluate the performance of CoQF across a diverse set
of multi-agent continuous tasks in two well-established envi-
ronments: the Multi-Agent Particle Environment (MPE) [23]
and the Multi-Walker Environment (MWE) [24].

B. Multi-Agent Particle Environment (MPE)

We build on OpenAI’s MPE framework [3] and design two
cooperative scenarios—Landmark Capturing and Predator-
Prey—each instantiated in two configurations. Agents oper-
ate in a bounded 2D plane and select actions corresponding
to horizontal and vertical movement within [—1, 1].

Landmark Capturing: In this task, /N agents must coordi-
nate to cover N landmarks, where the goal is to maximize
overall landmark coverage through cooperation. The reward
for an agent is determined by its proximity to the nearest
landmark, defined as e~4*/¢ if within a threshold du, and by
the total distance to all landmarks otherwise. Agents learn to
divide coverage responsibilities, effectively deciding which
agent should capture which landmark. Each agent observes
its own velocity and the relative positions of all landmarks.
We evaluate two settings: 2 agents and 2 landmarks (2A2L,
Fig 2(a)), and 5 agents with 5 landmarks (SAS5L, Fig 2(b)).

Predator-Prey: We adapt the classic simple tag scenario into
a predator-prey setup where three slower agents (predators)
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Fig. 2: MPE scenarios used for evaluation: (a) 2A2L, (b) 5A5L,
(c) S-PP and (d) IC-PP.

attempt to capture a faster, heuristic-driven prey. Two large
landmarks serve as obstacles. Agents receive observations
that include their own position and velocity, the relative
position of landmarks and other agents, as well as the
prey’s position and velocity. We implement two versions to
study varying levels of cooperative pressure: (i) Standard
Predator-Prey (S-PP) rewards predators with 10 points if at
least two of them make contact with the prey. Otherwise,
a penalty based on the Euclidean distance to the prey is
applied. While encouraging proximity, this version can lead
to inadvertent cooperation (see Fig 2(c)). (ii) Increased
Cooperation Predator-Prey (IC-PP) adds a field-of-view
constraint, requiring predators to coordinate their approach.
A successful capture requires one agent to touch the prey, but
only those with the prey in view at that moment receive the
reward, encouraging more intentional cooperation (Fig 2(d)).

C. Multi-Walker Environment (MWE)

Originally introduced in [25], the Multi-Walker Environ-
ment is a continuous control benchmark where agents jointly
transport an object by maintaining balance and locomotion.
In the default version, each walker is an agent controlling
both legs. We extend this environment by splitting each
walker into two agents, each controlling a single leg, thereby
amplifying the coordination challenge. This modification
transforms the task into a hybrid of locomotion and high-
level collaboration: agents must synchronize not only within

(@) (b)

Fig. 3: MWE tasks used for evaluation: (a) 2A1W, and (b) 4A2W.

a walker but also between multiple walkers carrying the same
object. While structurally similar to MaMuJoCo’s Walker2D
setup [26], our version demands inter-agent cooperation to
keep the package stable and progressing forward.

Each leg-agent controls two torque values in [—1,1].
Observations are composed of both local features (ground
contact, hip/knee angles, joint velocities) and global features
(walker hull angle, angular velocity, package orientation,
and velocity in x and y). Agents receive +5 for forward
movement and incur a —100 penalty upon falling. Episodes
terminate if any walker or the package collapses, if the
package exits the terrain, or if a step limit is reached. We
evaluate two settings: a single walker split into two agents
(2A1W) and two walkers split into four agents (4A2W).

D. Models and Hyperparameters

Each agent in CoQF learns a Q-functional using a Multi-
Layer Perceptron (MLP), which maps state inputs to a set
of coefficients. The number of coefficients is determined by
the combinatorial expression (OBD ), where D is the action
space dimensionality and O is the order of the selected
basis function. After conducting a systematic hyperparam-
eter search—including various basis types (e.g., Polynomial,
Fourier, Legendre) and functional orders (1 through 4)—
we identified a second-order polynomial basis as the most
effective and used it in all experiments.

For baselines, we used the official implementations of
MADDPG' and FACMAC?, selecting optimal hyperparame-
ters based on performance across two random seeds, follow-
ing the same tuning protocol as CoQF.

Our results are visualized in Figures 4, 5, and 6, where
solid lines denote the mean test rewards of agents, and
shaded regions indicate the 95% confidence intervals com-
puted over multiple runs. Agents are evaluated using greedy
action selection, with assessments conducted at task-specific
intervals over a fixed number of test episodes. Evaluation
schedules are as follows: (i) 2A2L and 5A5L, every 0.2k
training episodes over 10 test episodes; (ii) S-PP, every 2.4k
training episodes over 10 test episodes; (iii) IC-PP, every
0.8k training episodes over 10 test episodes; (iv) 2A1W, every
40k training steps over 100 test episodes; (v) 4A2W, every
60k training steps over 100 test episodes. In addition to
these learning curves, comprehensive numerical comparisons
are presented in Tables I, II, and III, which report average
performance metrics over 10000 post-training test episodes.

E. Experimental Results

We evaluate CoQF on six cooperative continuous control
tasks, comparing its performance to two of its ablations, Ind-
QF and Ctr-QF, as well as four baselines: Ind-DDPG, Ctr-
DDPG, MADDPG, and FACMAC, a state-of-the-art policy-
based method designed for improved sample efficiency. To
account for reward structure variations, we evaluate both
a team-reward (MADDPG-Team) and an individual-reward
(MADDPG-Ind) version of MADDPG.

'https://github.com/openai/maddpg
2https://github.com/oxwhirl/facmac
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TABLE I: Average performance metrics with 95% confidence intervals on MPE scenarios after training is completed.

Methods 2-Agent 2-Landmarks 5-Agents 5-Landmarks Increased Cooperation Predator-Prey
Team Reward Success Rate | Team Reward Success Rate | Team Reward Total #captures 3-Agent #captures

Ctr-QF 32.64 £ 426 0.09 £ 0.01 6.22 £ 0.54 0.00 £ 0.00 65.27 £ 1.60 480 £ 0.11 0.37 £ 0.03
Ctr-DDPG 25.86 + 4.98 0.00 £ 0.00 5.89 £ 0.32 0.00 £ 0.00 72.77 £ 535 430 £ 0.11 1.04 + 0.21
Ind-QF 7498 £+ 2.13 0.69 + 0.07 207.67 &+ 4.09 094 £+ 0.02 97.61 + 1.13 491 £ 0.06 2.03 £ 0.12
Ind-DDPG 77.38 + 0.29 0.83 £ 0.01 169.55 £+ 5.93 0.13 £ 0.11 86.43 £+ 0.30 4.19 £ 0.02 1.91 + 0.04
CoQF 80.46 + 0.57 0.88 = 0.03 | 210.69 + 3.02  0.98 & 0.01 104.02 £+ 0.96 4.65 £ 0.05 2.71 + 0.04
MADDPG-Ind 75.05 + 3.08 0.82 + 0.08 176.28 £ 5.09  0.16 £ 0.09 81.92 £+ 0.86 3.78 + 0.05 2.11 £ 0.03
MADDPG-Team  73.90 £ 3.17 0.82 £ 0.08 166.25 + 6.64  0.02 £ 0.05 78.87 £ 0.79 3.75 £ 0.70 1.93 £ 0.01
FACMAC 71.30 + 145 0.70 £ 0.07 191.26 + 2.14  0.32 £ 0.09 | 106.85 + 0.29 4.94 £ 0.02 2.62 + 0.05

1) Landmark Capturing (MPE): We begin with the Land-
mark Capturing task in the MPE, as this environment was
originally used to evaluate MADDPG, offering a natural
point of comparison. Results for the 2A2L and 5AS5L sce-
narios are shown in Fig. 4(a) and (b). In both settings,
centralized models (Ctr-QF and Ctr-DDPG) struggle to learn
effective policies. This performance drop can be attributed to
(i) the high-dimensional joint observation space and (ii) the
limited sensory input provided to each agent—agents observe
their velocity and relative landmark positions but lack global
context, making coordination difficult.

Although Ctr-QF and Ctr-DDPG perform slightly better in
the simpler 2A2L setup, they are significantly outperformed
by other methods, particularly in the more complex 5SASL
scenario. Meanwhile, FACMAC, both MADDPG variants,
and independent learners (Ind-DDPG and Ind-QF) show
slower learning and lower final performance than CoQF
across both tasks. While most methods reach optimal perfor-
mance in 2A2L (where each landmark is captured), their per-
formance diverges in 5SASL: policy-based methods converge
to suboptimal behaviors due to sample inefficiency, whereas
value-based methods, especially CoQF, continue improving.

While Ind-QF outperforms policy-based methods (in
5ASL) it suffers from instability due to non-stationarity, as
seen in the performance dip around episode 2000. In contrast,
CoQF leverages centralized training and mixing to achieve
faster and more stable convergence, yielding the highest
average return and success rate across both tasks (Table I).

2) Predator-Prey (MPE): Next, we evaluate performance
in the IC-PP task, where agents must not only capture a
prey but also observe it during capture, promoting intentional
cooperation. Table I shows that although Ind-QF records
more successful captures, CoQF achieves higher average

= Ctr-QF
s Ctr-DDPG

Ind-QF
Ind-DDPG

=== MADDPG-Ind m—— FACMAC
=== MADDPG-Team  wmssm CoQF

Average Team Reward
8
Average Team Reward

~
S
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4000 6000 4000 6000
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8000 10000 0
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Fig. 4: Results of the landmark capturing scenarios: (a) 2A2L, and
(b) 5SASL (details in Section IV-E.1).

team rewards, suggesting it better aligns individual actions to
maximize joint returns. As seen in Fig. 5(a), both MADDPG
variants converge faster but settle into local optima that
fail to encourage cooperative trapping. In contrast, value-
based methods, especially CoQF, are better able to coordinate
multi-agent behavior for higher team utility. FACMAC and
CoQF perform similarly in this task, as confirmed by be-
havior trajectories showing nearly identical group strategies
with minor execution differences.

3) Multi-Walker (MWE): We also test the models with
locomotion-based scenarios: 2A1W and 4A2W in the Multi-
Walker Environment. Agents here must learn to stabilize
and transport a package across terrain—requiring complex
coordination and continuous control. Animations of trained
agent reveals a range of emergent strategies, including: (i)
flinging the package forward without regard for balance, (ii)
standing in place while holding the package, (iii) learning to
take small, balanced steps, (iv) and, successfully transporting
the package to the end of the terrain.

Only behavior (iv) represents a fully optimal solution. Al-
though methods like FACMAC and Ind-QF initially demon-
strate performance comparable to CoQF, as shown in Fig. 6,
deeper analysis reveals their limitations in maintaining stable
behavior over time. As shown in Table II, both algorithms
exhibit significant drops in average reward and consistency
during extended evaluation, indicating challenges in gener-
alizing beyond their training trajectories. Ctr-DDPG, inter-
estingly, achieves high balance rates in 4A2W but rarely
completes the task within the episode limit, converging to
behavior (ii) or (iii). By contrast, CoQF consistently produces
stable, forward-moving policies, leading to better outcomes
in both average reward and success rate. These results
further highlight the benefit of efficient action evaluation and
coordination in continuous domains. While extended training
or increased episode lengths might allow other algorithms
to catch up, our results confirm CoQF’s superior sample
efficiency and robustness across tasks.

TABLE II: Average performance metrics with 95% confidence
intervals on MWE tasks after training is completed.

Methods 2-Agents (1-Walker) 4-Agents (2-Walkers)
Team Reward Balance Rate | Team Reward Balance Rate
Ctr-QF 50.76 £ 13.09 0.72 £ 0.07 -59.51 £8.15 0.46 £ 0.03
Ctr-DDPG -0.26 £ 20.10 0.60 + 0.16 4323 £ 1422 1.00 + 0.00
Ind-QF 78.18 £ 2.43 0.85 + 0.02 30.66 + 22.62 0.73 £ 0.09
Ind-DDPG <727 £+ 1241 0.39 £ 0.08 30.26 + 6.83 0.79 £+ 0.03
CoQF 94.61 + 1.89 0.95 £ 0.02 91.31 + 5.80 0.96 + 0.02
MADDPG-Ind -54.57 £ 18.05 0.20 £ 0.09 -69.84 + 13.37 0.13 £+ 0.09
MADDPG-Team  -20.78 + 18.71 0.34 £ 0.12 10.03 + 13.35 0.80 £ 0.08
FACMAC 67.10 £+ 17.53 0.90 + 0.10 62.70 + 33.99 0.87 £ 0.11
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Fig. 5: Results of the predator-prey scenarios: (a) IC-PP and (b) S-
PP. In IC-PP, CoQF and FACMAC show comparable performance,
as also reflected in Table I and discussed in Section IV-E.2. In S-PP,
where cooperation is largely inadvertent, CoQF is outperformed by
Ind-QF and FACMAC, as explained in the limitation Section I'V-F.

F. Limitation

To assess CoQF’s performance in settings where coor-
dination may arise incidentally rather than by design, we
evaluate it in the S-PP scenario. In such inadvertent co-
operation settings, agents pursue independent objectives but
their behaviors can appear coordinated—often due to shared
environment constraints or overlapping goals. This effect is
observed when the same policy, trained independently for a
single predator, is deployed across multiple agents. Despite
no explicit coordination, these agents may still converge on
strategies resulting in prey capture. As shown in Fig. 5(b),
Ind-QF performs strongly in S-PP, outperforming most base-
lines except FACMAC. However, the observed success stems
from incentive alignment rather than genuine coordination.

This is further highlighted in Table III, which reports
the number of three-agent captures—instances where all
predators collaborate to surround the prey. Both Ind-QF and
FACMAC exhibit low rates of such events, indicating that
their strategies do not reflect intentional planning or joint
action. To better evaluate models in scenarios that demand
explicit cooperation, we turn to the IC-PP variant, where
rewards are structured to require agents to synchronize their
behaviors for team-level success.

e Ctr-QF Ind-QF
=== Ctr-DDPG
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Ind-DDPG === MADDPG-Team wwss= CoQF

Average Team Reward
Average Team Reward
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Fig. 6: Learning curves of the MWE scenarios: (a) 2A1W, and (b)
4A2W (see Section IV-E.3 for details), showing how each algorithm
progresses over time. The overlapping trends, caused by the small
number of test episodes (due to long episode durations), make early
differences difficult to observe. However, as illustrated in Table II—
based on extensive evaluation after training—CoQF demonstrates
clear performance advantages.

V. DISCUSSION

This work introduces a value-based framework for multi-
agent reinforcement learning in continuous action spaces.
While existing methods like MADDPG and MAPPO extend
single-agent policy gradient techniques to the multi-agent
setting, our approach—built on Q-functionals—demonstrates
the viability and advantages of value-based learning in
these more complex environments. Across benchmark tasks,
including landmark capture (2A2L, SASL), cooperative
predator-prey (IC-PP), and multi-agent locomotion (2A1W,
4A2W), CoQF consistently outperforms both value-based
baselines and policy-based methods, including FACMAC.

In the landmark capturing tasks, optimal behavior re-
quires agents to distribute themselves across distinct targets.
While CoQF and Ind-QF converge to such optimal strate-
gies, particularly in the more complex 5SASL setting, other
methods (e.g., Ind-DDPG, MADDPG, FACMAC) tend to
collapse into suboptimal behaviors where multiple agents
pursue the same landmark, reducing success rates (Table I).
These patterns were confirmed via success rate metrics and
visualizations of trained agents. In the IC-PP scenario, CoQF
and FACMAC were the only methods to learn intentional
coordination strategies, delaying prey capture until team-
mates could observe the event and share the reward. In
contrast, Ind-QF maximized capture count without regard for
cooperation, and MADDPG exhibited delayed responses that
reduced overall efficiency.

In the multi-walker environment, CoQF outperformed all
baselines in both task success and stability. Agents learned
to maintain balance and coordinate locomotion over long
horizons, reliably delivering the package to the endpoint
(Table II). Animated evaluations revealed that CoQF agents
executed smoother and more successful transport strate-
gies compared to others, which often dropped the package
or failed to make meaningful progress. Although learning
curves as in Fig. 6 may suggest similar trends across meth-
ods, deeper evaluation reveals clear differences. As shown in
Table II, performance gaps become apparent under long test
horizons, where CoQF consistently achieves higher rewards
and balance rates. The limited number of test episodes shown
in figures (due to long episode lengths and environment
stochasticity) emphasizes the importance of post-training
summary statistics. In this light, the 10000-episode averages
reported in the table offer a more reliable basis for compar-
ison.

A natural question arises about the role of explicit explo-

TABLE III: Average performance metrics with 95% confi-
dence intervals on the S-PP task after training completion.

Methods Standard Predator-Prey
Team Reward Total #captures 3-Agent #captures

Ctr-QF 27.44 £ 0.66 1.82 £0.03 0.00 £ 0.00
Ctr-DDPG 20.13 £ 1.06 1.51 £ 0.05 0.00 £+ 0.00
Ind-QF 47.85 + 0.47 2.73 + 0.02 0.10 £ 0.00
Ind-DDPG 36.69 + 0.48 222 £ 0.03 0.07 £+ 0.00
CoQF 33.97 £ 0.58 2.02 £ 0.03 0.07 £+ 0.00
MADDPG-Ind 34.11 £ 0.11 2.05 £+ 0.00 0.06 £+ 0.00
MADDPG-Team  38.13 4 0.28 2.25 £ 0.01 0.07 £+ 0.00
FACMAC 46.72 + 1.62 2.67 £+ 0.07 0.15 + 0.02
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ration in CoQF. Since the method already samples multiple
actions per state and supports decentralized execution, one
might expect sufficient exploration from structure alone.
However, our experiments show that additional exploration
strategies, such as Gaussian or e-greedy noise, can accelerate
learning, particularly in more complex settings. We evaluated
several exploration methods and selected the one yielding the
fastest and most stable convergence for each task.

Finally, we emphasize that the mixing function in CoQF
can take various forms. While we adopt a simple additive
structure in this paper, the framework supports more ex-
pressive options, including monotonic or constrained mixers
such as those in QMIX, QTRAN, or weighted QMIX.
Although more complex mixing may be necessary for high-
dimensional or competitive domains, we found additive
mixing was sufficient for the cooperative tasks explored here.

VI. CONCLUSION AND FUTURE WORK

We introduce CoQF, a value-based algorithm developed to
address the limitations of policy-gradient methods in coop-
erative multi-agent reinforcement learning with continuous
actions. By representing agent states through basis functions
and combining their action-values via a mixing architec-
ture, CoQF enables efficient and coordinated policy learning
across diverse multi-agent tasks. Empirical results highlight
two key advantages: (i) CoQF consistently achieves optimal
performance where policy-based methods—including FAC-
MAC, a state-of-the-art variant—often converge to subopti-
mal behaviors, and (ii) in scenarios where multiple meth-
ods reach optimality, CoQF converges significantly faster,
demonstrating superior sample efficiency and scalability.

While CoQF already demonstrates more stable conver-
gence than existing methods, occasional fluctuations suggest
room for improvement. Incorporating techniques such as
target policy smoothing [27] and exploring more expressive
mixing functions may enhance performance, particularly in
high-dimensional or non-stationary environments. Addition-
ally, although CoQF is designed for cooperative multi-agent
learning, it may be extended to partially competitive settings.
For instance, in scenarios like predator-prey, separate CoQF
policies could be trained for opposing teams to enable
adversarial interactions. While not explored in this study, it
is hypothesized that CoQF can support such dynamics when
competition is framed within a broader cooperative context,
offering a compelling direction for future research.
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