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ABSTRACT

Learning to coordinate many agents in partially observable and
highly dynamic environments requires both informative repre-
sentations and data-efficient training. To address this challenge,
we present a novel model-based multi-agent reinforcement learn-
ing framework that unifies joint state-action representation learn-
ing with imaginative roll-outs. We design a world model trained
with variational auto-encoders and augment the model using the
state-action learned embedding (SALE). SALE is injected into both
the imagination module that forecasts plausible future roll-outs
and the joint agent network whose individual action values are
combined through a mixing network to estimate the joint action-
value function. By coupling imagined trajectories with SALE-based
action values, the agents acquire a richer understanding of how
their choices influence collective outcomes, leading to improved
long-term planning and optimization under limited real-environment
interactions. Empirical studies on well-established multi-agent bench-
marks, including StarCraft IT Micro-Management, Multi-Agent Mu-
JoCo, and Level-Based Foraging challenges, demonstrate consistent
gains of our method over baseline algorithms and highlight the
effectiveness of joint state-action learned embeddings within a
multi-agent model-based paradigm.
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1 INTRODUCTION

Reinforcement learning (RL) has been established as a fundamental
approach for sequential decision-making in complex and uncertain
environments. In particular, multi-agent reinforcement learning
(MARL) extends RL to scenarios where multiple autonomous agents
interact with each other in a shared environment, often requiring
collaboration to accomplish a global objective [78, 81]. Due to par-
tial observability, scalability, and non-stationarity issues posed by
multi-agent systems [18, 76], model-free MARL algorithms may
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struggle to achieve sample efficiency and generalization ability
[29, 39, 54, 66]. One promising solution to sample inefficiency in
single-agent RL is feature learning [16, 17]. [16] proposes state-
action learned embeddings (SALE), learning a predictive embed-
ding space that captures how actions causally affect the states.
SALE jointly constructs state and action representations, effectively
learning the transition dynamics in a compact latent space. This
allows for more structured representations and opens the door
to imagination-based planning. As an alternative solution, model-
based reinforcement learning (MBRL) has also demonstrated sam-
ple efficiency in solving complex single-agent tasks [23-25, 31, 74],
since it requires a much smaller number of samples for training
compared to model-free RL [40].

In this paper, we leverage joint state-action representation learn-
ing in model-based RL to address the sample complexity problem in
multi-agent systems. More specifically, we incorporate SALE into a
world model that learns the dynamics of the real environment and
generates informative latent space roll-outs. We then present Multi-
Agent Model-Based Framework with Joint State-Action Learned
Embeddings (MMSA), a novel MARL framework in which the world
model works as an imagination module. The predictions of the
world model are learned by variational auto-encoders (VAEs). In
this framework, we also propose applying SALE to the joint pol-
icy network and the joint agent network representing all agents
in the environment. Aggregating the world model roll-outs with
the global state and the individual action values from the agent
network, we pass them into a mixing network [53] that employs
value factorization for approximating joint action-value functions.
Our framework benefits from SALE because it can capture the un-
derlying dynamics between states and actions. It efficiently extracts
meaningful features from the latent dynamics, leading to more
effective and stable model learning. Moreover, our method uses
the mixing network following the paradigm of centralized train-
ing with decentralized execution (CTDE) [34], ensuring efficient
coordination among multiple agents in complex systems [53].

The key contributions of our paper are summarized as follows:

« Dynamics model for sample efficiency. We fuse two effec-
tive methods for reducing sample complexity, namely model-based
RL and representation learning, by constructing a world model
equipped with SALE. Reinforced by joint state-action learned fea-
tures, the model can supply agents with structured and informative
latent representations that markedly improve sample efficiency.

+ Unified MARL framework with imagination-based value
decomposition. SALE was initially proposed to improve TD7
[16], and the mixing network was originally part of QMIX [54], but
both TD7 and QMIX are model-free RL algorithms. In contrast, we
propose MMSA, a model-based framework that uses a world model
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Figure 1: Architecture of the SALE-augmented policy and
agent networks in MMSA. Top: the policy network in which
the state s; is encoded and passed into 7; to produce the action.
Bottom: the agent network, which encodes the observation
and action for computing Q; (29, z2%, $%%).

to augment the mixing network with simulated trajectories. Each
individual agent in the joint agent network is also enhanced with
SALE. This means the individual action-value function considers the
learned representations from SALE in addition to the local action-
observation history. The mixing network aggregates individual
action values into a global estimate, preserving the CTDE paradigm.
« Comprehensive benchmarking and ablation studies. We
evaluate MMSA on three widely used test beds: Multi-Agent Mu-
JoCo [50], StarCraft I MARL benchmark [12, 56], and Level-Based
Foraging [7]. Across a rich variety of environments, we have con-
stantly observed the performance of MMSA matching or exceeding
the competitive baselines. Moreover, we conduct in-depth design
studies to explore the optimal design choices and present system-
atic ablations to demonstrate that every architectural ingredient
contributes meaningfully to the overall performance gains.

2 RELATED WORK

Model-Based Reinforcement Learning (MBRL). MBRL represents a
significant paradigm in RL, distinguished by its utilization of an
explicit model of the environment [10, 40, 63]. The environment
model refers to the abstraction of the environment dynamics, which
can be formulated as a Markov decision process (MDP) [60, 64]. The
model can function as a simulation module that helps to choose
the correct actions from imagination [25, 74]. Unlike model-free
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approaches, which rely solely on direct interactions with the envi-
ronment, MBRL predicts future transitions and rewards, enhancing
learning efficiency and decision-making [8, 19, 31, 71, 75]. Built on
the foundation of MBRL, the world model [21, 22] assists the agents
with accurate knowledge representations and effective behavior
learning. This line of work evolves into recurrent state-space mod-
els (RSSM) [25] and the Dreamer family [23, 24, 26, 27], highlighting
the power of coupling representation learning, predictive modeling,
and policy optimization within a single algorithmic framework.
Recent efforts tackle limitations of MBRL frameworks and explore
hybrid designs [6, 41, 58, 59]. [47] separates controllable factors
from uncontrollable ones in visual control tasks. [51] combines a
model-free policy path with a rollout encoder that takes simulated
trajectories from a model-based path and employs a policy module
to determine the imagination-augmented policy.

Multi-Agent Reinforcement Learning (MARL). MARL studies how
multiple learners interact in a shared environment, where the agents
are confronted with non-stationary dynamics, partial observability,
and combinatorial complexities [5, 9, 18, 76, 81]. Analogous to
the single-agent domain, two principal MARL algorithmic classes
have emerged: value-based methods, which compute value function
estimates of the agents [38, 45, 70], and policy gradient methods,
which update the learning parameters along the direction of the
gradient of specific metrics with respect to the policy parameter
[7, 15, 29, 39, 50, 64, 78, 80]. Value-based MARL methods range
from complete decentralization [66, 67] to full centralization [2, 20].
Recent studies focused on MARL algorithms that lie between the
two extremes of centralization [52, 53, 61], according to the CTDE
paradigm [34]. Value decomposition network (VDN) [62] constructs
a factorizable joint value function Q,,, of the learning agents. QMIX
[54] replaces the full factorization in VDN with the enforcement of
monotonicity between Qy,; and individual Qi, which enables it to
represent a larger class of Q-functions than VDN.

Model-based MARL (or equivalently, multi-agent MBRL) is an
emerging discipline with huge potential in real-world applications
[11, 40, 57, 72, 76]. Early development of multi-agent MBRL has
mainly focused on theoretical analyses [3, 4], and existing algo-
rithms may rely heavily on specific prior knowledge, such as global
states and opponent policies [1, 48, 78]. [42] devises model-based de-
centralized policy optimization, reducing reliance on global commu-
nication while maintaining performance. [42] focuses on large-scale
network control problems that involve traffic networks, whereas our
application lies in the areas of multi-agent gaming and robotic con-
trol. [49] proposes M3-UCRL, integrating mean-field game theory
with model-based exploration to obtain sub-linear regret bounds.
[77] conducts a rigorous theoretical analysis on model-based MARL
but only focuses on zero-sum Markov games. [78] introduces a
framework to improve the efficiency of multi-agent policy opti-
mization in competitive settings. However, the framework requires
prior knowledge about opponents and therefore risks sizeable gen-
eralization errors when the assumptions break.

Representation Learning. Early studies framed representation learn-
ing as state abstraction, where bisimulation metrics or MDP ho-
momorphisms are used to collapse an MDP into a smaller decision
process [8, 13, 35]. For high-dimensional spaces, representation
learning embeds observation data, such as images, into compact
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Figure 2: Illustration of the world model imagination in MMSA. The input h; encapsulates the past information, including $,_;
and a;_;. The agent networks receive h; and infer ;. Taking the normalized joint state-action learned embeddings (z;?, z}, ¢;*)
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as input, VAE-1 reconstructs z’;",

latent vectors for control [14, 37, 43, 73]. Another mainstream inter-
pretation is feature learning through auxiliary signals, which shape
latent spaces towards the aspects of the environment most relevant
for decision-making [30, 55, 65]. As a newly developed representa-
tion learning method built on OFENet [46], SALE [16] demonstrates
the importance of learning low-level state-action representations
in understanding the complexity of dynamical systems.

3 BACKGROUND

Dec-POMDP. The decentralized partially observable Markov deci-
sion process (Dec-POMDP) is appropriate for modeling collabora-
tive agents in partially observable scenarios [44]. A Dec-POMDP
is defined by a tuple M := (S, AN, T, Q, O, R, y), where S is the
state space of all agents, A is the joint action space of all agents,
N :={1,..., N} represents the set of N agents, T is the state tran-
sition function, Q represents the observation space, O is the ob-
servation function, R is the reward function, and y € [0, 1] rep-
resents the discount factor with respect to time. At time step ¢,
each agent i € N chooses an action a’ from its own action space
A’ to form the joint action a € A, where a := (a!,...,a") and
A = Xiey AL Then the environment moves from s to s’ based
on T(s'|s,a) : Sx A xS — [0,1]. Every agent i draws an ob-
servation o € Q according to O(s,i) : S X N — Q because
of partial observability. i has its own action-observation history,
denoted by 7! € T := (Q x A')*, and selects a’ by its policy
7l (a'|r’) : TFx A’ — [0,1]. The learning goal is to maximize the
expected return by optimizing the joint policy 7 := (x%, ..., zN).
The joint action-value function of r is written as
Q”(st, at) = Estﬂm,atﬂm [Gt |5t, at],

where G, = X7, yerk is the discounted return; r;,x is the

reward computed by R for all agents at time step ¢ + k.

4 METHOD

We propose a multi-agent MBRL approach named Multi-Agent
Model-Based Framework with Joint State-Action Learned Embed-
dings (MMSA). Our method couples a world model augmented by
state-action representation learning and a value decomposition
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z/f, and d)’fa. The outputs are passed into VAE-2 to infer h'; ;.

framework under the CTDE paradigm. We begin by formalizing the
amortized variational inference problem in Dec-POMDPs, deriving
the corresponding evidence lower bound (ELBO), and analyzing
the optimization process for the ELBO. In the following subsection,
we introduce two key components for MMSA: a policy network
that maps state embeddings to actions and an agent value network
that evaluates local action-value functions before they are com-
bined by a monotonic mixing network. We then elaborate on the
world model, which employs SALE encoders to generate roll-outs
in latent space, providing synthetic experience without additional
environment interaction. The details of the full MMSA workflow
are presented next, showing how these modules interact under the
CTDE paradigm. The section concludes with the unified learning
objective, which involves loss functions for KL regularization, VAE
reconstruction, temporal-difference (TD), and SALE prediction.

4.1 Deriving and Optimizing the Variational
Lower Bound

To model the dynamics of multi-agent systems and perform model
learning, we need to analyze how the evidence lower bound (ELBO)
for the latent state inference in the world model can be deduced
and optimized when the system is modeled as a Dec-POMDP. We
first denote §; as an abstraction of the agents’ local observations
o;, which implies o; ~ p(o;[$;) by definition. Inspired by [28],
we introduce two approximators gg(-) and g, (-). The function
qr(+) approximates the optimal policy, and gy (-) is the inference
function for the latent state space, where 6 represents the learnable
parameters. When gy (-) is fixed, ¢ (-) can be trained using vanilla
Q-learning. When g, (+) is fixed as the optimal policy, go(-) can be
learned. Consider the joint observation o € O and joint action a €
A. We can define the approximate posterior as qg(5¢|$:-1, ar—1, 0¢)
at time step ¢ € [0, T]. This function is used to infer the latent states.
We can then derive the ELBO of Dec-POMDP as follows.

Lriso(ap.1,01.7) = log p(ap.r,01.7)
P(§1:T, a0:T» ol:T)

=logE <
& g6 ($1.7lag.T, 01.7)

q6 (31:7120.7,01.7)
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Figure 3: An overview of the MMSA method that illustrates how our model-based MARL framework weaves together (1) a
learned world model with state-action learned embeddings, (2) decentralized agent value networks equipped with SALE, and (3)
a QMIX-style mixing network under the CTDE paradigm. The learning process of the world model is shown in Figure 2.

T
~ > {log [p(arlor)] + log [p(os5)] -
t=1

1

We derive Lp1po with respect to the joint action and joint ob-
servation to solve the amortized variational inference problem in
MARL. In contrast, [28] only studies the POMDP in single-agent
domains.

The term log [p(a;|o,)] in Eq.1 represents the joint policy, which
is irrelevant to the state inference problem. The last term of Lg1po
denotes the negative Kullback-Leibler (KL) divergence, which im-
plies that the KL distance between the posterior and prior ap-
proximates should be minimized. Since the actual prior distribu-

tion p(8¢|Sr—1, a;—1) is unknown, we introduce a generative model
prior
Py 4
encoders (VAEs) to learn pgrlor(§,|-) and qg($;|-), which we will
elaborate in the following subsections.

Dxr [qo(3elSe-1,ar-1,04) || p(3¢18:-1,2,-1)]}

(8¢18¢-1,a;-1) to estimate the prior. We use variational auto-

4.2 Policy Network and Agent Network

In Figure 1, we show the policy network (top diagram) and the
agent network (bottom diagram) in the MMSA method. We adapt
the policy and Q-function of SALE [16] to model-based MARL
settings. Originally, SALE consists of two encoders: a state encoder
f and a state-action encoder g, where z* := f(s) is the embedding of
s, and z°? := ¢g(z°, a) is the joint state-action embedding [16]. In our
framework, each agent’s policy network builds on the SALE state
encoder. At time ¢, s; is passed through the encoder that outputs
z; = f;(s¢). To stabilize downstream learning, we apply AvgL1Norm
[16], a normalization function that rescales the input vector and
preserves the relative scale of the embedding throughout learning.
It can be expressed as

z
1 N ’
N Zis1 |Z§,i

assuming that z; ; is the i-th dimension of an N-dimensional vector
z;. In parallel, the state is mapped through a linear layer to produce
¢; = Linear(s;). The normalized SALE embedding and the learned
feature vector are then concatenated and fed into the policy head
i, which outputs each agent’s action distribution al ~ (25, ¢;).

AvgL1Norm(z}) =

118

By decoupling the SALE encoder from the training of the policy,
the network benefits from stable state representations [16].

For Q-function estimation, each agent uses its local observation
o;' and its own action ai at time ¢. First, the SALE state encoder yields
2% = f;(ol), which is normalized via AvgL1Norm. Then, the state-
action encoder computes a joint embedding 2% = g, (z¢", al). In
addition, a direct feature mapping of o} and a! is learned via a linear
layer ¢?¢ = Linear(o!, al) and normalized. Lastly, the Q-function
for agent i is computed by Q; (27, 229, $2¢) given the inputs above.
Because the joint state-action embeddings are provided alongside
conventional representations, the agent network can exploit rich
transition information learned by SALE while maintaining stable
training dynamics.

We use recurrent neural networks (RNNs) to implement the
agent network in practice. We denote the hidden outputs of the
RNN for agent i and for the whole network as Al and h,, respec-
tively. We interpret hi as the past knowledge specific to agent i
and assume that h; collectively encapsulates all the past informa-
tion of the environment. By this assumption, we can reformulate
the approximate posterior qg(-|$;-1,a;-1,0;) as qo(-|h;). h; can be
considered as a function of $;_1,a,_1, and o;. Initially, the posterior
latent state is §, ~ qo($,|5:-1, a;—1, 0;). With the reparameterization,
it can be transformed into §, ~ go($,|h;).

4.3 Integrating World Model and State-Action
Learned Embeddings

Based on the variational inference analysis and the agent network
discussed above, we propose a novel world model that incorporates
joint state-action learned embeddings to grasp the underlying dy-
namics between states and actions. The world model is displayed
in Figure 2. It can be considered as the imagination module in our
MMSA framework. This world model significantly enhances sam-
ple efficiency by generating imagined roll-outs without the need
for interaction with the real environment, thereby saving valuable
resources and time. Additionally, the VAEs that estimate prior and
posterior distributions of the latent states are integrated into the
world model, providing great robustness for probabilistic inference.
Because we use SALE in our model, the prior distribution learned

by the VAE should be written as §; ~ pgrior

(§t|z§31’zf—1’ fil)
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Using Figure 2, we explain how a complete step of simulation
in the world model works. At time step ¢, h; encapsulates all past
information, including the joint action-observation histories 7;, as
mentioned in Section 4.2. This h, is passed into both the posterior
VAE and the joint agent network (also referred to as the agent
networks). The posterior latent state §, ~ gg($,|h;) is inferred.
$; is encoded into a state embedding 25 = f;(5;) and normalized
via AvgL1Norm. On the other hand, the joint agent network is a
collection of all agents in the environment, and it implements the
policy network that yields the joint policy 7 := (', ..., zV) for all
agents. Given hy, the joint agent network outputs the joint action
a; ~ 7(-|ts). a; is passed together with zf into the state-action
encoder to obtain z{ = g,(z},4,). Meanwhile, a lightweight linear
layer also processes §; and a; jointly to produce ¢f“ = Linear(§;, &;).
The embeddings (23, 23, $52) are passed as inputs to VAE-1, whose
decoder predicts the next-step embeddings (2’52, 2’5, ¢"$%). Then,
we set s}+1 = z§ = =z f, and feed the reconstructed representations
(252, 2/, ¢'$%) into VAE-2. Because these representations embody
rich information about the joint state and action at time step ¢,
they are sufficient for VAE-2 to derive h; ;. Now, we have both
the imagined state §;,; and ht 4+ that contains the imagined action-
observation histories 7} ;. Therefore, the one step of imagination
is complete, and we are ready to repeat the procedures at time ¢ + 1.

4.4 MARL Framework with Joint State-Action
Representation Learning

Figure 3 presents an overview on the architecture of MMSA. The
joint agent network is displayed on the top right, where each agent
computes an individual value estimate. Although trained centrally,
each agent’s network uses only its own observation and action at
execution time. The module on the left shows the world model we
described in Section 4.3, with the roll-out horizon set to j € Z. The
roll-out horizon is a tunable hyperparameter. When we perform j
simulated roll-outs in the imagination module, we obtain a series
of latent states {$;, f“,. }, or equivalently, {$;, ..., $r+;}. They

are aggregated to form the roll-out state sR"”"“t By supplying the
aggregated roll-outs to the mixing network, we build a bridge be-
tween world model learning and multi-agent value decomposition.

Combining the world model with the mixing network makes
the model applicable in complex multi-agent systems. The MMSA
framework operates under the condition of Individual-Global-Max
[61]. Receiving outputs of the joint agent network and merging
them monotonically, the mixing network reconciles individual Q-
function estimates with the team objective. It models the joint
action-value function Qyo; (29, 20%, $9*). This function is consistent
with the Q-function under SALE [16], but there is a small difference.
Because each of the individual agents in the joint agent network
only performs decision-making based on local observation, the
individual Q-function should be denoted as Q;(z?, z7%, ¢?¢), Vi €
N. Because MMSA follows the CTDE paradigm, the joint action-
value function can be decomposed into individual Q-functions to
calculate the expected returns. Therefore, Q;,; should also maintain
consistency with the Q;’s and be a function of joint observation
and action, i.e, z7, z?%, and ¢

The mixing network receives three different types of inputs. The
first type consists of individual action-value functions from the

» t+1
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agent networks, the second is the real global state s;, and the last
is Rollout Because sR"H‘)Ut incorporates information about potential
future observations as well as underlying dynamics between states
and actions, it can assist the agents greatly in decision-making.

The overall learning objective consists of four distinct compo-
nents. First, we minimize the KL divergence between the prior and
posterior distributions, ppmr( -) and gp(-). Because pp . Or( -) is a pa-
rameterized surrogate for estimating the true prior, we also need
to minimize its divergence from an isotropic Gaussian py($;) :=
N(0,I). Combining the two KL terms, we obtain:

Lia(0) = D [P (31 1 22216, ) Ipo )]
+ D a0 Glmollpy™ (5 128,250 951 )]

We implement the KL balancing technique in the optimization
of Lx1.(0) because when the learned prior is inaccurate, forcing the
posterior to match it aggressively can lead to poor representations
[26]. KL balancing allows the prior to mature quickly while pre-
venting the posterior from being over-regularized. Let a € [0, 1] be
the learning rate. KL balancing can then be defined as:

Dias |40 P ()] = @i g0 () 11 1957 ()1 | +
(=)D [la0 )l 1 57O

where | - |x denotes the stop-gradient operation.

Second, both the prior and the posterior VAEs are trained to
reconstruct the inputs given. We therefore add a loss function
measuring how well each VAE recovers the original variables. Using
mean-squared error (MSE), the reconstruction loss is written as:

Lrec(0) = MSE(2, 2/, 0) + MSE(z}, 2'5; 0)+
MSE(¢:2, g{)’” 6) + MSE(h;, h}; 6).
Third, we denote the learnable parameters of the value decompo-

sition framework as 1. Analogous to [53], we define the TD target
y'** and TD loss L1p(¢) as follows:

11
Y =+ ymaxy,, Qror (2041, 2051 fays st S0 597,
Lio@) = (4~ Quor(2, 2% 5% 50, 595

where i/~ denotes the parameters of the target network.

Fourth, we adapt the MSE loss between the state-action embed-
ding and the embedding of the next state [16]. It is applied to train
the SALE encoders:

L(f.9) = (9:(£G0).Ar) = i1 Ger)Ix)* = (22

Finally, the overall loss function for MMSA can be written as:

§ 2
- |Z?+1|><) .

Liotal = Lx1.(0) + Lrec(8) + Lo (¥) + L(f, 9).

Through unified optimization of the loss components, MMSA
learns to generate accurate latent-state predictions and improved
policies, ultimately maximizing the cumulative return.
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Figure 4: Performance of MMSA in Multi-Agent MuJoCo (top row) and in Level-Based Foraging (bottom row). The shaded region
captures a 95% confidence interval around the average performance. Top: Comparison of the average episodic return of MMSA
with competing MARL algorithms in Multi-Agent MuJoCo tasks. The return is scaled for clear plotting. Experiments are run
for 7M time steps. Bottom: The mean episodic return of MMSA compared to other MARL methods in Level-Based Foraging,.
Each run lasts 2M time steps. In both MARL benchmarks, MMSA excels the competitors in all of the environments.

5 EMPIRICAL EVALUATION

To evaluate the effectiveness and generalization ability of MMSA,
we benchmark our method on various MARL test beds: Multi-
Agent MuJoCo (MAMuJoCo) [50], Level-Based Foraging (LBF) [7],
and StarCraft Multi-Agent Challenges, including SMAC [56] and
SMACv?2 [12]. MMSA is compared against a broad suite of model-
free MARL algorithms (VDN [62], COMA [15], QMIX [53], SET-
OMIX [36], MASER [32], QMIX-CIA [38], QPLEX-CIA [38], SM-
MAE [79], HPN-QMIX [33], and HPN-VDN [33]) and model-based
MARL methods (MAG [74], MAMBA [11], and MABL [69]). The
competing methods range from the classic value-based methods to
the newest MARL representatives. All experiments are performed
with five different seeds.

We then conduct a rigorous design study on the MMSA frame-
work to identify the design elements that most strongly affect the
performance. Moreover, we carry out ablation experiments to ana-
lyze the impact of different components of MMSA, involving SALE,
world model imagination, KL balancing, and the global state. We
verify that all components are critical to the competence of MMSA.

Multi-Agent MujoCo. To foster the research interest for multi-agent
robotic control, [50] extends the original MuJoCo suite [68] to Multi-
Agent MuJoCo (MAMuJoCo) by decomposing a single robot into
disjoint sub-graphs. Each of them represents an agent and needs to
cooperate to solve continuous control tasks. As Figure 4 shows, four
MAMuJoCo learning tasks with partial observability are completed'.
Across all four MAMuJoCo domains, MMSA markedly outperforms

1 Ant_8x1 is the Ant partitioned into 8 agents, Walker2d_6x1 is the Walker partitioned
into 6 agents, HalfCheetah 6x1 is the Half Cheetah partitioned into 6 agents, and
Hopper 3x1 is the Hopper partitioned into 3 agents. In our settings, each agent is
constrained to observe only the two nearest joints.
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the baselines. Several methods, including QPLEX-CIA and MASER,
perform poorly and even incur negative returns. This indicates
that the robots fail to advance during training. By comparison,
MMSA reliably learns forward-moving behaviors for the robot and
achieves the highest average return in MAMuJoCo. This superior
performance stems from the use of roll-outs generated by the SALE-
augmented world model. By simulating and evaluating future joint
state-action sequences in latent space, MMSA employs coordinated
control strategies that other algorithms, which rely solely on real
trajectories, are unable to develop.

Level-Based Foraging. Level-Based Foraging (LBF) [7] is an MARL
benchmark that blends cooperation and competition. The general
setting of LBF consists of agents and food items. Each of them is
assigned an integer level. The agents must coordinate their efforts
to collect items whose levels exceed that of any single agent. In
our study, we define four distinct LBF environments that vary in
the number of agents, the item count, cooperation requirements,
partial observability, and the world size.

Figure 4 displays that MMSA rapidly rises above competing
algorithms on every scenario, achieving higher average episodic
returns within fewer training episodes. In the task of 10x10-3p-5f-
v2, there are three players with five items to collect, more than
in any other world. The players need to spend more time gaining
rewards. However, MMSA still achieves remarkable progress given
the limited time steps. In contrast, QMIX plateaus at lower returns,
while other methods, such as MASER and SMMAE, often struggle
to coordinate sufficient joint effort and exhibit flatter performance.
The results demonstrate that MMSA’s combination of latent imagi-
nation, joint representations, and monotonic mixing yields more
effective cooperation in the LBF domains.
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Figure 5: Performance of MMSA compared with MARL baselines and ablations in SMACv2. (a) Test win rates of MMSA compared
with top-performing methods in SMACv2. We plot the median test win rates with the 25% — 75% percentiles, as in [33]. Each run
lasts 5M time steps. Although MMSA shows a slow start, it gradually outruns the baselines such as VDN and QMIX. It exhibits
an overall performance matching that of HPN-QMIX, the best-competing method. (b) Ablations for the MMSA architecture.
MMSA is compared against the variants in which the world model, SALE, KL balancing, or global state is removed, respectively
(No-WM, No-SALE, No-KLB, or No-GS). Performance is averaged over all SMACv2 challenges. Each run lasts 3M time steps.
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Figure 6: Comparing the performance of MMSA with model-based MARL algorithms MAG [74], MAMBA [11], and MABL [69]
in StarCraft Multi-Agent Challenges. The error bars represent the 95% confidence intervals around the mean test win rates.

SMAC and SMACVv2. Developed on top of the StarCraft I API, SMAC
(SMACV1) comprises a diverse set of battle scenarios corresponding
to an extensive range of learning tasks [56]. SMAC targets the
problem of micro-management, wherein each agent is responsible
for the fine-grained control of an individual unit and selects actions
independently. We conduct experiments on the SMAC benchmark
to compare the performance of MMSA with MAMBA (Multi-Agent
Model-Based Approach) [11], MABL (Multi-Agent Bi-Level world
model) [69], and MAG (Models as AGents) [74], three model-based
MARL algorithms that were recently proposed. Figure 6 displays
the mean and the 95% confidence interval of the test win rate over
five different seeds for each method in SMAC maps. During the
experiments, the total number of roll-outs in a single run is the same
(2M) for all methods, ensuring that a fair comparison is made. From
the results, we can observe that MMSA achieves the highest win
rates in every SMAC environment. Furthermore, MMSA exhibits
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consistency across independent runs, because it yields very small
confidence intervals in eight of the nine scenarios.

SMACv2 [12] is a stochastic extension of SMAC [56]. Each
episode randomizes the allies’ and enemies’ spawn locations, pos-
ing challenges for the allied units to beat the enemies that approach
from multiple angles simultaneously. The unit compositions are
also randomized, with three unit types per race sampled according
to predefined probabilities. Figure 5a shows that MMSA climbs
more slowly than the baselines, which could be due to the extra
effort required to train the world model with SALE in random-
ized scenarios. However, MMSA gradually approaches and matches
HPN-QMIX across all the SMACv2 maps, surpassing the other
methods. MMSA’s sustained ascent stems from the use of imagined
roll-outs. By refining the latent dynamics model and SALE repre-
sentations, MMSA uncovers more effective coordination strategies
over time.
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Figure 7: We study the design space of the MMSA framework.
In the default setting, the roll-out horizon, learning rate, and
normalizer are set to 3, 1e-3, and AvgL1Norm, respectively.
The mean test return is shown above the bars. Bracketed val-
ues stand for the range of the 95% confidence interval around
the mean. Experiments are conducted on SMACv2 environ-
ments. Each run lasts 3M time steps. The performance is
averaged over the SMACv2 scenarios.

Design Studies. We present detailed studies on three key design
elements of MMSA: roll-out horizon, learning rate, and normaliza-
tion function. Figure 7 implies that our default setting attains the
highest average return, demonstrating both strong performance
and low variance. Reducing the horizon to 1 or 2 steps causes a
drop in performance, which indicates that agents may not be able
to exploit the full strength of the imagination module with shorter
horizons. Increasing the horizon to 10 steps also has a negative
impact on the method. Although long roll-outs enable agents to
anticipate long-term consequences, the model error can compound
over time, leading to unrealistic trajectory predictions as the hori-
zon becomes large. The results suggest that a three-step roll-out
should be applied. For normalization, AvgL1Norm proves critical.
Omitting normalization or using layer normalization still gives a
reasonable return. However, the other normalizers drastically un-
derperform. Lastly, deviating from the default learning rate of 1e-3
yields lower returns. The reason could be that the agents’ learning is
sensitive to step-size, and smaller learning rates can lead to slower
convergence. The default setting proves to be the most effective
and reliable design choice.

Ablation Studies. Moreover, to study the contributions of each archi-
tectural component, we compare the complete MMSA framework
against four ablated variants: without the world model (No-WM),
without using SALE (No-SALE), without KL balancing (No-KLB),
and without global state in the mixing network (No-GS). The re-
sults are displayed in Figure 5b. Firstly, removing the learned world
model caps the win rate around 0.5, which indicates that the world
model’s roll-out predictions are vital for pushing the agents beyond
baseline behaviors. Secondly, omitting the SALE mechanism yields
a lower asymptotic performance than No-WM, which highlights
the importance of modeling the underlying structure of the envi-
ronment and capturing the interactions between states and actions.
Thirdly, the learning curve of No-KLB reveals the significance of KL
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balancing in preventing posterior collapse and maintaining robust
representation learning. Finally, the evident performance drop of
No-GS implies that access to the centralized state during training is
critical for effective coordination in SMACv2 scenarios. By combin-
ing these key components, MMSA achieves the greatest efficiency
in early learning and the highest asymptotic win rate.

Table 1: An overview of the performance of MMSA at the end
of training compared to competing methods across different
MARL benchmarks. For SMAC (SMACv1) and SMACv2, we
use the mean test win rate averaged over the environments,
instead of the median win rate. For MAMuJoCo and LBF,
the episodic returns are averaged over all tasks within the
benchmarks. MMSA leads the group among MAMuJoCo, LBF,
and SMAC. On SMACv2, MMSA ties with HPN-QOMIX and
outperforms the other MARL approaches.

Environments MMSA MASER SMMAE
MAMuJoCo Tasks 36.94 5.94 11.01

Environments QMIX-CIA  QPLEX-CIA  QMIX
MAMuJoCo Tasks 8.71 1.85 28.69

Environments MMSA SMMAE QMIX COMA
LBF Environments  0.80 0.08 0.42 0.11

Environments MMSA MAG MAMBA MABL
SMACv1 Challenges  0.93  0.57 0.63 0.45

Environments MMSA SET-QMIX  HPN-QMIX
SMACv2 Challenges 0.81 0.64 0.81

Environments HPN-VDN QMIX VDN
SMACv2 Challenges 0.78 0.72 0.58

6 CONCLUSION

This paper presents MMSA, a model-based MARL method that fuses
a value factorization framework with joint state-action representa-
tion learning, amortized variational inference, and an imagination
module. MMSA is able to produce faithful latent roll-outs, preserve
well-scaled embeddings, and learn decentralized policies from real
and imagined experience. Experiments on various MARL bench-
marks demonstrate the outstanding performance and generalizabil-
ity of our approach. Design studies justify the design choices for
the MMSA method. Ablation studies confirm the positive impact
and indispensability of different MMSA components?.

A promising avenue for future research is the systematic mitiga-
tion of model error, which is a long-standing problem for model-
based MARL. The discrepancy between imagined roll-outs and
real-world dynamics may accumulate and ultimately misguide co-
operative policies. Extending MMSA with an ensemble of mod-
els could mitigate the impact of the errors, as model ensembles
have proven to be effective in reducing model uncertainties. Al-
ternatively, incorporating uncertainty estimation techniques and
applying regularization schemes could prevent the model from
overfitting and promote generalization to unseen states.

The supplementary material can be found at https://arxiv.org/abs/2602.12520.
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