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Abstract Environmental non-stationarity remains a fundamental challenge in multi-agent reinforcement learning (MARL), hindering

the efficiency of policy learning. Existing approaches primarily mitigate this issue by incorporating historical information into decision-

making. However, widely adopted sequence modeling architectures, such as recurrent neural networks (RNNs) and Transformers, exhibit

inherent limitations: RNNs struggle to capture long-range temporal dependencies, while Transformers, despite their superior encoding

capabilities, suffer from the inflexibility imposed by a fixed-size context window and the quadratic computational complexity of self-

attention. Motivated by the belief that self-supervised feature learning can enhance reinforcement learning (RL) efficiency, we propose

self-predictive Mamba (SPMamba), a novel architecture that integrates Mamba’s superior sequence reasoning capabilities with a self-

supervised auxiliary learning objective to facilitate the optimization of decentralized individual policies. Multiple challenging evaluations

demonstrate that SPMamba is significantly superior to several state-of-the-art baselines.
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1 Introduction

Multi-agent reinforcement learning (MARL) has gained significant attention due to its successes in diverse domains
[1,2], including autonomous driving [3] and robot swarm navigation [4,5]. Compared to traditional control methods
that heavily rely on manual design and task-specific tuning [6–8], MARL demonstrates superior generalization
capabilities in complex multi-agent tasks. One fundamental challenge in MARL lies in the inherent non-stationarity
of the environment, arising from two major factors [9]. First, each agent operates with a limited observation
range, and its perceived environment evolves dynamically as both the global and local states transition. Second,
the continuous adaptation of agents’ policies results in non-stationary observation transition dynamics from the
perspective of individual agents, making it difficult for agents to model the environment. Granting agents access to
the global state could alleviate this issue to some extent, but the associated communication overhead often renders
this approach impractical. Consequently, state-of-the-art (SOTA) MARL methods commonly employ recurrent
neural networks (RNNs) [10–12] as well as Transformers [13,14] to extract spatial-temporal features from historical
observations [15]. Despite their utility, RNNs often struggle to capture complex environmental dynamics due to
their simplistic architectures, and Transformers, despite their stronger encoding capabilities, suffer from quadratic
computational complexity and rigid context window constraints. Thus, environmental non-stationarity remains a
persistent challenge in MARL.

Self-supervised representation learning has recently been introduced in reinforcement learning (RL) to promote
policy learning in both model-free [16, 17] and model-based approaches [18, 19]. However, applying self-supervised
learning to MARL presents unique challenges. Due to environmental non-stationarity, predicting future observations
solely from an agent’s local observations and actions is inherently unreliable. While enabling agents to exchange
observations can mitigate this issue by providing agents with access to global information [20–22], it also introduces
additional communication overhead, leading to increased training and decision-making costs, as well as undermines
the practicality of the resulting algorithms. Inspired by the critical role of historical information in distributed

*Corresponding author (email: gangwang@bit.edu.cn)

http://crossmark.crossref.org/dialog/?doi=10.1007/s11432-025-4850-y&domain=pdf&date_stamp=2026-5-26
https://doi.org/10.1007/s11432-025-4850-y
info.scichina.com
link.springer.com
https://doi.org/10.1007/s11432-025-4850-y
https://doi.org/10.1007/s11432-025-4850-y


Feng Z H, et al. Sci China Inf Sci September 2026, Vol. 69, Iss. 9, 192202:2

multi-agent decision-making, we leverage historical observations for decentralized self-supervised feature learning,
enabling efficient policy learning in multi-agent settings.

In this paper, we propose self-predictive Mamba (SPMamba), a novel architecture that integrates historical
sequence encoding with self-supervised feature learning to enhance distributed multi-agent policy optimization.
SPMamba relies on the Mamba model [23] to efficiently extract spatial-temporal features from agents’ historical
observations. To enforce consistency and predictability, we introduce a multi-layer perceptron variational auto-
encoder (MLP-VAE) which aggregates dense representations from raw observations, along with a transition decoder
that predicts the next encoded observation based on the model’s output. Unlike typical world model learning, the
MLP-VAE is trained jointly with the policy, focusing solely on reward maximization without input reconstruction
or representation learning. Numerical results show that SPMamba significantly outperforms RNN-based policies
on challenging tasks from the StarCraft II multi-agent challenge (SMAC) [24], while also providing substantial
improvements over the direct application of Mamba as the policy network.

2 Related work

Representation encoding in MARL. Early MARL algorithms adopted MLP-based policy and value networks,
which were commonly used in single-agent RL settings [25, 26]. Conversely, when dealing with partially observable
tasks, the necessity of utilizing historical information becomes non-negligible [27]. The most popular recurrent
network structure is gated-recurrent unit (GRU). Counterfactual multi-agent (COMA) policy gradients utilize
GRU in the actor network and multi-layer perceptron (MLP) consisting of multiple layers with ReLU as the critic
network [28]. In QMIX and its various variants, all agents utilize a GRU as the core component [10, 29]. SOTA
policy-based MARL algorithms also widely adopt GRUs as policy and critic networks [12].

Self-supervised RL. Self-supervised representation learning methods have demonstrated remarkable data effi-
ciency in sequence modeling tasks such as vision and language processing, particularly in low-data regimes [30,31].
Inspired by VAE, self-supervised representation learning has recently been widely used in world modeling [18,19,32]
to extract relevant features for transition prediction. Through reconstructing the raw input and predicting the
future latents or inputs, world models can learn complicated environment dynamics for training competitive agents
with a small amount of data. Self-supervised representation learning can also improve data efficiency in deep Q-
learning [16, 33]. To address the non-stationary nature of MARL settings, some studies replace the global states
with the joint observations of all the agents and attempt to learn transition dynamics based on it [22,34]. Although
such methods are inefficient as joint observations are not a reliable substitute for the global state, they often contain
redundancy from agents observing each other while potentially missing critical environment-specific information.
Some approaches enable communication among agents [20, 35] to acquire the global state. Nevertheless, this in-
troduces additional communication overhead in the execution phase, which goes beyond the scope of the CTDE
framework and compromises the flexibility and scalability of algorithms.

Structured state space models. Structured state space models (dubbed S4 models) are a family of efficient
models for sequence modeling tasks such as sequence signal compression, audio generation, image and audio model-
ing, to name just a few. S4 models have also demonstrated promising performance in partially observable RL [36],
in-context RL [37], and imitation learning tasks [38]. Mamba is an advanced variant of the S4 model with selection
and a scan [23] which demonstrates superior performance compared to Transformers with similar scales. Recently,
Mamba has garnered widespread attention due to its promising long-sequence modeling capabilities, coupled with
its linearly scalable computational resource consumption.

3 Preliminaries

3.1 Partially observable Markov decision process

In MARL, the goal is to learn policies for multiple agents that interact within a shared environment, aiming to
maximize a scalar reward signal. This problem is often modeled as a partially observable Markov decision process
(POMDP), represented by the tuple G = 〈S,U, P,R,O,N, γ〉, where s ∈ S represents the global state of the entire
multi-agent system and the environment; ui ∈ U is the action taken by the i-th agent forming the joint action
u = [u1 u2 · · · uN ] ∈ UN ; P (s′|s,u) : S×UN ×S → [0, 1] is the state transition function; R is the reward function
r = R(s,u) that gives a scalar reward signal according to the global state s and the joint action u; O describes
the observation function that generates observation oi for the i-th agent; N is the total number of agents; and γ
is the discount factor in calculating returns. At each time step, each agent i ∈ N receives an observation oi ∈ O



Feng Z H, et al. Sci China Inf Sci September 2026, Vol. 69, Iss. 9, 192202:3

and selects an action ui, resulting in a joint action u = [u1 u2 · · · uN ] ∈ UN . The global states then transition
to s′ according to u and the reward r is given. In fully collaborative settings, the reward is shared by the entire
multi-agent system. The objective of policy training is to learn a policy π(ui|oi) to maximize the total expected
return L(π) = Eπ [

∑∞
t=0 γ

tr(st,ut)].

3.2 The Mamba model

The Mamba model is a class of SSMs that include a selection mechanism to efficiently handle sequential data [23].
At each time step t, the Mamba model takes an input xt, updates a latent state ht, and produces an output yt.
The discrete form of the Mamba model is defined as

ht = Ātht−1 + B̄txt, (1a)

yt = Ctht +Dxt, (1b)

where, Āt = fA(∆t,At) and B̄t = fB(∆t,At,Bt),Ct are discrete model parameters, D is a learnable weight
that controls the contribution of the original input xt through a shortcut connection. In the standard Mamba
implementation, discretization follows the zero-order hold (ZOH) method:

Āt = exp(∆tAt), (2a)

B̄t = (∆tAt)
−1(exp(∆tAt)− I)∆tBt. (2b)

While At is initialized and updated independently, the Mamba model employs a selection mechanism, using linear
projections to compute the matrices Bt = fB(xt), Ct = fC(xt), and ∆t = f∆(xt). To operate over an input
sequence x of batch size B with L channels, the SSM in (1) is applied independently to each channel with model
parameters At ∈ R

B×L×N×N , Bt ∈ R
B×L×N×1, Ct ∈ R

B×L×1×N and ht ∈ R
B×L×N×1, the projections are defined

as follows:

fB(x) = LinearN (x),

fC(x) = LinearN (x), (3)

f∆(x) = BroadcastL(Linear1(x)),

where the operator LinearN (·) projects to an N -dimensional space, and BroadcastL(·) broadcasts a scalar to an
L-dimensional space. The term ∆t acts analogously to the gating mechanism gt in ht = (1 − gt)ht−1 + gtxt,
controlling whether to reset the state based on the current input. Specifically, ∆t decides whether to “select” and
incorporate the current input xt while forgetting the previous state, or to retain the current state and ignore the
input. Meanwhile, Bt and Ct serve as more fine-grained controllers, determining how xt influences ht and how ht
contributes to yt.

4 The self-predictive Mamba model

We aim to improve the learning stability and efficiency of decentralized RL policy learning in multi-agent collab-
oration tasks, which are commonly modeled as POMDPs. Due to the partial observability of the environment,
we attempt to conduct self-prediction on agents’ historical observations. The overall prediction scheme can be
formulated as

oit+1 := f idyn
(

τ it , u
i
t

)

, τ it = [oi]0:t, (4)

where i represents the i-th agent, τt is the historical observation sequence from time 0 to t, and fdyn(·) is the
prediction module that predicts the next observation according to the historical information and current action.
The key to self-prediction lies in efficiently modeling from the agent’s historical observations. We leverage the Mamba
model to achieve this goal. As SPMamba is designed for promoting decentralized decision-making of agents, we
omit agent-specific indices in our description whenever clear from context. For example, the observation of the i-th
agent at time t is denoted by ot, corresponding to oit in full notation. Additionally, for simplicity, variables related
to a single agent or time step are denoted with regular symbols, while those associated with multiple agents or time
steps are represented using bold symbols. For instance, the observation sequence of the i-th agent from time t to
t+ k is denoted by ot:t+k = [o⊤t , o

⊤
t+1, . . . , o

⊤
t+k].
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Figure 1 (Color online) Overall architecture of the proposed SPMamba-based decentralized multi-agent framework. The right panel illustrates

the internal structure of the SPMamba model used by each agent. SPMamba recurrently updates the hidden state ht from the encoded input

zt. For computational efficiency, the length of ot−k+1:t is fixed to k. At each time t, ot is stored in, and ot−k is popped out.

Model components. SPMamba extends the Mamba model to decentralized multi-agent decision-making. Un-
like the standard implementation, which processes 1D sequences in parallel, we adapt Mamba for sequential decision-
making in a step-wise fashion. The entire paradigm of SPMamba is shown in Figure 1. The architecture consists
of 5 components:

Encoder xt = CONVφ(zt−k+1:t), zt = MLPφ(ot), (5a)

Latent model ht = SSMφ(ht−1, xt), (5b)

Output projection yt = PROJφ(ht, xt), (5c)

Decision maker ut ∼ pφ(ut|yt) = Ut,Ut = ACTφ(yt), (5d)

Transition decoder ẑt+1 = DECφ(yt, ut), (5e)

where φ represents the learnable parameters of SPMamba. Each component is implemented as either neural networks
or probability density variables for categorical distributions. At each time t, SPMamba encodes the observation ot
to a latent variable zt and aggregates historical latents [z]t−k+1:t into xt, then updates the hidden state ht−1 to ht
and organizes the output yt for both decision-making and self-prediction.

Input sequence encoding. We propose an MLP-VAE in (5a) to encode raw input observations. To reduce
redundancy in the raw observations, the observation ot is first encoded into a latent representation zt ∈ R

1×dǫ.
Here, d denotes the dimension of the model’s output yt, and ǫ is the expansion coefficient. The historical sequence
of encoded observations zt−k+1:t is then aggregated into xt ∈ R

1×dǫ through a convolution neural network (CNN).
The encoder is implemented as a combination of a single-layer MLP and a CNN.

Mamba latent model. The key point of decentralized decision-making and self-supervised learning revolves
around efficiently modeling over the observation trajectory τt. Recent studies primarily employ RNNs and Trans-
formers for this purpose. However, RNNs struggle to capture long-range dependencies, while the long-sequence
modeling capability of Transformers depends on the length of the context window, which lacks flexibility in the
step-by-step observing-deciding-interacting loop. Accordingly, we implement the latent model described in (5b)
as a Mamba model. Specifically, the SSMφ in (5b) denotes (1a). The latent model updates the hidden state
ht−1 ∈ R

1×dǫ×1 to ht using the aggregated encoded observation xt. All linear projections for calculating Āt and
B̄t are implemented as single-layer MLPs.

Nonlinear output projection. A parameterized nonlinear transformation is applied for enhancing the latent
model’s output in (5c). It applies a nonlinear transformation using a coefficient tensor that is parameterized by xt
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and activated by SiLU [39]:

yt = NORM
[

(Ctht +Dxt)⊙ SiLU[MLPφ(xt)]
]

, (6)

where NORM(·) refers to the layer normalization and ⊙ is the Hadamard product. The nonlinear output projection
serves as a sophisticated combination of the residual connection and the gating mechanism, which not only facilitates
model convergence but also dynamically focuses on relevant parts of historical information based on the current
input. Just like Āt and B̄t in the latent model, the linear projection used in computing Ct is also implemented as
a single-layer MLP.

Categorical activation. To facilitate decision-making in a discrete action space, the decision output head
described in (5d) is parameterized as a categorical distribution. The latent model’s output yt is activated to be a
categorical distribution U , and the action ut is selected by sampling once from this categorical distribution.

Transition decoder. The transition decoder is implemented similarly to the encoder as a single-layer MLP.
Unlike common world models that regularize the latent representation towards a prior distribution, we train the
decoder solely to predict the next encoded observation zt+1 based on the model’s output yt and the action taken by
the agent ut. The rationale is that the model’s output will be automatically regularized through end-to-end policy
training, eliminating the need for explicit regularization toward a prior.

5 SPMamba for policy learning

In this work, we implement SPMamba into MAPPO [12] and describe the training process for the resulting actor
and critic. While we focus on MAPPO in our simulations, it is worth noting that SPMamba is designed as a general
policy module, making it easily integrable into other policy-based algorithms that adopt distributed execution as
well.

5.1 Experience buffer

A buffer storing the past experiences of executing the policy is maintained to train the policy. The buffer contains
sequences of agents’ observations o1:N,0:T−1, global states s0:T−1, actions u1:N,0:T−1 along with the action log
probabilities, the team rewards r0:T−1 and the next observations o1:N,1:T , where T is the maximum step per
episode and N is the total number of agents. We randomly shuffle the data in the whole buffer and pack them
into one single batch to ensure the stability of training. At the end of each training phase, the buffer is cleared in
preparation for storing new experience data.

5.2 Actor learning

The actor ut = πφ(ot) is realized using the SPMamba designed in Section 4, and is simultaneously guided by both
the reward signal and the self-supervised signal. We enable the experience data sharing among all the agents, and
therefore, the experiences {ot, ut, ot+1, rt} can be sampled randomly regardless of the agent. The total loss for the
actor is defined as follows:

L(φ) =
1

NT

N
∑

n=1

T−1
∑

t=0

[

Lact
n,t(φ) + αL

pred
n,t (φ)

]

, (7)

where α is the weight coefficient for self-supervised representation learning. We share the policy among all the
agents; thus the agent index n is omitted. The policy loss Lact

t (φ) and the self-predicting loss Lpred
t (φ) are given by

Lact
t (φ) = min

[

πφ(ut|ot)

πold
φ (ut|ot)

A
πφ

ψ (st,ut), clip

(

πφ(ut|ot)

πold
φ (ut|ot)

, 1− η, 1 + η

)

A
πφ

ψ (st,ut)

]

, (8a)

L
pred
t (φ) = max

(

µ,KL
[

sg(softmax(zt))||softmax(ẑt)
])

, (8b)

where πold
φ is the previous policy used in collecting the data {ot, ut, ot+1, rt}, πφ is the current policy, A

πφ

ψ (st,ut)
is the advantage function, ψ represents the learnable parameters of the critic function, η is the clip parameter that
controls the deviation between the current policy πφ and the old policy πold

φ , sg(·) is the operation of stop-gradients,

and µ is the early-stop coefficient of self-supervised representation training. We compute A
πφ

ψ utilizing the K-step
general advantage estimation (GAE),

A
πφ

ψ (st,ut) = δt + (γλ)δt+1 + · · ·+ (γλ)K−1δt+K−1, (9)
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where δt = γV
πφ

ψ (st+1) + r(st,ut)− V
πφ

ψ (st), r(st,ut) is the shared team reward, and V
πφ

ψ (st) is the critic function
with learnable parameters collectively denoted by ψ.

The self-predicting loss Lpred
t (φ) is the KL divergence between the discrete categorical distributions parameterized

by the encoded observation zt and the predicted transition ẑt. We stop propagating the gradients of softmax(zt)

in Lpred
t (φ). We also halt the training of the transition decoder early by setting Lpred

t (φ) to µ if the self-predicting
loss falls below a constant µ to reduce its interference in policy training when the transition prediction is relatively
accurate.

5.3 Critic learning

The critic function V
πφ

ψ (st) shared among all the agents is implemented as a gated recurrent unit (GRU), and
trained in a self-supervised manner. We choose the advantage function in (9) as the critic target and use the mean
squared error (MSE) as the critic loss:

L(ψ) =
1

T

T−1
∑

t=0

MSE
[

sg
(

A
πφ

ψ (st,ut) + V
πφ

ψ (st)
)

− V
πφ

ψ (st)
]

, (10)

where sg(·) is the stop-gradient manipulation. The V
πφ

ψ (st) is updated using semi-gradient TD target for stabilizing
the training process.

6 Experiments

We evaluate the performance of SPMamba on six of the most challenging SMAC tasks, characterized by asymmetric
force distributions and heterogeneous agents. Our experiments aim to address the following key questions.

• Q1. How effective is the SPMamba policy compared to a GRU-based policy? Additionally, how effective is
self-supervised representation learning compared to directly using the Mamba model as the policy?

• Q2. Is the MLP-VAE structure effective compared to other proven effective architectures, specifically the
categorical-VAE employed by Dreamer [18] and the SimNorm-VAE employed by TDMPC2 [32]?

• Q3. Is the current design of SPMamba effective enough?
To address Q1, we conduct comparative evaluations among SPMamba, the vanilla Mamba policy, and the GRU-

based policy. Details of these evaluations are provided in Subsection 6.2. To address Q2, we compare the MLP-VAE
in SPMamba with the categorical-VAE from Dreamer and the SimNorm-VAE from TDMPC2. These comparisons
are outlined in Subsection 6.3. To address Q3, we perform ablation studies that explore alternative structures
designed for SPMamba, as described in Subsection 6.4.

6.1 Experimental settings

6.1.1 Benchmark

We conduct experiments on SMAC and SMACv2 [40], two benchmarks including various multi-agent combat tasks
that require defeating enemy forces controlled by the built-in AI script, which is well known for their complexity
and scalability. We carefully select the six most challenging tasks in SMAC for evaluating the performance of the
SPMamba against baselines, specifically 5m vs 6m, 8m vs 9m, 6h vs 8z, 3s5z vs 3s6z, MMM2 and 3s vs 5z. All
the selected tasks include asymmetric force distributions, implying that the enemy force is always stronger than
the ally force. Specifically, 5m vs 6m and 8m vs 9m are basic asymmetric combat tasks with different scales, while
5m vs 6m presents a greater challenge due to the higher force ratio between opposing sides; 8m vs 9m is more
difficult to learn because it involves a larger number of agents, and 3s5z vs 3s6z and MMM2 are asymmetric tasks
with multiple types of heterogeneous agents which significantly increases their complexity. Moreover, 3s vs 5z is a
task requiring long-term skill learning. We also evaluate our approach on three tasks in SMACv2, each featuring
three distinct types of heterogeneous agents.

6.1.2 Hyperparameters

We build SPMamba upon the implementation of MAPPO [12], and maintain consistent hyperparameter settings
across all the tasks and the compared algorithms, except in 3s vs 5z which requires long-term skill learning, where
the historical observation sequence length of SPMamba is set to k = 8 and the early-stop coefficient of the self-
predicting loss is fixed at µ = 0. The maximum environment steps for SPMamba and all the on-policy baselines
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Table 1 Performance comparison of SPMamba and baseline methods on SMAC benchmark tasks in terms of win rate (%), reported as mean ±

std. On-policy methods are trained for up to 1× 107 environment steps. Off-policy methods marked with ∗ are trained under the same runtime

budget as SPMamba. The best results are in bold.

Task SPMamba Mamba MAPPO MAT HAPPO *RODE *QMIX

3s vs 5z 89.5±7.9 83.2±29.7 23.4±42.7 0 25.2±41.9 64.2±23.8 41.7±43.4

5m vs 6m 41.0±24.7 36.7±11.4 23.0±31.3 55.1±0.9 65.4±8.3 32.4±6.6 21.8±6.4

8m vs 9m 95.6±0.5 88.2±3.6 78.6±8.9 77.8±3.6 80.7±6.8 62.8±4.5 43.0±16.3

6h vs 8z 47.3±24.5 25.5±7.3 24.9±7.9 34.8±15.4 3.0±0.3 4.6±8.0 12.6±11.8

3s5z vs 3s6z 83.7±2.7 62.4±40.4 56.5±23.0 6.8±11.3 5.1±6.4 4.0±7.0 32.7±28.3

MMM2 84.0±7.9 74.0±6.2 77.5±15.2 29.4±16.6 73.2±3.2 79.3±9.2 73.0±1.4

Table 2 Comparison of SPMamba and baseline methods on SMACv2 tasks in terms of average episode reward (mean ± std). The maximum

number of environment steps is 1 × 107. The best results are in bold.

Task SPMamba Mamba MAPPO MAT HAPPO

zerg 5 vs 5 13.0±0.5 12.5±1.1 11.2±0.6 14.3±1.1 13.8±0.3

terran 5 vs 5 13.4±0.3 13.4±0.9 12.0±0.6 14.0±1.7 15.4±0.8

protoss 5 vs 5 16.5±0.3 15.7±0.8 15.9±0.9 16.3±1.4 16.7±0.2

are set to 1e7. As off-policy methods are generally more sample-efficient but slower than on-policy approaches, we
compare off-policy baselines with SPMamba under equal runtime. Each experiment is conducted with 4 different
random seeds in a Python 3.7 environment using StarCraft II 2.4.6. All experiments are performed on a PC equipped
with an RTX 3090 GPU.

6.2 Comparing with baselines

We conduct a comprehensive performance evaluation of SPMamba against SOTA baselines. Given that SPMamba
is built upon MAPPO, we select MAPPO-FP [12] as a primary baseline. To isolate the impact of our proposed
self-supervised feature learning module, we replace the recurrent policy network in MAPPO-FP with a Mamba
model, forming the Mamba policy as an additional baseline. Furthermore, to assess SPMamba’s effectiveness in a
broader context, we compare it with two strong off-policy algorithms: QMIX [10] and RODE [41]. QMIX employs
GRUs to encode local observation histories of agents and constructs the global Q-function out of local utilities,
while RODE extends QMIX with explicit role assignment to enhance agent cooperation. For a more comprehensive
comparison, we also include MAT [14] and HAPPO [42], two SOTA baselines that adopt sequential policy updates.
In SMAC, we compare the average win rates achieved by different algorithms. In SMACv2, each episode begins
with both teams being randomly initialized, making it considerably more challenging to secure consistent wins. To
ensure a more reliable and insightful comparison, we adopt the average episode reward as our primary evaluation
metric rather than relying on the average win rate. The average runtime of SPMamba across all tasks is 22.73 h,
compared to 22.12 h for RNN and 23.66 h for Transformers.

As shown in Tables 1 and 2, SPMamba consistently outperforms all baselines across all tasks in SMAC. While
the Mamba policy benefits from Mamba’s advanced sequence modeling capabilities and achieves improvements
over the vanilla MAPPO with GRUs, its lack of a self-supervised learning module prevents it from reaching the
performance level of SPMamba. In SMACv2, despite the extreme randomness in the environment and task settings
causing SPMamba, which follows MAPPO’s original update scheme, to be outperformed by MAT and HAPPO, it
still achieves a significant improvement over MAPPO. Furthermore, SPMamba demonstrates a clear advantage over
the Mamba policy that does not incorporate self-predictive feature learning. In general, we attribute its superior
performance to three key advancements: (1) a carefully designed distributed self-supervised learning module based
on agents’ historical observations, (2) sequence modeling of agent observation histories using the Mamba model, and
(3) observation encoding via the MLP-VAE. The following sections provide an in-depth analysis of these components
and further examine the advantages of the SPMamba architecture.

6.3 Encoder structure

6.3.1 Alternative structures

Recently, there are two widely employed alternatives of the proposed MLP-VAE in RL, namely categorical-VAE [18]
and SimNorm-VAE [32]. Specifically, categorical-VAE samples multiple categorical variables as the encoded features:

zt ∼ qφ(zt|ot) = Zt, (11)
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Figure 2 (Color online) Average win rate comparison among SPMamba models using MLP-VAE, SimNorm-VAE, and categorical-VAE.

where Zt is a distribution comprising multiple categories. The output zt is sampled from Zt to represent the raw
input ot. Categorical-VAE is implemented in, e.g., DreamerV3 [18] and its various variants [19, 43]. Nevertheless,
we consider multiple categorical variables may lose too much information when handling non-image observations
encountered in e.g., SMAC. Furthermore, Dreamerv3 utilizes multiple categorical variables with 32 × 32 = 1024
dimensions, which are necessary for processing the image inputs in Atari, but it is overly redundant for compressing
input features in SMAC. Considering the characteristics of non-image observations, TDMPC2 [32] introduces the
SimNorm-VAE, which encodes raw inputs into multiple categorical variables without performing any sampling. By
defining d = M2 for any M ∈ N+ and z̃t = fMLP(ot)=̇[x1, x2, ..., xd]t ∈ R

1×d, the z̃t could be divided into M par-
titions (groups) [g1, g2, ..., gM ]t, and the i-th partition gi contains M elements [x(i−1)×M+1, x(i−1)×M+2, ..., xi×M ]t.
Thus, the SimNorm encoding is held as

zt=̇[g̃1, g̃2, ..., g̃M ]t, g̃i =
ex(i−1)×M+j/τ

∑j=M
j=1 ex(i−1)×M+j/τ

, (12)

where τ is the temperature parameter that modulates the sparsity of g̃i. SimNorm-VAE shows competitive
performance in TDMPC2 in continuous control tasks in DMControl [44], Meta-World [45], ManiSkill2 [46], and
MyoSuite [47] with non-image observations. However, the softmax operation in (12) constrains the model’s capac-
ity for feature learning in the latent state, which may lead to suboptimal performance in SMAC, where observation
inputs exhibit rapid and discontinuous changes.

Due to the described limitations of the aforementioned encoder structures, we advocate MLP-VAE in (5a) tailored
to the characteristics of agent observation inputs in the SMAC environment. Figure 2 shows the comparison among
SPMamba models using MLP-VAE, categorical-VAE, and SimNorm-VAE. As the hidden state of the model is
set to be 64 dimensions, the distribution Zt of the categorical-VAE is set to include 8 categoricals which include
8 classes each. The scale M of the SimNorm-VAE is also set to 8, while the temperature coefficient τ is set to 1.

According to the learning curves, the SPMamba with categorical-VAE performs the worst due to the excessive
information loss from discrete encoding. The self-predicting loss curves in Figure 3 demonstrate that the features
encoded by the categorical-VAE fail to correctly capture the self-predictive representations. The SPMamba with
SimNorm-VAE outperforms the version with categorical-VAE in self-predicting, and this advantage is also reflected
in the overall performance. Conversely, its performance is inferior to MLP-VAE due to the expressiveness limitations
imposed by the softmax operation used in encoding. This highlights the superior encoding capability of the proposed
MLP-VAE, which extracts the self-predictive features efficiently with greater accuracy and completeness, and thus
leads to the strongest performance.
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Figure 3 (Color online) The self-predicting loss curves of MLP-VAE, categorical-VAE, and SimNorm-VAE.

6.3.2 Learning objectives

The most widely-used learning objectives for VAE variants in RL include minimizing the self-predicting loss Lpred(φ)
along with the representation loss Lrep and the reconstruction loss Lrec:

L
rep
t (φ) = max

(

µ,KL
[

softmax(zt)||sg(softmax(ẑt))
])

, (13a)

Lrec
t (φ) = ||ot − RECφ(zt)||

2
2, (13b)

where RECφ is a decoder for reconstructing ot, L
rep(φ) slightly aligns the output with the predicted results to make

the encoded features more amenable to prediction, and Lrec(φ) ensures that the encoder output retains as much of
the original input’s features as possible. The total VAE loss is given by

LVAE(φ) = αLpred(φ) + βLrep(φ) + σLrec(φ), (14)

where α, β, σ are weight coefficients. Nonetheless, we suppose that the primary objective of policy learning is
to extract features highly relevant to decision-making. Preserving all input features may introduce irrelevant
information, which could hinder the learning performance.

We compare the loss LSPMamba(φ) = αLpred(φ) designed for SPMamba against 2 alternative loss functions
Lrep(φ) = αLpred(φ)+βLrep(φ) and LVAE(φ) in (14). The hyperparameters follow the same settings as in Dreamer
[48], with only a global scaling adjustment, set to α = 0.1, β = 0.02, and σ = 0.2. The results can be found in
Figure 4. Clearly, incorporating the reconstruction objective significantly degrades policy performance, indicating
that learning fully reconstructable features interferes with decision-making. Meanwhile, the representation loss has
minimal impact on the performance.

6.4 Self-supervised learning structure

As an advanced self-supervised learning model, SPMamba should be designed carefully. We present two alternative
self-predictive representation learning structures. The ‘Predicting from ht’ configuration makes the transition
decoder predict ẑt+1 from SPMamba’s hidden state ẑt+1 = DECφ(ht, ut), and the transition decoder in ‘Raw
output’ configuration predicts ẑt+1 from yt that has not been normalized. The results in Figure 5 indicate that
neither predicting from ht nor from the un-normalized yt is beneficial to policy learning. Since Mamba expands the
dimensionality of ht by a factor of ǫ relative to the input-output, directly predicting ẑt+1 from ht may be inefficient.
However, prediction based on un-normalized features performs slightly worse, as the un-normalized features exhibit
numerical instability.
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Figure 4 (Color online) Average win rate comparison among the LSPMamba(φ), Lrep(φ), and LVAE(φ) losses.

Figure 5 (Color online) Average win rate comparison between vanilla SPMamba and 2 alternative structures.

7 Conclusion

In this work, we introduced SPMamba, a novel framework that integrates the Mamba model with self-predictive
representation learning to improve decentralized multi-agent policy optimizations. SPMamba utilizes a Mamba
model as the core part of processing agents’ historical observations, and regresses the model’s output on future
observations in a latent space. SPMamba outperforms traditional RNN-based policies in extensive experiments
without the need for task-specific hyperparameter tuning. The success of SPMamba highlights the potential of
the Mamba model as a powerful module for sequential decision-making tasks, offering a scalable and efficient
approach for handling complex multi-agent environments. Despite its demonstrated effectiveness, there are still
several limitations. First, the self-predictive learning objective may be less effective in environments with highly
stochastic dynamics, where future observations are inherently difficult to predict. Moreover, although Mamba offers
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improved efficiency over Transformer-based models, its computational overhead remains non-negligible, potentially
limiting scalability. Future research will investigate incorporating self-predictive learning based on global features
within the CTDE paradigm, as well as exploring further optimizations to reduce runtime complexity.
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