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Abstract

Exploration in cooperative multi-agent reinforcement learn-
ing (MARL) remains challenging for value-based agents due
to the absence of an explicit policy. Existing approaches in-
clude individual exploration based on uncertainty towards the
system and collective exploration through behavioral diver-
sity among agents. However, the introduction of additional
structures often leads to reduced training efficiency and infea-
sible integration of these methods. In this paper, we propose
Adaptive exploration via Identity Recognition (AIR), which
consists of two adversarial components: a classifier that rec-
ognizes agent identities from their trajectories, and an action
selector that adaptively adjusts the mode and degree of ex-
ploration. We theoretically prove that AIR can facilitate both
individual and collective exploration during training, and ex-
periments also demonstrate the efficiency and effectiveness
of AIR across various tasks.

Code — https://github.com/Jugg1er/AIR

Introduction
Multi-agent reinforcement learning (MARL) has achieved
outstanding results in complex cooperative tasks, such as
flocking control (Xu et al. 2018; Gu et al. 2023), autonomous
driving (Shamsoshoara et al. 2019; Zhang et al. 2023b), and
sensor network (Zhao et al. 2023). To deal with the par-
tial observability and the vast joint spaces of agents, most
MARL methods follow the centralized training and de-
centralized execution (CTDE) paradigm. Especially, value-
based approaches (Sunehag et al. 2017; Rashid et al. 2018;
Yang et al. 2020; Wang et al. 2020a) enjoy high sample ef-
ficiency and great scalability, ultimately achieving superior
performance in popular benchmarks. However, most value-
based methods suffer from insufficient exploration due to
the adoption of the vanilla ϵ-greedy exploration strategy, and
how to effectively enhance the exploration of value-based
agents in cooperative tasks remains a challenging problem.

In some studies, the exploration of an agent is guided by
its uncertainty towards the system. Zhang et al. (2023a) de-
fine the uncertainty as the correlation between an agent’s
action and other agents’ observations, based on which they
adjust exploration rate ϵ dynamically. EITI & EDTI (Wang

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

et al. 2019) and EMC (Zheng et al. 2021) refer to the concept
of “curiosity”, which is measured by the model prediction
error in practice and used as an intrinsic reward to facilitate
exploration. These approaches introduce perturbations into
individual policies but do not explicitly consider coordina-
tion, and we call them individual exploration.

Compared to single-agent domain, multi-agent coopera-
tive tasks typically require various skills and have vastly
larger policy space, rendering comprehensive exploration
infeasible for a single agent. An ideal solution is to keep
the diversity of agents’ behaviors, which enables individ-
uals to acquire distinct skills, explore disparate regions of
the policy space, and share their experiences by parameter
sharing technique. Recently, a group of methods revealed
the importance of behavioral diversity in collective explo-
ration. As shown in Figure 1(a), all agents learn to com-
pete for the ball and form terrible cooperation, while the
globally optimal policy in Figure 1(b) induces different be-
haviors among agents for tacit cooperation (Li et al. 2021).
Such sub-optimal situations arise exclusively in multi-agent
tasks and can not be alleviated through individual explo-
ration. MAVEN (Mahajan et al. 2019) proposes commit-
ted exploration that learns a diverse ensemble of monotonic
approximations with the help of a latent space to explore.
CDS (Li et al. 2021) maximizes an information-theoretical
regularizer to produce diverse individualized behaviors for
extensive exploration. In role-based methods (Wang et al.
2020b,c; Yang et al. 2022; Zhou et al. 2023), agents are re-
quired to deal with distinct subtasks based on their assigned
roles, thereby reducing conflicts and accelerating the forma-
tion of cooperation.

Both individual skills and group collaboration are crucial
in cooperative tasks. However, even without methodological
conflicts, a direct integration of the above individual and col-
lective exploration methods is infeasible, as excessive extra
modules make the overall model too heavy to train. To the
best of our knowledge, no research has integrated individ-
ual and collective exploration into a unified framework. To
address this gap, we propose Adaptive exploration via Indi-
vidual Recognition (AIR). We first learn an identity classi-
fier that distinguishes corresponding agents based on given
trajectories. Based on the classifier, we conduct theoretical
analysis and design a unified exploration mechanism that
can switch the exploration mode between individual and col-
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(a) Sub-optimal policy. (b) Optimal policy.

Figure 1: The importance of behavioral diversity in Google
Research Football. (a) Agents all compete for the ball, ex-
hibiting homogeneous behaviors and poor coordination. (b)
Agents behave differently to achieve coordination.

lective exploration according to the training stage as well as
tuning the degree of exploration. Our main contributions can
be summarized as follows:

• We analyze the impact and limitations of traditional ex-
ploration strategies within multi-agent systems and re-
veal that multi-agent exploration accounts for both indi-
vidual behaviors and the joint behaviors of agents.

• We propose a novel multi-agent exploration framework
for value-based agents called AIR, which enables dy-
namic adjustments of exploration during training. To the
best of our knowledge, we are the very first to address
individual and collective exploration in a single unified
framework.

• Our proposed method incorporates only the minimum
additional structure and is computationally efficient. Ex-
periments demonstrate the remarkable effectiveness of
AIR across various multi-agent tasks.

Related Works
Value-based MARL Methods
Independent Q-learning (Tampuu et al. 2017) directly mi-
grates DQN into multi-agent tasks, but it completely ig-
nores the interactions between agents, leading to various
training issues. Value decomposition factorizes the global
value into individual ones and alleviates the instability dur-
ing training. VDN (Sunehag et al. 2017) and QMIX (Rashid
et al. 2018) aggregate individual Q-values into a global
one through additive and monotonic functions respectively.
Qatten (Yang et al. 2020) replaces the dense network in
QMIX with the attention mechanism. To further enhance
the capability of the mixing network to express richer joint
action-value function classes, QTRAN (Son et al. 2019) con-
structs two soft regularizations to align the greedy action
selections between the joint and individual value functions.
Weighted-QMIX (Rashid et al. 2020) introduces a weight-
ing mechanism into the projection of monotonic value fac-
torization to place more importance on better joint actions.
QPLEX (Wang et al. 2020a) proposes a duplex dueling net-
work architecture to loose the monotonicity constraints in
QMIX. QPro (Mei, Zhou, and Lan 2024) casts the factor-
ization problem as regret minimization over the projection
weights of different state-action values.

Exploration for Value-based Agents in MARL
Despite their success, the simple ϵ-greedy exploration strat-
egy used in the above methods has been found ineffective
in solving coordination tasks with complex state and reward
transitions. Some studies adjust the intensity of individual
exploration dynamically according to the metric of uncer-
tainty towards the system. SMMAE (Zhang et al. 2023a)
refers to the correlation between each agent’s action and oth-
ers’ observations. EITI & EDTI (Wang et al. 2019) quantify
and characterize the influence of one agent’s behavior on
others using mutual information and the difference of ex-
pected returns respectively, while EMC (Zheng et al. 2021)
uses prediction errors of individual Q-values to capture the
novelty of states and the influence from other agents.

Other studies have realized the importance of behavioral
diversity in exploration in multi-agent tasks. MAVEN (Ma-
hajan et al. 2019) uses a hierarchical policy to produce
a shared latent variable and learns several state-action
value functions for each agent to explore different trajec-
tories. CDS (Li et al. 2021) proposes a novel information-
theoretical objective to maximize the mutual information be-
tween agents’ identities and trajectories to encourage diverse
individualized behaviors. Role-based methods (Wang et al.
2020b,c; Yang et al. 2022; Zhou et al. 2023) decompose the
complex task to subtasks, in which each agent search in a
sub-region of the entire observation-action space, thereby re-
ducing training complexity. The drawback of these methods
lies in their introduction of additional modules to the pol-
icy network, which increases the complexity of the decision-
making process and consequently reduces both training and
execution efficiency.

Preliminaries
Dec-POMDP
A fully cooperative multi-agent system (MAS) is typ-
ically represented by a decentralized partially observ-
able Markov decision process (Dec-POMDP) (Oliehoek
and Amato 2016), which is composed of a tuple G =
⟨S,U ,P,Z, r,O, n, γ⟩. At each time-step, the current
global state of the environment is denoted by s ∈ S , while
each agent a ∈ A := {1, . . . , n} only receives a unique local
observation za ∈ Z generated by the observation function
O(s, a) : S × A → Z . Subsequently, every agent a selects
an action ua ∈ U , and all individual actions are combined
to form the joint action u = [u1, . . . , un] ∈ U ≡ Un. The
interaction between the joint action u and the current state s
leads to a change in the environment to state s′ as dictated by
the state transition function P(s′|s,u) : S×U×S → [0, 1].
All agents in the Dec-POMDP share the same global reward
function r(s,u) : S ×U → R, and γ ∈ [0, 1) represents the
discount factor.

Value Decomposition
Credit assignment is a key problem in cooperative MARL
which helps each agent to discern its contribution to the
collective performance. To solve this, value decomposi-
tion (VD) methods assume that each agent has a specific
value function, and the integration of all individual functions
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creates the joint value function. To guarantee that the opti-
mal action for each agent aligns with the global optimal joint
action, most value decomposition methods satisfy the Indi-
vidual Global Max (IGM) assumption:

argmax
u

Qtot(τ ,u) = argmax
ua

Qa(τa, ua), ∀a ∈ A

where Qtot = f(Q1, ..., Qn), Q1, ..., Qn denote the individ-
ual Q-values, and f is the mixing function. Various value de-
composition methods, including VDN (Sunehag et al. 2017),
QMIX (Rashid et al. 2018) and so on, arise from variations
in the construction of f . The model is commonly learnt by
the temporal difference (TD) error below, in which Q−

tot is a
periodically updated target network of Qtot.

LTD =

[
rt + γmax

ut+1

Q−
tot(τ t+1,ut+1)−Qtot(τ t,ut)

]2
Method

Compared to single-agent reinforcement learning, explo-
ration in MARL also necessitates behavioral diversity across
agents. In this section, we introduce a novel strategy called
Adaptive exploration via Individual Recognition (AIR),
which integrates individual and collective exploration into
a unified framework. We first formulate a discrepancy met-
ric of trajectories to measure the behavioral diversity among
different agents and obtain the learning objective for collec-
tive exploration by theoretical derivation. With this objec-
tive, we further design an adversarial strategy to stimulate
each agent to deviate from a fixed policy and explore novel
actions. Finally, we integrate the collective and individual
exploration into a unified framework.

Diverse Behaviors across Agents
We begin the derivation of AIR by defining the concept of
trajectory visit distribution:
Definition 1 (Trajectory visit distribution). In a multi-agent
system, the distribution of the trajectory experienced by the
agent k is called individual trajectory visit distribution and
is defined as:

ρk(τT , uT ) = ρ(τT , uT |agent id = k)

= ρ(o0, u0, o1, u1, ..., oT , uT |zk)

=
T∏

t=0

πk(ut|ot)
∑
st

P (st)O(ot|st, k), (1)

where P (st) is the probability of the state being st at time
step t, O(ot|st, k) is the probability of agent k receiving ob-
servation ot under state st, and πk is the policy of agent k.
The trajectory visit distribution of the overall system con-
taining n agents is called system trajectory visit distribution
and is defined as:

ρ =
1

n

n∑
k=1

ρk. (2)

The trajectory visit distribution, which indicates the prob-
ability of encountering a specific trajectory with a given pol-
icy from initial state s0, encapsulates the diversity of policies

naturally. Therefore, the diverse behaviors of agents can be
assessed by measuring the diversity of trajectories generated
by distinct individual policies. The Kullback-Leibler (KL)
divergence is a commonly used metric for comparing the
discrepancy between distributions, by which we define the
difference between an agent’s policy and other agents’ poli-
cies as below:
Definition 2 (Difference between individual policies). In a
multi-agent system with N agents, the difference between
the policy of agent k and the policies of other agents can be
defined by the discrepancy of their generated trajectories:

DKL
[
ρk||ρ

]
= DKL [ρ(τ, u|zk)||ρ(τ, u)] (3)

According to Equation 3, we improve the difference be-
tween an individual trajectory visit distribution and the sys-
tem trajectory visit distribution to enforce diverse behaviors
of agents. However, it is completely infeasible to estimate
ρ(τ, u) directly due to an intractably huge input space. We
notice that Equation 3 can be expressed by the form of en-
tropy discrepancy during training:

Ez [DKL (ρ(τ, u|z)||ρ(τ, u))] = H(ρ)−H(ρ|z), (4)

in whichH(ρ) is the Shannon Entropy of trajectory visit dis-
tribution. The proof of Equation 4 can be found in Appendix.
With the mutual information theory, it can be further trans-
formed into:

H(ρ)−H(ρ|z) = H(z)−H(z|ρ) (5)

This optimization target is easier to solve in practice. As
each agent k has the same number of sampled trajectories
in a training step, ρ(z = k) follows a uniform distribution

and thus H(z) = −
n∑

k=1

1
n log 1

n = log n is a constant. The

second termH(z|ρ) implies that the identity of an agent can
be inferred given its trajectory and selected action. We ap-
proximate true posterior ρ(z|τ, u) with a learned discrim-
inator qζ(z|τ, u) and optimize it using the evidence lower
bound (ELBO).

H(z)−H(z|ρ) = Eτ,u,z [log ρ(z|τ, u)] + log n

= Eτ,u [DKL (ρ(z|τ, u)||qζ(z|τ, u))]
+ Eτ,u,z [log qζ(z|τ, u)] + log n

≥ Eτ,u,z [log qζ(z|τ, u)] + log n, (6)

where we exploit the non-negativity of KL divergence.
Therefore, with the sub-goal of promoting behavioral diver-
sity, the policy of each agent k can be expressed as below:

u∗ = argmax
u

[
Qk(τ, u) + α log qζ(zk|τ, u)

]
, (7)

where α is a positive temperature controlling the degree
of collective exploration. For more precise approxima-
tion, we further tighten the lower bound by minimizing
DKL (ρ(z|τ, u)||qζ(z|τ, u)) and derive the gradient of qζ as
shown in Equation 8.

∇ζEτ,u [DKL (ρ(z|τ, u)||qζ(z|τ, u))]
=− Eτ,u [∇ζ log qζ(z|τ, u)] . (8)
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Individual Exploration of Value-based Agents
In essence, exploration at the individual level drives devia-
tion from established policies, prompting agents to take un-
familiar and unknown actions. A common individual explo-
ration strategy used in policy gradient methods is to add the
entropy of policy πθ as a regularization term in the optimiza-
tion target J(θ). While it can adjust the degree of exploration
dynamically during training, this approach does not work for
VD methods because the value-based agent makes decision
according to its value estimations towards the given obser-
vation and possible actions instead of an explicit policy dis-
tribution.

To facilitate exploration for VD methods, we introduce a
novel adversarial mechanism somewhat similar to genera-
tive adversarial networks (GAN) (Goodfellow et al. 2014).
Under the CTDE framework, we introduce two adversarial
components: a centralized identity classifier trained to iden-
tify the agent responsible for generating the given trajectory-
action pair (we directly reuse the discriminator qζ for collec-
tive exploration in practice), and a decentralized action se-
lector that attempts to mislead the classifier. This adversarial
mechanism can be interpreted by the following relationship
(the proof is in Appendix):

p(zk|τT , uT ) =

T∏
t=0

πk(ut|ot)

T∏
t=0

πk(ut|ot) +
n∑

i=1
i̸=k

T∏
t=0

πi(ut|ot)
(9)

According to Equation 9, the higher the probability that an
action ut in the trajectory is selected by the policy, the higher
the likelihood that the classifier will correctly identify the
source agent k of the trajectory, and vice versa. Thus, even
without an explicit policy function, we can leverage the clas-
sifier to measure action selection probabilities and encour-
age the agent to explore low-probability actions, achieving
a similar effect to the entropy-based approach. Without dis-
torting the individual Q-value estimation, the action selec-
tor promotes the agent k to choose unexplored actions with
low posterior probabilities qζ(zk|τ, u). We formally describe
how the action selector works as:

u = argmax
u

Q̃k(τ, u)

= argmax
u

[
Qk(τ, u)− α log qζ(zk|τ, u)

]
(10)

Equation 10 has a very similar form to Equation 7, and we
take Equation 10 as the standard form. The value estimations
of less exploited actions are raised more to increase their
chances of being chosen when α > 0, thereby enhancing
the individual exploration of the agent. When α < 0, it turns
to collective exploration to induce diverse and cooperative
behaviors among agents.

Adaptive Temperature
In Equation 10, the tuning of temperature value α is closely
related to the magnitude of Q-value estimation, which is fur-
ther determined by the magnitude of received rewards that

differs not only across tasks but also over the training pro-
cess due to the changing policy. Therefore, choosing the op-
timal temperature α∗ is non-trivial. Besides, forcing the tem-
perature to a fixed value during training is a poor solution,
since the mode and degree of exploration are expected to be
adjusted adaptively at different training stages. To dynami-
cally tune the temperature during training, we formulate the
learning target as a constrained optimization problem for the
agent k:

max
πk
0:T

Eρ

[
T∑

t=0

r(τ t,ut)

]
≡ max

πk
0:T

Eρk

[
T∑

t=0

r(τt, ut)

]
s.t. E(τt,ut)∼ρk [− log qζ(zk|τt, ut)] ≥ H ∀t, (11)

where r(τ t,ut) is the global reward function and r(τt, ut)
is the factored individual reward at time step t under IGM
assumption, and H is a minimum expected entropy. Since
the policy and trajectory at t would affect the future calcula-
tion, we rewrite the objective in a recursive form to perform
dynamic programming backward:

max
πk
0

(
E [r(τ0, u0)] + max

πk
1

(
E [...] + Eπk

T
[r(τT , uT )]

))
,

(12)
subjected to the same constraint in Equation 11. To focus
on the temperature, we turn to the dual problem instead. We
start with the last time step T . With the constraint in Equa-
tion 11,

max
πk
T

E(τT ,uT )∼ρk [r(τT , uT )] (13)

= min
αT≥0

max
πk
T

E [r(τT , uT )− αT log qζ(zk|τT , uT )]− αTH,

where αT is the dual variable. As πk
T is in the form of Equa-

tion 10 and only related to qζ when the Q-value function is
fixed, we can replace πk

T in the subscripts of Equation 13
with qζ . Here we employ strong duality since the objective
is linear and the constraint in Equation 11 is a convex func-
tion with respect to qζ . With the correspondence between the
optimal policy deduced by q∗ζ and the temperature value αT ,
the optimal dual variable α∗

T is solved by

argmax
αT

E(τt,ut)∼q∗ζ
[αT log qζ(zk|τT , uT ) + αTH] . (14)

To simplify notation, we refer to the soft Bellman equa-
tion (Haarnoja et al. 2017)

Q∗(τt, ut) =r(τt, ut) + Eρk [Q∗(τt+1, ut+1)

−α log qζ(zk|τt+1, ut+1)] (15)

with Q∗
T (τT , uT ) = E[r(τT , uT )]. We now take Equation 12

a step further using the dual problem and get:

max
πk
T−1

(
E[r(τT−1, uT−1)] + max

πk
T

E[r(τT , uT )]

)
=max

πk
T−1

(Q∗(τT−1, uT−1)− αTH) (16)

= min
αT−1≥0

max
T−1

(
E [Q∗(τT−1, uT−1)]

−E [αT−1 log qζ(zk|τT−1, uT−1)]− αT−1H
)
+ α∗

TH.
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Algorithm 1: Adversarial Identity Recognition (AIR)
Parameters: Value decomposition framework θ, target net-
work θ− = θ, identity classifier ζ, initial temperature
α0.

1: Initialize an empty replay buffer D.
2: while training do
3: for episode← 1 to M do
4: Initialize E = ∅.
5: for each time step t do
6: for each agent k do
7: Select action based on Q̃k in Equation 10.
8: Store the transition in E.
9: end for

10: end for
11: Add the episodic data E to D.
12: end for
13: Sample a mini-batch B from D.
14: Follow the value decomposition method to update θ,
15: ζ ← ζ + λζ∇̂ζJ(ζ),
16: α← α+ λα∇̂αJ(α),
17: Update target network θ− ← θ periodically.
18: end while

Thus Equation 11 can be optimized recursively from back
to front. After obtaining the optimal Q-function Q∗ and the
corresponding optimal policy π∗

t , the optimal dual variable
α∗
t can be solved by:

α∗
t = argmax

αt

Eut∼π∗
t

[
αt log qζ(zk|τt, ut) + αtH̄

]
.

(17)
Equation 17 provides a theoretical approach for calculat-

ing the optimal temperature, but it is not feasible in practice
since we can not obtain Q∗ directly but iteratively update
the Q-function to approximate it. Therefore, we refer to dual
gradient descent (Boyd and Vandenberghe 2004), which al-
ternates between finding the optimal values of primal vari-
ables with fixed dual variables and applying gradient descent
on dual variables for one step. It is also noted that while op-
timizing with respect to the primal variables fully is imprac-
tical, a truncated version that performs incomplete optimiza-
tion (even for a single gradient step) can be shown to con-
verge under convexity assumptions. Although the assump-
tions are not strictly satisfied, Haarnoja et al. (2018) still ex-
tended the technique to neural networks and found it work-
ing in practice. Thus, we compute gradients for α according
to the objective in Equation 18. H̄ is a hyperparameter and
is calculated as the running mean of − log qζ(zk|τt, ut) in
practice. The overall algorithm is displayed in Algorithm 1.

J(α) = Eut∼πk
t

[
α log qζ(zk|τt, ut) + αH̄

]
(18)

Experiments
In this section, we conduct a large set of experiments to
validate the efficiency and effectiveness of AIR across vari-
ous scenarios. To be consistent with previous methods (Ma-
hajan et al. 2019; Wang et al. 2020c; Yang et al. 2022),
we similarly employ QMIX (Rashid et al. 2018) as the

backbone while using AIR for exploration. Several state-
of-the-art MARL methods are selected as baselines, in-
cluding QMIX (Rashid et al. 2018), QPLEX (Wang et al.
2020a), and recognized works about multi-agent exploration
(MAVEN (Mahajan et al. 2019), RODE (Wang et al. 2020c),
LDSA (Yang et al. 2022)). All the baselines are implemented
with the open-source codes in their original papers. We run
each algorithm on 5 different random seeds for every task to
alleviate the randomness in experiments.

StarCraft II Multi-Agent Challenges
StarCraft II Multi-Agent Challenges (SMAC) (Samvelyan
et al. 2019) is a popular benchmark for cooperative MARL.
There are two armies of units in SMAC. Each ally unit is
controlled by a decentralized agent that can only act based
on its local observation and the enemy units are controlled
by built-in handcrafted heuristic rules. The performance of
an MARL method is assessed by its test win rates in the
SMAC scenarios. In our experiments, the difficulty level of
built-in AI is set to 7 (very hard), and the version of StarCraft
II engine is 4.6.2 instead of the simpler 4.10.

We present experiment results on 6 Hard and Super Hard
SMAC scenarios in Figure 2. The solid line represents the
median win rates during training, with the 25-75% per-
centiles being shaded. Although the win rate in corridor
is slightly lower than RODE, AIR reaches the best perfor-
mances in 5 out of all 6 scenarios with both the highest
win rates and the earliest rise-ups. It is noteworthy that dif-
ferent scenarios necessitate distinct algorithmic capabilities.
For example, agents in corridor should adopt specialized
roles alternately, with some drawing enemies and others fo-
cusing fire on enemies, which requires the algorithm to in-
duce diverse agent behaviors. 3s5z vs 3s6z and 6h vs 8z are
two hardest scenarios that require extensive exploration (Hu
et al. 2021). While other multi-agent exploration methods
(MAVEN, RODE and LDSA) only work on corridor and
completely fail in 3s5z vs 3s6z and 6h vs 8z, we are de-
lighted to find that our proposed method exhibits remarkable
sample efficiency and effectiveness across scenarios, which
strongly demonstrates the superiority of AIR’s multi-agent
exploration strategy.

Google Research Football
Experiments in numerous previous studies have revealed
that algorithms claiming state-of-the-art performance often
exhibit significant degradation when applied to different en-
vironments. To assess the generalizability of AIR to other
environments, we conducted further experiments in Google
Research Football (GRF) (Kurach et al. 2020). GRF is a
user-friendly platform for researchers to explore and develop
novel RL algorithms with customized scenarios, which ne-
cessitates the acquisition of sophisticated strategies involv-
ing teamwork, ball control, and tactical decision-making.

We choose three official scenarios from Football
Academy, and the experiment results are displayed
in Figure 3. Academy pass and shoot with keeper
is a relatively easy scenario where AIR performs
closely with the best baselines. Academy corner and
academy run pass and shoot with keeper are two harder
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Figure 2: Experiment results of AIR and baselines on SMAC.

Figure 3: Experiment results of AIR and baselines on GRF.

scenarios that require tacit cooperation of agents. We can
see that most of the baselines can address only one of the
two scenarios, whereas AIR achieves significantly superior
performance in both. Although RODE is considered a
state-of-the-art method and even outperforms AIR in
SMAC corridor, it experiences a substantial performance
decline in GRF. In contrast, AIR maintains its superiority
in both environments. Therefore, we can conclude that AIR
not only exhibits exceptional performance across diverse
scenarios within the same environment but also maintains
its superiority when applied to different environments.

Case Study
In order to study how AIR adjusts the exploration dur-
ing training, we dive into a training session conducted on
the corridor scenario in SMAC. We record the win rate
and temperature values during training, and we reduce the
high-dimensional observation vectors to 2D space via the
t-SNE (Van der Maaten and Hinton 2008) algorithm for
dimensionality reduction to visualize the distributions of
agents’ trajectories at different training steps.

According to Figure 4, the temperature α is positive dur-
ing the first half of the training process, thus the individual
exploration is enhanced. At T = 300k, the region visited

Figure 4: The training session on SMAC corridor. Up: The
curves that depict the changes of win rate and temperature
value during training. Down: The 2D t-SNE visualizations
of the agents’ trajectories at different training steps.
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Figure 5: The relative model sizes of algorithms.

by the agents is very limited, with few noises distributed
away from the cluster. The degree of individual exploration
reaches the peak at around T = 1.5M , when all the agents
visit a much wider region than they did at T = 300k steps,
which confirms an extensive individual exploration between
the two timestamps. After 2 million training steps, the tem-
perature turns negative and the exploration mode is switched
to collective exploration. At T = 3.5M , the trajectories of
different agents exhibit initial proximity at the beginning
of an episode, but subsequently diverge and become read-
ily distinguishable, while at T = 1.5M the trajectories of
agents are largely intertwined. This suggests an obvious in-
crease in the diversity of agents’ behaviors. Therefore, we
can conclude that AIR integrates individual and collective
exploration and can dynamically adjust the mode and degree
of exploration during training.

Ablation Study
To ensure a fair comparison in performance, it is necessary
to exclude the effect of model size. We set the model size of
QMIX as the baseline (100%) and display the relative model
sizes of other algorithms with respect to QMIX in Figure 5.
Despite utilizing an extremely lightweight model, AIR still
achieves significant results across tasks, demonstrating its
great efficiency and superiority.

The primary advantage of AIR over other exploration
methods for cooperative MARL lies in its integration of in-
dividual and collective exploration within a unified frame-
work, as well as allowing for dynamic adjustment of ex-
ploration modes and intensity based on training progress.
We first validate the benefits of unifying the two types of
exploration and design two variants, AIR-in and AIR-co,
which constrain the temperature value to be positive and
negative during training, so the mode of exploration is set
as individual and collective respectively. We conduct exper-
iments in SMAC MMM2 and 6h vs 8z scenarios, and the
results are shown in Figure 6. When AIR incorporates only
a single mode of exploration (AIR-in or AIR-co), its per-
formance is substantially inferior to the original AIR, which
integrates both individual and collective exploration modes.
Therefore, the integration of individual and collective explo-
ration within a unified framework is a key factor contributing
to AIR’s superior performance.

Furthermore, we investigate the impact of dynamically
adjusting the exploration degree (i.e., the temperature value)
on the training process with a fixed exploration mode. How-
ever, selecting a proper temperature value α is non-trivial
as mentioned above. Drawing from the study by Hu et al.

Figure 6: The experiment results of AIR and its variants with
distinct exploration modes.

Figure 7: The experiment results of AIR and QMIX variants
with varied degrees of individual exploration.

(2021), we use QMIX with ϵ-greedy exploration strategy
as the control group and adjust the degree of individual ex-
ploration by switching the value of ϵ anneal period between
100K and 500K. As shown in Figure 7, with more intensive
exploration, QMIX-500K performs better than QMIX-100K
in 6h vs 8z, but it would completely fail in corridor as over-
exploration ruins the exploitation of agents. Meanwhile, the
degree of exploration in AIR can be dynamically adapted to
the specific task and training process, rendering the success
of AIR in both scenarios. Evidently, the mechanism of AIR
for dynamically adjusting exploration intensity is of great
superiority.

Conclusion
Exploration for value-based agents in cooperative multi-
agent tasks remains a tough problem, partly due to the ab-
sence of an explicit policy. Previous works have made some
progress mainly through individual exploration based on
agent’s uncertainty towards the system or collective explo-
ration focusing on agents’ behavioral diversity. In this pa-
per, we propose Adaptive exploration via Identity Recog-
nition (AIR), which is the very first approach to integrate
both individual and collective in a unified framework. The
core module in AIR is an identity classifier that distinguishes
corresponding agents based on given trajectories. Accord-
ing to our theoretical analysis, the accuracy of the classifier
is highly related to the exploration of agents. Consequently,
we design a unified exploration mechanism that can switch
the exploration mode between individual and collective ex-
ploration according to the training stage as well as tuning
the degree of exploration. We conduct extensive experiments
and studies on varied scenarios, and the results strongly
demonstrate the superiority of our proposed method.
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