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Abstract

TD(λ) in value-based MARL algorithms or the
Temporal Difference critic learning in Actor-Critic-
based (AC-based) algorithms synergistically inte-
grate elements from Monte-Carlo simulation and
Q function bootstrapping via dynamic program-
ming, which effectively addresses the inherent bias-
variance trade-off in value estimation. Based on
that, some recent works link the adaptive λ value
to the policy distribution in the single-agent re-
inforcement learning area. However, because of
the large joint action space from multiple agents
and the limited transition data in Multi-agent Re-
inforcement Learning, the policy distribution is in-
feasible to calculate statistically. To solve the pol-
icy distribution calculation problem in MARL set-
tings, we employ a parametric likelihood-free den-
sity ratio estimator with two replay buffers instead
of calculating statistically. The two replay buffers
of different sizes respectively store the historical
trajectories that represent the data distribution of
the past and current policies. Based on the esti-
mator, we assign Adaptive TD(λ), ATD(λ), values
to state-action pairs based on their likelihood un-
der the stationary distribution of the current policy.
We apply the proposed method on two competi-
tive baseline methods, QMIX for value-based algo-
rithms, and MAPPO for AC-based algorithms, over
SMAC benchmarks and Gfootball academy scenar-
ios, and demonstrate consistently competitive or
superior performance compared to other baseline
approaches with static λ values.

1 Introduction
Recent advances in Multi-agent reinforcement learning
(MARL) have led to significant progress in a wide range of
applications, such as autonomous vehicle teams [Cao et al.,
2012] and sensor networks [Zhang and Lesser, 2011]. Within
the MARL landscape, various value-based approaches target
enhancements in either value decomposition [Sunehag et al.,
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2017; Rashid et al., 2018; Wang et al., 2020a] or cooper-
ative exploration [Mahajan et al., 2019; Yang et al., 2020;
Wang et al., 2020b]. These prevalent methodologies in-
volve the utilization of temporal difference (TD) updates
for training the Q value function. Additionally, actor-critic
methods, including [Foerster et al., 2018; Yu et al., 2022;
Wang et al., 2023; Wu et al., 2026], have also exhibited out-
standing performance across challenging tasks, such as Star-
Craft II [Samvelyan et al., 2019] and Google Football Re-
search [Kurach et al., 2020], and the critic network can also
be updated by TD or GAE methods.

Nevertheless, TD learning confronts the challenge of over-
estimation bias stemming from function approximation [Ci-
cek et al., 2021], and Monte-Carlo methods introduce lower
bias but exhibit larger variances [Sutton and Barto, 2018].
The large bias or the large variance may make the credit as-
signment process unstable in the training process. Therefore,
the fundamental trade-off in MARL also lies in the definition
of the update target: should one estimate Monte-Carlo returns
or bootstrap from an existing Q-function [Seijen and Sutton,
2014]? To flexibly navigate this trade-off in value estimation,
the incorporation of TD(λ) becomes crucial.

To demonstrate the significant impact of different λ values
in the TD(λ) method on final performance, we conducted a
toy experiment within a multi-agent lava-path scenario. Illus-
trated in Figure 1, the learning curve of the adaptive TD(λ)
values surpasses those of fixed lambda values. This observa-
tion underscores the profound influence of well-chosen λ val-
ues in enhancing training performance while underscoring the
potential detriment incurred by inappropriate λ values. This
complexity in the relationship between λ values and perfor-
mance makes the choice of λ values as hyper-parameters a
challenging task.

Meanwhile, proper λ values vary intuitively based on the
different training MARL processes. For example, higher λ
values (almost MC) allow the target to better reflect real long-
term returns, which accelerates the fitting and speeds up the
stabilization of the joint value at the early training stage. In
contrast, when the policy stabilizes, the replay samples from
older policies become biased relative to the current policy
from the middle to later training process. In such a way,
smaller λ values reduce reliance on outdated MC returns and
instead trust the increasingly accurate critic.

Based on that, we introduce the ATD(λ), a novel approach
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Figure 1: (a): Two agents are asked to reach their opposite goals within 60 steps without collision. Agents can choose from moving in four
directions and a ’staying’ action. Agents receive 40 marks when both of them reach their goals and -10 marks when they step into the lava.
Otherwise, agents receive the marks of their distance to their goals subtracted by 40 after the time step limit. (b): The performance curves
of different commonly-used preset TD(λ) values with adaptive λ values. The x-axis is the training time steps (e6), and the y-axis is the final
performance. (c) The average adaptive lambda values during the training process.

for determining the λ value based on sampled transitions dur-
ing training. Inspired by recent studies in density ratio cal-
culation [Sinha et al., 2022] and off-policy policy evaluation
[Grover et al., 2019], we employ a likelihood-free parametric
network to simulate the density ratio for each state-action pair
of a batch of sampled trajectories, and scale this ratio to serve
as the adaptive λ values. This approach utilizes a large re-
play buffer to store off-policy trajectories for sampling and a
much smaller replay buffer to store on-policy trajectories and
estimates the degree of on-policiness adherence for sampled
off-policy trajectory data by calculating the f -divergences be-
tween the two replay buffers by the parametric network.

The main contributions of this work are: 1) We propose
an MARL-specific formulation of an adaptive λ calculation
method for each transition based on parametric likelihood-
free off-policy estimation. 2) We propose a training mech-
anism using two replay buffers to approximate density ra-
tios between on- and off-policy distributions without explicit
policy modeling and adapt that to existing value-based ap-
proaches and value-based critic AC algorithms with minor
changes to existing MARL codebases. 3) We describe the
feasibility of our framework from theoretical perspectives
and validate our methods empirically by extensive experi-
ments on SMAC benchmarks and Gfootball academy tasks.
Experimental results indicate that existing MARL methods
equipped with ATD can compete with or outperform original
MARL methods in terms of the winning rates or accumulated
rewards.

2 Related Work
Multi-agent Reinforcement Learning: In multi-agent
value-based algorithms, the centralized value function, joint
Q-function, is decomposed into local utility functions. Many
methods have been proposed to meet the Individual-Global-
Maximum (IGM) [Son et al., 2019] assumption, which in-
dicates the consistency between the local optimal actions
and the optimal global joint action. VDN [Sunehag et al.,

2017] and QMIX [Rashid et al., 2018] introduce additiv-
ity and monotonicity to Q-functions. QTRAN [Son et al.,
2019] transforms IGM into optimization constraints. QPLEX
[Wang et al., 2020a] uses a duplex dueling network architec-
ture to guarantee IGM assumption. Instead of focusing on
value decomposition, multi-agent policy gradient algorithms
provide a centralized value function to evaluate current joint
policy and guide the update of each local utility network.
Most policy-based MARL methods extend single-agent RL
ideas, including MADDPG [Lowe et al., 2017], MAPPO [Yu
et al., 2022]. FOP [Zhang et al., 2021] algorithm factor-
izes optimal joint policy by maximum entropy and MACPF
[Wang et al., 2023] mixes critic values of each agent.

TD(λ) in MARL: Recent works on TD(λ) in MARL have
explored the application and enhancement of TD(λ), address-
ing the challenges in centralized value functions and policy
gradients. SMIX(λ) [Yao et al., 2021] uses an off-policy
training to achieve a stable centralized value function by
avoiding the greedy assumption and connects the SMIX(λ)
to Q(λ) [Peng and Williams, 1994]. ETD(λ) [Jiang et al.,
2021] ensures the convergence in the linear case by appro-
priately weighting TD(λ) updates. [Wang et al., 2020c] ex-
plores off-policy multi-agent learning with decomposed pol-
icy gradients, incorporating TD(λ) methods for estimating the
decomposed critic. [Li et al., 2025] introduces a λ anneal-
ing mechanism and a λ∗ threshold according to the training
episodes. Importance sampling is the simplest way to correct
for the discrepancy between behavior policy and target policy
[Precup, 2000; Geist et al., 2014], but suffers from large vari-
ance. Retrace[Munos et al., 2016] is an off-policy reinforce-
ment learning algorithm that uses truncated importance sam-
pling with eligibility traces to enable safe and efficient value
function updates from off-policy data. Q∗(λ)[Harutyunyan
et al., 2016] introduces an off-policy correction based on the
Q-baseline which avoids the blow-up of the variance but does
not guarantee convergence for arbitrary π and µ. Tree-backup
algorithm [Precup, 2000] corrects the discrepancy by multi-
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plying each term of the sum of the product of target policy
probabilities, however, it is not efficient in the near on-policy
case as it unnecessarily cuts the traces. Motivated by [Hu
et al., 2021], our method introduces a λ value calculation
method based on the likelihood that the sampled transitions
occur in the current policy during the training process.

3 Background
MARL modeling A fully cooperative multi-agent task is
described as a Dec-POMDP [Oliehoek et al., 2016] task
which consists of a tuple G = ⟨S,A, P, r, Z,O,N, γ⟩ in
which s ∈ S is the global state of the environment and
N is the number of agents. At each time step, each agent
i ∈ N ≡ {1, . . . , n} chooses an action ai ∈ A which forms
the joint action a ∈ A ≡ AN . The transition on the en-
vironment is according to the state transition function that
P (·|s, a) : S × A × S → [0, 1]. The reward function,
r(s, a) : S × A → R, is shared among all the agents, and
γ ∈ [0, 1) is the discount factor for future reward penalty.
Partially observable scenarios are considered in this paper,
in which each agent draws individual observations zi ∈ Z
of the environment according to the observation functions
O(s, i) : S×N → Z. Meanwhile, the action-observation his-
tory, τi ∈ H ≡ (Z×A)∗, is preserved for each agent and con-
ditions the stochastic policy πi(ai|τi) : H×A → [0, 1]. In the
Centralized Training with Decentralized Execution (CTDE)
settings, the state is provided during the centralized training
phase and the agents can only acquire partial observations
during the decentralized execution phase.
MARL algorithms Value-based MARL algorithm aims to
find the optimal joint action-value function Q∗(s, a; θ) =
r(s, a) + γEs′ [maxa′ Q∗ (s′,a′; θ)] and parameters θ are
learned by minimizing the expected TD error. VDN learns
a joint action-value function Qtot(τ,a) as the sum of individ-
ual value functions: QVDN

tot (τ,a) =
∑n

i=1 Qi(τi, ai). QMIX

introduces a monotonic restriction ∀i ∈ N,
∂QQMIX

tot (τ,a)
∂Qi(τi,ai)

> 0 to
the mixing network to meet the IGM assumption. In policy-
based algorithms, agents use a policy πθ(ai|τi) parameterized
by θ to produce an action ai from the local observation and
jointly optimize the discounted accumulated reward J(θ) =
Eat,st [

∑
t γ

tr(st, at)] where at is the joint action at time step
t. In the AC-based algorithm, MAPPO algorithm, the ac-
tor is updated by optimizing the target function Jθk(θ) =∑

st,at min( πθ(a
t|st)

π
θk

(at|st)Aθk(st, at), clip( πθ(a
t|st)

π
θk

(at|st) , 1 − ϵ, 1 +

ϵ)Aθk(st, at)), where the ϵ is the clip parameter and
Aθk(st, at) is the advantage function. The critic training is
similar to value-based Q learning by calculating TD-error and
TD targets and the target value is calculated by bootstrapping
from the existing Q-function according to temporal difference
methods or Monte-Carlo returns.
TD(λ) Temporal-difference algorithms are based on the
fact that the value function should satisfy Bellman equations
for all s and the target is formulated as the regression target:

TTD(0)(st,at) := r(st,at) + γQ̂(st+1,at+1) (1)

in which the T is the target value, the Q̂(st+1,at+1) is the
estimated Q value in t+ 1 time step and these algorithms are

referred as TD(0). The Monte-Carlo approach is based on the
intuition that the discounted sum of rewards realized by the
policy from a state st is an unbiased estimator of Q(st,at).
The target value is calculated by:

TMC(st,at) =

ni−t−1∑
k=0

γtr(st+k,at+k) (2)

where the ni is the length of the trajectory τi and these algo-
rithms are also referred as TD(1).

Between the two extremes of TD(0) and TD(1), TD(λ) in-
tegrates the Temporal Difference method with Monte-Carlo
methods by parameter λ:

Tλ
t = r(st,at) + γ[λTλ

t+1 + (1− λ)max
a′∈A

Q(st+1,a
′)]. (3)

The TD(λ) calculation is also related to the λ-return extension
[Sutton, 1988] which considers the exponentially weighted
sum of n-step returns to calculate Q values. The general
return-based operator R [Munos et al., 2016] is defined as:

RQ(s, a) :=Q(s, a) + Eµ[
∑
t≥0

γt(
t∏

i=1

ci)

(rt + γEπQ(st+1, .)−Q(st,at))]

(4)

for some non-negative coefficients ci, traces, where
EπQ(s, .) :=

∑
a π(a|s)Q(s, a) and c0 = 1.

According to the Bellman Equation, for a policy π,
the Bellman operator T π is defined as T πQ := r +
γPπQ, and the Bellman optimality operator is T Q :=
r + γmaxπ P

πQ, where the Pπ operator is defined as
PπQ(s, a) :=

∑
s′∈S

∑
a′∈A P (s′|s, a)π(a′|s′)Q(s′,a′). In

the policy evaluation setting, a fixed policy π is given whose
value Qπ we wish to estimate from sample trajectories drawn
from the behavior policy µ. In the rollout process, the policy
depends on the sequences of Q-functions, such as ϵ-greedy
policies, and seeks to approximate Q∗. Based on the nota-
tions above, the calculation of the off-policyness measure-
ment is shown in the Method and the convergence analysis of
R operator is shown in Appendix A.

4 Method
In this section, we introduce the overall architecture of our
framework and the training details of the likelihood-free den-
sity ratio network. Our framework generates two replay
buffers of different sizes, a large buffer for off-policy trajec-
tories and a small buffer for on-policy trajectories. The λ-
predictor network is trained adversarially by the transitions
sampled from the two buffers. The network output is then
used as the λ value to calculate the target Q values. Addition-
ally, we provide the convergence justification of the adaptive
λ method in Appendix A.

4.1 Architecture
The importance sampling between the behavior policy and
the target policy according to the stability condition of the
off-policy TD learning is currently the best method to adjust
the data distribution [Sutton et al., 2016; Jiang et al., 2021].
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Figure 2: The utility networks and the mixing network are from the original MARL algorithms, QMIX in this paper. Interactive transitions
are stored in two replay buffers. One of them is small (on-policy buffer) and the other one is large (off-policy buffer). Training data are
sampled uniformly from these two buffers and used for calculating the likelihood-free density ratios. The density ratios are used as the λ
values and importance weights during the training process.

Meanwhile, given a fixed target policy π and behavior policy
µ, and a set of non-negative coefficients ct = ω(at, τt) under
the assumption that 0 ≤ cs ≤ π(a|s)

µ(a|s) ≤ 1, the use of impor-
tance sampling, the operator R is γ-contraction [Munos et
al., 2016]. Moreover, the coefficients of Equation 4 are state-
action specific, so that the coefficients can be represented by
a parametric network conditioned on state-action pairs.

The training process of value-based MARL algorithms
is the Q value Temporal Difference (TD) updating of each
agent’s utility network. In QMIX and the algorithms derived
from QMIX, TD updates are applied to the mixed Qtot value.
The utility network is composed of multi-layer perceptron
(MLP) layers and Gate Recurrent Unit (GRU) cells in which
ht
i is the historical hidden state. Similar to the QMIX algo-

rithm, the utility network at time step t of agent i takes the
observation oti and its chosen action ati as an input and outputs
the Qi(τi, ai) of each agent according to the encoded history
state τi. Then, these Q values are used for subsequent mixing
mechanisms, QMIX and QPLEX for example, and trained by
TD learning.

As shown in Figure 2, the interaction trajectories with the
environments are stored in the original replay buffer (off-
policy buffer) and a small on-policy buffer. The on-policy
buffer is refreshed faster than the off-policy buffer, thus the
transitions are more of an on-policy property. The new in-
teractive trajectories are inserted into the fast buffer and the
slow buffer. We then sample trajectories from both the replay
buffers and train a network that takes state-action (s,a) as in-
put to calculate the on-policy density ratio. The ATD network
is also composed of a multi-layer perceptron (MLP) layer and
Gate Recurrent Unit (GRU) cells. The results are then acti-
vated by a sigmoid layer to be scaled in the range between
0 and 1. During the centralized training process, the global
states are available so the recurrent layer can be masked be-
cause of the Markov property. As for the algorithms with-
out centralized learning, the recurrent layer encodes the his-
tory of observations and represents the latent state distribu-
tion. The ATD network takes the observation and the action
of each agent as the input and provides the λ values for each
agent. Finally, the λ values are used for calculating the eligi-
bility trace and participating in the TD error calculation and

the ATD network is updated with the same frequency as the
target networks.

4.2 Measurement of on-policy transitions
We quantify the off-policy degree (1− on-policy) of a transi-
tion based on its age, aligning with the rationale that transi-
tions generated by older policies, denoting a higher off-policy
nature, are not accurate via MC simulation and should be as-
signed gradually decreasing TD(λ) values. The λ value de-
pends on the likelihood that an off-policy transition is gen-
erated by the current policy. We define d as the distribu-
tion that the replay buffer D is sampled from and is sup-
ported on the entire state-action space, dπ as the stationary
distribution of state-action pairs under the current policy, and
LQ(θ, d

π) = ∥Qtot(s, a|θ) − RQtot(s, a|θ)∥2dπ as the loss
function of the mixing network, in which the adaptive λ value
is calculated by ω(s, a).

In practice, obtaining an accurate estimation of dπ requires
on-policy samples from dπ and interactions with the envi-
ronment. Moreover, when incorporating off-policy transi-
tions from the replay buffer, calculating the on-policy degree
ω(s, a) := dπ(s, a)/dD(s, a) becomes challenging due to the
replay buffer D constituting a mixture of trajectories derived
from policies at different time steps. In this paper, we adopt
a variational representation of f -divergences between a set of
older trajectories and a set of more recently generated trajec-
tories to estimate the density ratios.
Theorem 1. [Nguyen et al., 2010] Assume that f has first-
order derivatives f ′ at [0,+∞). ∀P,Q ∈ P(X ) such that
P ≪ Q and ω : X → R+,

Df (P∥Q) ≥ EP [f
′(ω(x))]− EQ[f

∗(f ′(ω(x)))] (5)

where f∗ denotes the convex conjugate and the equality is
achieved when ω = dP

dQ .

According to Theorem 1, the density ratio ω(s, a) :=
dπ(s, a)/dD(s, a) can be estimated by the samples from two
sets of trajectories. One of the two sets of trajectories dD can
be sampled from the regular large replay buffer (off-policy
buffer Doff ) from original value-based MARL algorithms
and the other one dπ from the small replay buffer (on-policy
buffer Don) which only contains recent trajectories. After
each rollout process, the new trajectory is updated to Don.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



4.3 Training pipeline
Based on the two samples from the off-policy replay buffer
and the on-policy replay buffer, the ω(s, a) can be estimated
by a network ωϕ(s, a) parametrized by ϕ. To estimate the
density ratio ω(s, a) = dP

dQ (s, a), the problem can be framed
as an optimization task of maximizing the lower bound based
on the inequality. Maximizing the right-hand side of the in-
equality:

max
ωϕ

(EP [f
′(ωϕ(s, a))]− EQ[f

∗f ′(ωϕ(s, a))]) (6)

is equivalent to minimizing the negative lower bound of:

Lω(ϕ) := EDon [f
∗(f ′(ωϕ(s, a)))]− EDoff

[f ′(ωϕ(s, a))] (7)

From Theorem 1, the estimate of the density ratio can be
recovered from the ωϕ by minimizing the Lω(ϕ). Addition-
ally, the output of the network ωϕ is scaled to the range of
(0, 1) by the sigmoid activation function. The f function cho-
sen in this paper is symmetric divergence related to Jensen-
Shannon (JS) divergence, which results in a binary cross-
entropy loss:

Lω(ϕ) := BCEs,a∼Doff
(ωϕ(s, a), 0) +BCEs,a∼Don(ωϕ(s, a), 1) (8)

Therefore, the final objective for TD learning over Q is:

LQ(θ; d
π) ≈ LQ(θ;Doff , ωϕ)

= E(s,a)∼Doff
[(Qtot(s, a|θ)−R

ω(s,a)
t )2]

(9)

R
ω(s,a)
t = r(s, a) + γ[ω(s, a)R

ω(s′,a′)
t+1

+ (1− ω(s, a))max
a′∈A

Qtot(s
′,a′|θ−)]

(10)

where the θ− is the mixing network parameter which is main-
tained and updated frequently. The R

ω(s,a)
t in this formula is

the target value at time step t calculated by TD(λ) in which
the λ value is calculated by ω network and conditioned on the
state-action (s, a) pairs.

In basic value-based MARL algorithms, the parameter of
the utility network or the mixing network θ is updated fre-
quently and the lag parameter θ− is employed during the
calculation of the target mixed value. Consequently, for a
given state-action pair, the target value remains unchanged
between update intervals, providing a stable supervised sig-
nal to Qtot(s, a|θ). Therefore, we cache the λ value for each
sampled transition based on ω(s, a) for subsequent use, and
refresh these cached values to 0 after the update of θ− to en-
sure the stability.

For MAPPO, the two buffers are also maintained. The first
is the standard on-policy rollout buffer, whose capacity corre-
sponds to the number of rollout threads defined by MAPPO,
which serves as the original trajectory buffer. To incorporate
additional historical experience, a second off-policy buffer
with a size 50x larger than the on-policy buffer is introduced.
In the standard MAPPO framework, the actor is optimized us-
ing GAE computed from the on-policy data, while the critic
is trained by minimizing the mean-squared error between its

value estimates and the cumulated (MC) return. In our modi-
fication, we replace the MC return with the ATD-based return,
which is computed using samples drawn from both the on-
policy and off-policy buffers. This changes the critic learn-
ing procedure accordingly while leaving the actor update un-
changed, aside from the addition of the off-policy buffer used
for ATD estimation.

5 Experiment
We evaluate the performance of our method via the fully co-
operative StarCraftII micro-management challenges by the
mean winning rate in each scenario and the average scor-
ing results in Google Football Research. In this section, we
mainly compare our ATD(λ) method to those commonly-
used baselines. We also show the performance enhancement
by presenting 6 out of 23 scenarios with 2 levels of difficulty
from SMAC in this paper and 6 multi-player academy tasks
from Gfootball. Additionally, ablation studies are also con-
ducted to show the adaptability of our approach to other algo-
rithms and the influence of fast buffer size. More discussions
can be found in Appendix.

5.1 Experiment Settings
SMAC We verify the adaptive λ methods on 6 subtasks
of two difficulties, a) hard tasks including 5m_vs_6m,
10m_vs_11m, and b) super-hard scenarios 3s5z_vs_3s6z,
corridor, MMM2, and 6h_vs_8z. The winning rates of battles
are calculated by the mean of 32 evaluation processes among
10 times with different seeds and smoothed by 0.6 for better
visualization within 2M time steps. The shading area is the
variance that represents the stability of the generated policies.
In each experiment, the x-axis represents the time steps (e6)
being evaluated and the y-axis is the mean of the winning rate
among 10 seeds of 32 evaluation rollout rounds.
Gfootball We also verify our proposed dynamic λ method
on 6 academy scenarios of Google Football Research of
which the reward settings are sparse. Since value-based
MARL algorithms underperform on sparse reward settings,
we mainly show the improvement of ATD method on AC-
based methods within 50M time steps.
Baseline We adapt our method to QMIX and MAPPO
and compare our methods to the value-based W-QMIX and
QPLEX, popular policy-based algorithm MAPPO, and a
recent AC-based algorithm MACPF with their officially-
provided default parameter settings. The QMIX, QPLEX,
and W-QMIX in this paper are from the pymarl codebase
[Rashid et al., 2020]. The MACPF is from the codebase
[Zhang et al., 2021; Wang et al., 2023] and the MAPPO is
provided by [Yu et al., 2022].

5.2 Experiment Results
We commence the evaluation of our proposed dynamic λ
method on the QMIX algorithm (TD(λ)) across six bench-
marks within the SMAC framework which encompass two
hard tasks and four super-hard tasks. The average test win-
ning rate, computed across 10 seeds for each of the 6 sce-
narios, is depicted in Figure 3 to provide a comprehensive
overview of the algorithms’ overall performance. In the tasks
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Figure 3: The winning rate curves evaluated on the 6 SMAC tasks with two major difficulties among our ATD+QMIX and other baselines.

Figure 4: The winning rate curves evaluated on the 6 academy Gfootball tasks among our ATD+MAPPO and other baselines.

such as 5m_vs_6m and 10m_vs_11m, MMM2, our proposed
method competes favorably with or outperforms other base-
line algorithms. In the 3s5z_vs_3s6z, 6h_vs_8z, and the cor-
ridor task, where not all baseline algorithms exhibit winning
rates, our method achieves commendable results. Notably,
for the 3s5z_vs_3s6z task, we fine-tune the parameter of the

mixing network size in QMIX and apply both the original
setting and the adjusted setting to other baselines. The graph
reflects the superior performance of the two settings. Other
hyper-parameters are detailed in Appendix G.

Figure 4 presents the results of our proposed dy-
namic λ method applied to the critic training of MAPPO
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Figure 5: The winning rate curves evaluated on 27m_vs_30m, 3s_vs_5z, and MMM2 scenarios.

algorithm across six academy scenarios within the
Google Football Research framework. In the scenar-
ios ’pass_shoot_with_keeper’ (abbreviated as psk) and
’3_vs_1_with_keeper’ (3_vs_1k), our method competes
effectively with the MAPPO algorithm. Impressively, in the
remaining four scenarios, our method significantly outper-
forms other baseline algorithms. It is noteworthy that Figure
4 also highlights a trend where the majority of value-based
algorithms and an Actor-Critic-based algorithm, MACPF,
struggle to perform well on these tasks. Despite applying
our dynamic TD(λ) method to the QMIX algorithm, the
observed performance improvement is marginal and falls
short of matching the performance achieved by MAPPO.

5.3 Discussion
In this section, we mainly show the performance enhance-
ment and the compatibility that our method can be adapted
to other value-based methods. We also show the influence of
on/off-policy buffer size and the λ value cache mechanism.

Compatibility We implement two replay buffers of differ-
ent sizes and calculate the λ value according to the state-
action density ratios, so our ATD(λ) module, based on TD up-
dates, can be regarded as a plugin that can be adapted to other
value-based MARL methods with minor changes. To test the
compatibility of our work, we apply our method on QPLEX,
and OW_QMIX algorithms in 27m_vs_30m, 3s_vs_5z, and
MMM2 scenarios correspondingly.

According to Figure 5, in the three scenarios, all of the al-
gorithms with our proposed ATD(λ) method outperform the
algorithms with static λ values. By adding a large replay
buffer and updating the target critic value, we also apply the
idea of our approach to the MAPPO algorithm to assist the
critic network training. Figure 4 also shows that our method
can also improve the policy-based MARL algorithms with
critic networks.

On/Off-policy Buffer Size According to the default set-
tings of code-base pymarl, we set the size of the off-policy
replay buffer as 5000. To test the influence of the on-policy
replay buffer size, we choose four ratios, 10x, 25x, 50x,
and 100x, compared with the off-policy replay buffer on the
10m_vs_11m scenario. As for the MAPPO algorithm, the on-
policy buffer size is the parallel rollout size and the off-policy

Figure 6: The winning rate curves evaluated on 10m_vs_11m with
different ratios between the on/off-policy replay buffer size.

buffer size is calculated by multiplying the ratios.
As shown in Figure 6, the 50x buffer size distinctly

achieves the highest performance and faster convergence
speed. Empirically with the policy improvement progress, a
large on-policy buffer may be mixed into some off-policy data
because old trajectories are refreshed slowly. In contrast, a
small on-policy buffer may not be able to contain enough on-
policy data due to the variance initial state. Thus, this paper
chose a proper ratio of 50x and used it as the default setting
among the experiments.

6 Conclusion and Future Work
In this work, we consider the challenge of choosing the hyper-
parameter of the λ value, which should be properly selected
before training. We propose our ATD method that consists
of two replay buffers and an extra network to calculate the f -
divergence as the density ratio. Most MARL code bases have
either provided the off-policy buffer (value-based methods) or
on-policy buffer (policy-based methods), so our ATD can be
easily implemented. The SMAC and Gfootball experimental
results indicate that our method can be adapted to both value-
based and AC-based methods. However, our method may not
be suitable to the environment with too much randomness, the
transitions in the replay buffer are non-repeating, such that the
density ratio, ω, are always quickly decayed to 0. More dis-
cussions about SMACv2 are in Appendix. In the future, we
might be concerned about how to solve the problem taken by
large randomness such as the SMACv2 environment.
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