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ABSTRACT
Value-based reinforcement learningmethods, like DeepQ-Networks
(DQNs), typically estimate returns by minimizing the mean squared
error between predicted and target values. From a Bayesian stand-
point, this procedure implicitly assumes that returns follow a uni-
modal Gaussian distribution, with parameters learned viamaximum
likelihood estimation. However, this assumption can be limiting
in environments characterized by high stochasticity or complex
reward dynamics, where capturing uncertainty and multi-modality
in the return distribution is critical for robust decision-making.
We propose Gaussian Mixture Q-Networks (GQN), a novel exten-
sion of Q-learning that models return distribution as a mixture of
Gaussians. Architecturally, GQN can be interpreted as a mixture-
of-experts Q-learning algorithm, where each Gaussian component
acts as an expert head and mixture weights are adaptively up-
dated via temporal-difference responsibilities inspired by Expec-
tation–Maximization. We evaluate GQN on the Atari benchmark
suite and observe improvements in both learning stability and final
performance compared to standard DQN baselines.
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1 INTRODUCTION
Deep Q-Networks (DQNs) [4] have emerged as a powerful approach
for approximating optimal Q-values in high-dimensional and com-
plex environments by using deep neural networks. By combining
Q-learning with function approximation and experience replay,
DQN has achieved remarkable success on challenging benchmarks
[1, 3, 8]. Standard DQN, however, assumes that the return distri-
bution is unimodal and represents the Q-value as a single scalar
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expectation. This assumption can limit performance in environ-
ments with inherently multi-modal return structures, where the
variance or shape of the return distribution varies significantly
across different regions of the state-action space. Capturing richer
information about the distribution of returns is key to improving
the quality of the learned Q-function, especially in highly stochastic
or partially observable domains.

To address this limitation, we propose Gaussian Mixture Q-
Networks (GQN), a novel extension of Deep Q-Learning. GQN
represents the action-value function as a mixture of experts, where
each expert corresponds to a Gaussian component predicting a
mean return, and the final Q-value is obtained as a weighted sum
over these components. Unlike standard Mixture-of-Experts (MoE)
approaches [6, 10] that rely on an auxiliary gating network, our
method derives the routing probabilities (mixture weights) directly
from a probabilistic formulation: we model returns as a Gaussian
mixture and update both the component means and the mixing co-
efficients through a temporal-difference responsibility mechanism
inspired by Expectation–Maximization [5]. This formulation en-
hances the expressiveness of the Q-function, provides a principled
way to route learning signals among experts, and leads to more sta-
ble and robust value learning, especially in complex environments.

2 BACKGROUND
We consider a Markov Decision Process with states 𝑠 ∈ S, actions
𝑎 ∈ A, reward 𝑟 (𝑠, 𝑎), transition dynamicsP(𝑠′ | 𝑠, 𝑎), and discount
factor 𝛾 ∈ (0, 1) [7]. A policy 𝜈 maps states to actions. The action
value function of a policy 𝜈 is

𝑄𝜈 (𝑠, 𝑎) = E𝜈

[ ∞∑︁
𝑡=0

𝛾𝑡 𝑟𝑡
�� 𝑠0 = 𝑠, 𝑎0 = 𝑎

]
.

The optimal action value function 𝑄∗ satisfies the Bellman optimal-
ity equation [2]

𝑄∗ (𝑠, 𝑎) = E𝑠′
[
𝑟 (𝑠, 𝑎) + 𝛾 max

𝑎′
𝑄∗ (𝑠′, 𝑎′)

�� 𝑠, 𝑎],
and the greedy optimal policy is 𝜈∗ (𝑠) = arg max𝑎 𝑄∗ (𝑠, 𝑎).

Q-learning estimates 𝑄∗ from sampled transitions (𝑠, 𝑎, 𝑟, 𝑠′) [9].
In deep Q-learning, a neural network 𝑄𝜃 (𝑠, 𝑎) is trained using a
one step temporal difference target

𝑦 = 𝑟 + 𝛾 max
𝑎′

𝑄𝜃 (𝑠′, 𝑎′),

where 𝑄𝜃 is a lagged target network as in DQN [4]. The standard
objective minimizes the squared temporal difference error

LDQN (𝜃 ) = E
[ (
𝑦 −𝑄𝜃 (𝑠, 𝑎)

)2
]
.
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This squared error objective is equivalent to maximum likelihood
estimation [5] under a fixed variance Gaussian noise model, which
motivates our mixture based reparameterization in the next section.

3 GAUSSIAN MIXTURE Q-NETWORK
In our proposed model, the Q-value for a given state 𝑠 and action 𝑎 is
modeled as a weighted sum of multiple Gaussian components. Each
component, indexed by 𝑖 ∈ {1, 2, . . . , 𝑛gaussians}, is parameterized
by a mean 𝜇𝑖 (𝑠, 𝑎), a shared variance 𝜎2, and a mixing coefficient
𝜋𝑖 (𝑎). The means 𝜇𝑖 (𝑠, 𝑎) are approximated by a neural network
f (𝑠;𝜃 ), which takes the state 𝑠 as input and outputs 𝜇𝑖 (𝑠, 𝑎) for all
actions 𝑎 and all components 𝑖 . That is,

𝜇𝑖 (𝑠, 𝑎) = f (𝑠;𝜃 )𝑖,𝑎,
where f (𝑠 ;𝜃 )𝑖,𝑎 denotes the output corresponding to action 𝑎 from
the 𝑖-th Gaussian component head of the network.

The mixing coefficients 𝜋𝑖 (𝑎) govern the contribution of each
component to the Q-value for action 𝑎, and are constrained such
that

∑𝑛gaussians
𝑖=1 𝜋𝑖 (𝑎) = 1 for every 𝑎. The Q-values are computed as:

𝑄 (𝑠, 𝑎) =
𝑛gaussians∑︁

𝑖=1
𝜋𝑖 (𝑎) 𝜇𝑖 (𝑠, 𝑎), (1)

which allows the model to blend the predicted means across compo-
nents to approximate complex return distributions. The complete
pseudocode of the proposed algorithm is provided in Algorithm 1.

4 EXPERIMENTS

Figure 1: Training performance of DQN, GQN (𝑁gaussians=5),
and Soft-MoE (5 experts) across six Atari games over 2M
frames. Curves show the running average episodic return,
and shaded regions indicate variability across five seeds.

We compare DQN [4], GQN, and Soft MoE [6] on six Atari games
[1]. All agents use the same encoder and the same training pipeline,
and we report the running average episodic return averaged over
five seeds. Figure 1 shows learning curves over the fixed training
budget. We use five components for GQN and five experts for Soft
MoE to keep model capacity comparable.

Across all six games, GQN improves learning stability and final
return compared to DQN and Soft MoE. The gains are strongest
in games where temporal difference targets are more heteroge-
neous due to environment stochasticity and bootstrap error[3].
GQN helps because different components can specialize on different

Algorithm 1 Gaussian Mixture Deep Q-Learning (GQN)
Initialize replay buffer D to capacity 𝑁 .
Initialize mixing coefficients 𝜋𝑖 (𝑎) = 1

𝑛gaussians
uniformly for all

actions 𝑎 ∈ 𝐴.
Initialize fixed variance 𝜎2

𝑖,𝑎 = 1.0 for all 𝑖 gaussian components
and actions 𝑎.

for episode = 1 to𝑀 do
Initialize state 𝑠
for 𝑡 = 1 to 𝑇 do

With probability 𝜖 , select a random action 𝑎𝑡
Otherwise, select 𝑎𝑡 = arg max𝑎 𝑄 (𝑠, 𝑎), where

𝑄 (𝑠, 𝑎) =
𝑛gaussians∑︁

𝑖=1
𝜋𝑖 (𝑎) · f (𝑠 ;𝜃 )𝑖,𝑎

Execute action 𝑎𝑡 , observe reward 𝑟𝑡 , and next state 𝑠′
Store transition (𝑠, 𝑎, 𝑟, 𝑠′) in D
Sample minibatch of transitions (𝑠 𝑗 , 𝑎 𝑗 , 𝑟 𝑗 , 𝑠′𝑗 )𝑚𝑗=1 from D
Compute TD target:

𝑦 𝑗 = 𝑟 𝑗 + 𝛾 max
𝑏

𝑛gaussians∑︁
𝑖=1

𝜋𝑖 (𝑏) · f (𝑠′𝑗 ;𝜃 )𝑖,𝑏

Compute responsibilities 𝜂𝑖,𝑎 for each Gaussian:

𝜂
( 𝑗 )
𝑖

=

𝜋𝑖 (𝑎 𝑗 ) N
(
𝑦 𝑗 | 𝜇𝑖 (𝑠 𝑗 , 𝑎 𝑗 ), 𝜎2

)
∑𝑛gaussians

𝑘=1 𝜋𝑘 (𝑎 𝑗 ) N
(
𝑦 𝑗 | 𝜇𝑘 (𝑠 𝑗 , 𝑎 𝑗 ), 𝜎2

) , ∀𝑖
Perform gradient descent step on:

L(𝜃 ) = 1
𝑚

𝑚∑︁
𝑗=1

𝑛gaussians∑︁
𝑖=1

𝜂
( 𝑗 )
𝑖

(
𝑦 𝑗 − f (𝑠 𝑗 ;𝜃 )𝑖,𝑎 𝑗

)2
.

Update weights of neural network for entire minibatch:

𝜃 ← 𝜃 − 𝛼∇𝜃L(𝜃 ),
Define 𝜂𝑖,𝑎 = 1

| {𝑘 : 𝑎𝑘=𝑎} |
∑

𝑗∈{𝑘 : 𝑎𝑘=𝑎} 𝜂
( 𝑗 )
𝑖

Update mixture weights:

𝜋𝑖,𝑎 ← (1 − 𝛽)𝜋𝑖,𝑎 + 𝛽𝜂𝑖,𝑎, ∀𝑖, 𝑎
Normalize 𝜋𝑖,𝑎 to sum to 1

target regimes, so updates interfere less through shared parame-
ters. Responsibilities assign soft credit to the components that best
explain the current target, which reduces noisy gradient mixing
and stabilizes value fitting. In simpler settings, the mixture often
concentrates on a single dominant component, which matches the
intuition that a single value head is sufficient.

5 CONCLUSION
In this work, we propose a novel Deep Q-learning algorithm in-
spired by Gaussian Mixture Models (GMMs). The core idea is to
model the return distribution as a mixture of Gaussians, offering a
richer and more flexible representation. Building on this perspec-
tive, we develop a modified Q-learning approach. We demonstrate
that our algorithm achieves notable performance improvements on
complex Atari environments.
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