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Summary
Recent works have successfully demonstrated that sparse deep reinforcement learning

agents can be competitive against their dense counterparts. This opens up opportunities for
reinforcement learning applications in fields where inference time and memory requirements
are cost-sensitive or limited by hardware. To achieve a high sparsity level, the most effective
methods use a dense-to-sparse mechanism where the agent’s sparsity is gradually increased
during training. Until now, those methods rely on hand-designed sparsity schedules that are
not synchronized with the agent’s learning pace. Crucially, the final sparsity level is chosen as
a hyperparameter, which requires careful tuning as setting it too high might lead to poor perfor-
mances. In this work, we address these shortcomings by crafting a dense-to-sparse algorithm
that we name Eau DeQ-Network (EauDeQN), where the online network is a pruned version of
the target network, making the classical temporal-difference loss a distillation loss. To increase
sparsity at the agent’s learning pace, we consider multiple online networks with different spar-
sity levels, where each online network is trained from a shared target network. At each target
update, the online network with the smallest loss is chosen as the next target network, while
the other networks are replaced by a pruned version of the chosen network. Importantly, one
online network is kept with the same sparsity level as the target network to slow down the
distillation process if the other sparser online networks yield higher losses, thereby removing
the need to set the final sparsity level. We evaluate the proposed approach on the Atari 2600
benchmark and the MuJoCo physics simulator. Without explicit guidance, EauDeQN reaches
high sparsity levels while keeping performances high. We also demonstrate that EauDeQN
adapts the sparsity schedule to the neural network architecture and the training length.

Contribution(s)
1. We introduce Eau De Q-Network (EauDeQN), a dense-to-sparse reinforcement learning

framework capable of adapting the sparsity schedule at the agent’s learning pace while
keeping high performances. As a result, EauDeQN discovers a final sparsity level.
Context: Prior works in reinforcement learning consider hand-designed sparsity schedules
and hard-coded final sparsity levels (Graesser et al., 2022). EauDeQN is composed of Distill
Q-Network (also introduced in this work, resembling Ceron et al. (2024)), which is respon-
sible for gradually pruning the network during training, and Adaptive Q-Network (Vincent
et al., 2025b), which brings an adaptive behavior w.r.t. the agent’s learning pace.



Eau De Q-Network

Eau De Q-Network: Adaptive Distillation of Neural
Networks in Deep Reinforcement Learning

Anonymous authors
Paper under double-blind review

Abstract
Recent works have successfully demonstrated that sparse deep reinforcement learning1
agents can be competitive against their dense counterparts. This opens up opportunities2
for reinforcement learning applications in fields where inference time and memory re-3
quirements are cost-sensitive or limited by hardware. Until now, dense-to-sparse meth-4
ods have relied on hand-designed sparsity schedules that are not synchronized with the5
agent’s learning pace. Crucially, the final sparsity level is chosen as a hyperparameter,6
which requires careful tuning as setting it too high might lead to poor performances. In7
this work, we address these shortcomings by crafting a dense-to-sparse algorithm that8
we name Eau De Q-Network (EauDeQN). To increase sparsity at the agent’s learning9
pace, we consider multiple online networks with different sparsity levels, where each10
online network is trained from a shared target network. At each target update, the on-11
line network with the smallest loss is chosen as the next target network, while the other12
networks are replaced by a pruned version of the chosen network. We evaluate the13
proposed approach on the Atari 2600 benchmark and the MuJoCo physics simulator,14
showing that EauDeQN reaches high sparsity levels while keeping performances high.15

1 Introduction16

Training large neural networks in reinforcement learning (RL) has been demonstrated to be harder17
than in the fields of computer vision and natural language processing (Henderson et al., 2018; Ota18
et al., 2024). It is only in the last years that the RL community developed algorithms capable of19
training larger networks leading to performance increase (Espeholt et al., 2018; Schwarzer et al.,20
2023; Bhatt et al., 2024; Nauman et al., 2024). In reaction to those breakthroughs and inspired21
by the success of sparse neural networks in other fields (Han et al., 2015; Zhu & Gupta, 2018;22
Mocanu et al., 2018; Liu et al., 2020; Evci et al., 2020; Franke et al., 2021), recent works have23
attempted to apply pruning algorithms in RL to achieve well-performing agents composed of fewer24
parameters (Yu et al., 2019; Sokar et al., 2021; Tan et al., 2023; Ceron et al., 2024). Reducing the25
number of parameters promises to lower the cost of deploying RL agents. It is also essential for26
embedded systems where the agent’s latency and memory footprint are a hard constraint.27

Imposing sparsity in RL is not straightforward (Liu et al., 2019; Graesser et al., 2022). The main28
objective is to reach high sparsity levels using as few environment interactions as possible. There-29
fore, we focus on methods that are gradually increasing the sparsity level, so-called dense-to-sparse30
training, as they generally perform better than sparse-to-sparse training methods, where the net-31
work is pruned before the training starts (Arnob et al., 2021; Sokar et al., 2021; Tan et al., 2023).32
Most of those approaches borrow pruning techniques from the field of supervised learning, which33
were not designed for handling the specificities of RL (Sokar et al., 2021; Tan et al., 2023; Ceron34
et al., 2024). Strikingly, those techniques impose pruning schedules that are not synchronized with35
the agent’s learning pace. Additionally, the final sparsity level is a hyperparameter of the pruning36
algorithm, which is not convenient as its value is hard to predict and depends on the reinforcement37
learning setting, the task, the network architecture, and the training length (Evci et al., 2019).38
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Figure 1: Left: In Distill Q-Network, the online network Q is a pruned version of the target net-
work Q̄, transforming the classical temporal-difference loss, using the Bellman operator Γ, into a
distillation loss. Right: Adaptive Q-Network (Vincent et al., 2025b) uses several online networks,
each one defined with different hyperparameters and trained from a shared target network Q̄. At
each target update, the online network Q with the lowest cumulated loss (represented with a crown)
is chosen as the next target network. The target network is then copied to replace the other networks
and the hyperparameters of the crowned network are mutated.

Eau De Q-Network

_
Q

Q
Q

Q

Distillation Target update
_
Q

_
Q

Γ

Q Q Q
Q Q Q

Pruning

Figure 2: Eau De Q-Network is based on
Distill Q-Network (Figure 1, left) and uses
the adaptive ability of Adaptive Q-Network
(Figure 1, right) to prune the weights of the
neural network at the agent’s learning pace.

In this work, we propose a novel approach to sparse39
training that gradually prunes the weights of the neu-40
ral networks at the agent’s learning pace to finish41
at a sparsity level that is discovered by the algo-42
rithm. This behavior is made possible thanks to the43
combination of two independent methods, namely44
Distill Q-Network and Adaptive Q-Network (Vin-45
cent et al., 2025b), gathered in a single algorithm46
coined Eau DeQ-Network (EauDeQN). In DistillQ-47
Network (DistillQN), the online network is a pruned48
version of the target network, thereby using the com-49
mon temporal-difference loss as a distillation loss50
(Figure 1, left). While DistillQN is also a novel51
approach to sparse training introduced in this work,52
it still relies on a hand-designed pruning schedule.53
This is why we will mainly focus on EauDeQN. Adaptive Q-Network (AdaQN) was originally in-54
troduced to tune the RL agent’s hyperparameters (Vincent et al. (2025b), Figure 1, right). When55
combined with DistillQN, the resulting algorithm considers several online networks with equal or56
higher sparsity levels than the target network. At each target update, the online network with the57
lowest cumulated loss, represented with a crown in Figure 2, is chosen as the next target network.58
Therefore, the ability to select between different sparsity levels according to the value of the cumu-59
lated loss synchronizes the pruning schedule to the agent’s learning pace. The target network is then60
copied and pruned to replace the other networks. Crucially, by keeping the online network with the61
lowest cumulated loss for the next iteration, the algorithm can keep the sparsity level steady if the62
cumulated loss increases for higher sparsity levels. This results in an algorithm capable of discover-63
ing the final sparsity level as opposed to the current methods, which rely on a hand-designed sparsity64
level.65

2 Background66

DeepQ-Network (Mnih et al., 2015) In a sequential decision-making problem, the optimal action-67
value function Q∗(s, a) is the optimal expected sum of discounted future reward, given a state s, an68
action a. From this quantity, the optimal policy π∗ yielding the highest sum of discounted reward69
can be obtained by directly maximizing Q∗(s, ·) for a given state s. Importantly, the optimal action-70
value function is the fixed point of the Bellman operator, which is a contraction mapping. The fixed71
point theorem guarantees that iterating endlessly over any Q-function with the Bellman operator72
converges to the fixed point Q∗. This is why, to compute Q∗, Ernst et al. (2005) proposes to learn73
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the successive Bellman iterations using an online network Q and a target network Q̄ representing74
the previous Bellman iteration. The training loss relies on the temporal-difference error, which is75
defined from a sample (s, a, r, s′) as76

LQN(Q) = (r + γmax
a′

Q̄(s′, a′)−Q(s, a))2, (1)

where QN stands for Q-Network. After a predefined number of gradient steps, the target network77
is updated to represent the next Bellman iteration. This procedure repeats until the training ends.78
Mnih et al. (2015) adapts this framework to the online setting where the agent interacts with the79
environment using an ϵ-greedy policy (Sutton & Barto, 1998) computed from the online network Q.80

Adaptive Q-Network (Vincent et al., 2025b) The hyperparameters of DQN are numerous and81
hard to tune. This is why Vincent et al. (2025b) introduced AdaQN, which is designed to adaptively82
select DQN’s hyperparameters during training. This is done by considering several online networks83
trained with different hyperparameters and sharing a single target network. At each target update,84
the online network with the lowest cumulated loss is selected as the next target network. After each85
target update, the selected online network is copied to replace the other online networks, and genetic86
mutations are applied to the hyperparameters of each copy to explore the space of hyperparameters.87

3 Related Work88

As discussed in Section 1, we focus on dense-to-sparse training methods in this work, as they gener-89
ally perform better than sparse-to-sparse methods (Graesser et al., 2022). Sparse-to-sparse methods90
prune a dense network before the training starts (Arnob et al., 2021), relying on the lottery ticket91
hypothesis (Frankle & Carbin, 2018). The lottery ticket hypothesis makes the assumption that, when92
initializing a dense network, there exist sub-networks that can lead to similar performances as the93
dense network if given similar resources. For such methods, the network morphology can still be94
adapted during training using gradient information (Tan et al., 2023), or evolutionary methods (Sokar95
et al., 2021; Grooten et al., 2023). On the other hand, dense-to-sparse methods start with a dense96
network and prune its connections during training. In the machine learning literature, we find ap-97
proaches using variational dropout to sparsify the network (Molchanov et al., 2017). Alternatively,98
Liu et al. (2019) design learnable masks by approximating the gradient of the loss function w.r.t. the99
sparsity level with a piecewise polynomial estimate. Nonetheless, those approaches have not been100
adapted to an RL setting yet. In the RL literature, Yu et al. (2019) evaluates the lottery ticket hy-101
pothesis in an RL setting using a hand-designed geometric sparsity schedule. They conclude that the102
lottery ticket hypothesis is only valid for a subset of Atari games (Bellemare et al., 2013). Notably,103
Figure 5 in Yu et al. (2019) shows that the performances greatly depend on the imposed final sparsity104
level. Livne & Cohen (2020) makes use of a pre-trained teacher to boost performances. Distillation105
techniques using pre-trained networks have also been used to kickstart the training in single-task RL106
settings (Zhang et al., 2019) and multi-task RL settings (Schmitt et al., 2018).107

Ceron et al. (2024) is the closest work to our approach. The authors gradually prune the neural108
network weights during training. They use a polynomial pruning schedule introduced in Zhu &109
Gupta (2018) and demonstrate that it is effective on the Atari (Bellemare et al., 2013) and Mu-110
JoCo (Todorov et al., 2012) benchmarks, yielding even higher performances than the dense counter-111
part for wide neural networks. As the authors do not give a name to their method, we will refer to112
it as Polynomial Pruning Q-Networks (PolyPruneQN). At any time t during training, a binary mask113
filtering out the weights with lowest magnitude imposes the sparsity st to the neural network. st is114
defined as115

st = sF

(
1−

(
1− Clip

(
t− tstart

tend − tstart
, 0, 1

))n)
, (2)

where sF corresponds to the final sparsity level, tstart is the first timestep where the pruning starts,116
tend is the timestep after which the sparsity level is kept constant at sF , and n controls the steepness117
of the pruning schedule. One shortcoming of this approach is that those hyperparameters need to be118
tuned by hand for each RL setting, task, network architecture, and training length.119
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Algorithm 1 Eau De Deep Q-Network (EauDeDQN). Modifications to DQN are marked in purple.

1: Initialize K online parameters (θk)Kk=1, and an empty replay buffer D. Set ψ = 0 and θ̄ ← θψ

the target parameters. Set the cumulated losses Lk = 0, for k = 1, . . . ,K.
2: repeat
3: Set ψb ∼ Choice({1, ..,K}, p = { 1

L1
, .., 1

LK
}). Illustrated in Figure 3 (right).

4: Take action a ∼ ϵ-greedy(Q
θψb

(s, ·)); Observe reward r, next state s′.
5: Update D ← D

⋃
{(s, a, r, s′)}.

6: every G steps
7: Sample a mini-batch B = {(s, a, r, s′)} from D.
8: Compute the shared target y ← r + γmaxa′ Qθ̄(s

′, a′).
9: for k = 1, ...,K do [in parallel]

10: Compute the loss w.r.t θk, LkQN =
∑

(s,a,r,s′)∈B (y −Qθk(s, a))
2.

11: Update θk from∇θkLkQN and Lk ← Lk + LkQN.
12: every T steps
13: Update the target network θ̄ ← θψ , where ψ ← argmink Lk.
14: Exploitation: Select K networks with repetition from the current population using

the cumulated losses Lk. The process is illustrated in Figure 3 (left).
15: Exploration: Prune the duplicated networks at a sparsity level defined in Equation 3.

The process is illustrated in Figure 3 (middle).
16: Reset Lk ← 0, for k ∈ {1, . . . ,K}.
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Figure 3: Left: The exploitation phase consists of selecting K networks with repetition from the
current population. Each network is selected as the one with the lowest cumulated loss out of M
uniformly sampled networks. Middle: In the exploration phase, new sparsity levels are sampled
along the line joining the current point (t, st) and the goal (tfinal, 1). To enhance exploration, the
obtained sparsity is scaled by U ∼ U(0, Umax). Right: At each environment interaction, a network
is selected from a probability distribution that is inversely proportional to the cumulated loss.

4 Eau De Q-Network120

Our approach uses AdaQN’s adaptivity to learn a pruning schedule synchronized with the agent’s121
learning pace, therefore avoiding the need to impose a hard-coded sparsity schedule and final spar-122
sity level. For that, we first introduce a novel algorithm called DistillQ-Network (DistillQN), which123
resembles DQN except for the fact that after each target update, the online network is pruned as124
shown in Figure 1 (left). This algorithm belongs to the dense-to-sparse training family and relies on125
a hand-designed pruning schedule. We remark that PolyPruneQN is an instance of DistillQN when126
PolyPruneQN’s pruning period is synchronized with the target update period.127

The combination of DistillQN and AdaQN, which we call Eau De Q-Network (EauDeQN), adap-128
tively selects the sparsity level based on the agent’s learning pace. Indeed, EauDeQN considers K129
online networks with different sparsity levels, each trained against a shared target network. Follow-130
ing the AdaQN algorithm, at each target update, the online network with the lowest cumulated loss131
is selected as the next target network (see Figure 2). Therefore, at each target update, the online132
network with the sparsity level that has been the most adapted to the optimization landscape related133

4



Eau De Q-Network

to the given loss function is selected as the next target network. Before the training continues, the134
cumulated loss of each online network is used to select the new population of K online networks135
that will be used to continue the training. Inspired by Miller et al. (1995), and Franke et al. (2021),136
each member of this new population is selected by randomly sampling M online networks from the137
K online networks and choosing the one with the lowest cumulated loss as illustrated in Figure 3138
(left). One spot in the new population is reserved for the online network chosen as the next target139
network, i.e., the one with minimal cumulated loss. This is referred to as the exploitation phase in140
Algorithm 1, Line 14 as it filters out the online networks with a sparsity level that was not well suited141
for minimizing the current loss function. Then, an exploration phase is responsible for sampling a142
new sparsity level for each duplicated network. The new sparsity levels chosen at timestep t, are143
kept until timestep t′ = t+T , which corresponds to the timestep of the following target update. We144
sample each new sparsity level on the line between the current point (t, st) and the goal (tfinal, 1)145
of reaching a sparsity level of 1 at the end of the training as illustrated in Figure 3 (middle). This146
gives the point (t′, st + δ), where δ = 1−st

tfinal−t (t
′ − t). To increase exploration, we scale the obtained147

sparsity level by U ∼ U(0, Umax). Additionally, we ensure that the sampled sparsity level does not148
remove more than Smax × 100% of the remaining parameters such that the jumps in sparsity levels149
are not too high at the end of the training. This leads to150

st′ = st +min{ 1− st
tfinal − t

(t′ − t)︸ ︷︷ ︸
linear schedule to sparsity of 1

stochasticity
injection︷︸︸︷
U , (1− st)Smax︸ ︷︷ ︸

geometric speed cap

},where U ∼ U(0, Umax). (3)

In practice, setting a sparsity level of st is done by updating a binary mask over the weights, where151
the entries corresponding to the st × 100% of the lowest magnitude weights are switched to zero.152

Sampling actions are usually performed using an ϵ-greedy policy computed from the online net-153
work (Mnih et al., 2015). One could consider using the online network with minimal cumulated154
loss. However, Vincent et al. (2025b) argue that it is insufficient because the other networks would155
learn passively, which is detrimental in the long run (Ostrovski et al., 2021). Following the recom-156
mendations of Vincent et al. (2025b), we sample an online network from a distribution inversely157
proportional to the cumulated loss as shown in Figure 3 (right). Then, an ϵ-greedy policy is built on158
top of this selected network to foster exploration, as described in Line 4 in Algorithm 1.159

Overall, this framework is designed to minimize the sum of approximation errors over the training.160
This motivation is supported by a well-established theoretical result (Theorem 3.4 from Farahmand161
(2011)) stating that the sum of approximation errors influences a bound on the performance loss,162
i.e., the distance between the optimal Q-function and the Q-function related to the greedy policy163
obtained at the end of the training. As this property is inherited from AdaQN, we refer to Vincent164
et al. (2025b) for further details. In the following, we adapted the presented framework to different165
algorithms. Each time, we append the name of the algorithm with the prefix "EauDe". As an166
example, EauDeSAC is an instance of EauDeQN applied to Soft Actor-Critic (SAC, Haarnoja et al.167
(2018)), its pseudo-code is presented in Algorithm 2.168

5 Experiments169

We evaluate our approach on 10 Atari games (Bellemare et al., 2013) and 6 MuJoCo environ-170
ments (Todorov et al., 2012). We apply EauDeQN on 3 different algorithms corresponding to 3 RL171
settings. We use DQN (Mnih et al., 2015) in an online scenario, Conservative Q-Learning (CQL,172
Kumar et al. (2020)) in an offline scenario, and SAC (Haarnoja et al., 2018) in an actor-critic setting.173
In each RL setting, we compare our approach to its dense counterpart and to PolyPruneQN since174
it is state-of-the-art among pruning methods (Graesser et al., 2022; Ceron et al., 2024). We focus175
on obtaining returns comparable to those of the dense approach while reaching high final sparsity176
levels. For that, we report the Inter-Quantile Mean (IQM, Agarwal et al. (2021)) of the normalized177
return and the sparsity levels along with 95% bootstrapped confidence intervals over 5 seeds for the178
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Figure 4: Thanks to its adaptive capability, EauDeDQN performs similarly to its dense counterpart
on 10 Atari games across different network sizes (top row) and training lengths (bottom row).
PolyPruneDQN struggles to reach similar returns due to its hard-coded sparsity schedule.
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Figure 5: EauDeDQN’s sparsity schedule (left) differs across the 3 tested network sizes. Higher
final sparsity levels are reached for larger network sizes at the end of the training (right), showcasing
EauDeDQN’s adaptivity.

Atari games and 10 seeds for the MuJoCo environments. We believe that the number of samples179
used during training is the main limiting factor for pruning algorithms. This is why we report the180
number of environment interactions as the x-axis, except for the offline experiments where we re-181
port the number of batch updates. We use the hyperparameters shared by Ceron et al. (2024) for182
PolyPruneQN as they demonstrate that their method is also effective on the considered RL setting,183
i.e., sF = 0.95, n = 3, tstart = 0.2 · tfinal, and tend = 0.8 · tfinal, where tfinal corresponds to the training184
length. For EauDeQN, we fix Umax = 3, Smax = 0.01,K = 5 and M = 3 and discuss these values185
in Section 5.4. The shared hyperparameters are kept fixed across the methods and are reported in186
Table 3 and 4. We reduced the set of 15 games selected by Ceron et al. (2024) and Graesser et al.187
(2022) for their diversity to 10 games to minimize computational costs. Figure 10 testifies that this188
set of games conserves a wide variety in the magnitude of the normalized return. Details on ex-189
periment settings are shared in Section A. The individual learning curves for each environment are190
presented in the supplementary material.191

5.1 Online Q-Learning192

We evaluate EauDeDQN’s ability to adapt the sparsity schedule and final sparsity level to different193
network architectures and training lengths. We make the number of neurons in the first linear layer194
vary from 32 (small network) to 512 (medium network) to 2048 (large network) while keeping195
the convolutional layers identical. In Figure 4, EauDeDQN exhibits a stable behavior across the196
different network sizes (top row) and training lengths (bottom row). EauDeDQN reaches similar197
performances compared to its dense counterpart as opposed to PolyPruneDQN, which struggles to198
obtain high returns with a small network architecture.199

As the representation capacity of the different network architectures is the same (same convolu-200
tional layers), one would desire an adaptive pruning algorithm to prune larger networks more, as201
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Figure 6: EauDeCQL outperforms PolyPruneCQL when evaluated on 10 Atari games with a
small network and reaches a return similar to the one of CQL with a large network. Importantly,
EauDeCQL discovers higher final sparsity levels with a larger network, as desired.

compared to smaller networks. Figure 5 (left) shows the sparsity schedule obtained by EauDeDQN202
along with the hard-coded one of PolyPruneDQN. Interestingly, after following a linear curve, the203
3 EauDeDQN’s sparsity schedules split into 3 different curves to end at a final sparsity level that is204
environment-dependent (Figure 5, right). Notably, except for the game Pong, larger final sparsity205
levels are reached for larger networks, as desired. Figure 11 (top) exhibits similar behaviors where206
higher final sparsity levels are discovered when more environment interactions are available.207

Could the knowledge about the fact that PolyPruneDQN’s medium network performs well with 5%208
of its weights (Figure 4, middle), be used to tune PolyPruneDQN’s final sparsity level sF for training209
the small network using the proportion of the network sizes? As the medium network contains 12.4210
times more weights than the small network (see Table 1), the small network should perform well211
with 62% (= 12.4× 5%) of its weights. This means that one could set sF to 0.38 (= 1− 0.62) for212
training the small network. However, even if PolyPruneDQN would achieve good performances at213
this final sparsity level, it would be significantly lower than the lowest final sparsity level discovered214
by EauDeDQN (0.79 on Pong).215

5.2 Offline Q-Learning216

EauDeQN is also designed to work offline as it relies on the cumulated loss to select sparsity levels.217
Therefore, we evaluate the proposed approach on the same set of 10 Atari games, using an offline218
dataset that is composed of 5% of the samples collected by a DQN agent during 200M environ-219
ment interactions (Agarwal et al., 2020). In Figure 6 (left), EauDeCQL outperforms PolyPruneCQL220
for the small network while reaching high sparsity levels, as shown on the right side of the fig-221
ure. Nonetheless, we note that the confidence intervals overlap and that there is a gap between222
EauDeCQL and CQL performances. For the larger network, all algorithms reach similar return,223
with slowly decreasing return over time, as also observed in Ceron et al. (2024). We attribute this224
behavior to overfitting as the cumulated losses increase over time (see Figure 12, left). Notably, the225
sparsity levels reached by EauDeCQL are higher for the larger network, as desired (see Figure 6).226

5.3 Actor-Critic Method227

We verify that the proposed framework can be used in an actor-critic setting. Similarly to the online228
Atari experiments in Section 5.1, we observe in Figure 7 a stable behavior of EauDeSAC, which229
yields comparable performances to SAC when the network architecture and the training length vary.230
On the other hand, PolyPruneSAC suffers when evaluated on small network sizes. The small net-231
work corresponds to the commonly used architecture (256 neurons for each of the 2 linear layers232
(Haarnoja et al., 2018)), the number of neurons per layer is scaled by 5 for the medium network233
and by 8 for the large network. As a sanity check, we verified that the final sparsity levels discov-234
ered by EauDeSAC can also be used by PolyPruneSAC to achieve high returns. In Figure 7 (bot-235
tom), PolyPruneSAC (oracle) validates this hypothesis by reaching similar performances as SAC236
and EauDeSAC.237
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Figure 7: Thanks to its adaptive capability, EauDeSAC performs similarly to its dense counterpart
on 6 MuJoCo games across different network sizes (top row) and training lengths (bottom row).
PolyPruneSAC struggles to reach similar returns due to its hard-coded sparsity schedule. PolyPrune-
SAC (oracle) performs well when the final sparsity is set to the value discovered by EauDeSAC.
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Figure 8: EauDeSAC’s sparsity schedule (left) differs across the 3 tested network sizes. Higher final
sparsity levels are reached for larger network sizes at the end of the training (right), showcasing
EauDeSAC’s adaptivity.

Figure 8 shows the sparsity schedules (left) that lead to the final sparsity levels (right). This time,238
the difference between the 3 sparsity schedules of EauDeSAC is even more pronounced than for the239
online Atari experiments. This can be explained by the fact that the differences in scale between240
the networks are larger than for the Atari experiments (see Table 1). Indeed, the small network is241
18.8 times smaller than the medium network and 46.6 times smaller than the large network. By242
adaptively selecting the network with the lowest cumulated loss, EauDeSAC filters out the networks243
with sparsity levels that are too high to fit the regression target. This is why the curve of EauDe-244
SAC’s sparsity schedule for the small network is lower than for the larger networks (except for the245
Humanoid environment). Similar conclusions can be drawn for the sparsity schedules obtained with246
varying training lengths (see Figure 11, bottom).247

Knowing that PolyPruneSAC’s medium network performs well with 5% of its weights can also not248
be used to tune PolyPruneSAC’s final sparsity level for the small network. Indeed, the medium net-249
work is 18.8 times smaller than the small network. This means that the small network could perform250
well with 94% (= 18.8 × 5%) of its weights. This leads to a final sparsity level for PolyPruneSAC251
of 0.06 (= 1 − 0.94), which is significantly lower than the lowest sparsity level discovered by252
EauDeSAC (0.5 for Humanoid).253

5.4 Ablation Study254

We now study the sensitivity of EauDeQN to the exploration hyperparameter Umax introduced in255
Equation 3. For that, in Figure 9, we evaluate EauDeDQN (top row) and EauDeSAC (bottom row)256
with small and large networks, setting Umax to 3, 10, and 30. This results in a normal, ambitious, and257
aggressive regime respectively. On both benchmarks, we observe that this hyperparameter offers a258
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Figure 9: Evaluation of EauDeDQN on 10 Atari games (top) and EauDeSAC on 6 MuJoCo en-
vironments (bottom) demonstrating that the tradeoff between high return and high sparsity can be
tuned using Umax. For higher values of Umax (more aggressive regimes), EauDeQN reaches higher
final sparsity levels at the cost of a lower return.

tradeoff between high return and high sparsity. As expected, more aggressive regimes constantly259
yield higher final sparsity levels as higher values of Umax lead to higher values of sampled sparsity.260
Across all regimes, we recover the property identified earlier that the final sparsity level for the small261
networks is lower than for the large network. Figure 14 confirms this behavior by showing the spar-262
sity schedules obtained by EauDeDQN (top row) and EauDeSAC (bottom row). Remarkably, with263
the large network, the aggressive regime reaches final sparsity levels higher than 0.95 while keeping264
high performances. We also observe that the aggressive regime is less well suited for the small net-265
work on the Atari experiments. Therefore, we recommend increasing the aggressivity of the regime266
with the network size. In Figure 13 (left), we compare the Pareto front between sparsity and return of267
EauDeSAC and PolyPruneSAC. We conclude that EauDeSAC’s regime parameter (Umax) is easier to268
tune as setting it too high does not lead to poor performances as opposed to setting PolyPruneSAC’s269
final sparsity level at a high value. Finally, Figure 13 (right) presents another ablation study on 2270
other hyperparameters (Smax and the population size K) showing that EauDeSAC’s performance271
remains stable for a wide range of hyperparameter values.272

6 Conclusion and Limitations273

We introduced EauDeQN, an algorithm capable of pruning the neural networks’ weights at the274
agent’s learning pace. As opposed to current approaches, the final level of sparsity is discovered by275
the algorithm. These capabilities are achieved by combining DistillQN (also introduced in this work)276
with AdaQN (Vincent et al., 2025b). We demonstrated that EauDeQN yields high final sparsity277
levels while keeping performances close to its dense counterpart in a wide variety of problems.278

Limitations Similarly to AdaQN, EauDeQN requires additional time and memory during training.279
This is a usual drawback of dense-to-sparse approaches (Graesser et al., 2022). Nonetheless, those280
additional requirements remain reasonable as quantified in Table 2. Another limitation of our work281
concerns the actor-critic framework. Our algorithm focuses on pruning the critic only. Nonetheless,282
it is usually the network of the critic that requires a larger amount of parameters (Zhou et al., 2020;283
Kostrikov et al., 2021; Graesser et al., 2022; Bhatt et al., 2024). Future work could investigate284
pruning the actor with a simple hand-designed pruning schedule, as done in Xu et al. (2024), while285
using EauDeQN to prune the critic.286
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A Appendix287

Our codebase is written in Jax (Bradbury et al., 2018) and relies on JaxPruner (Lee et al., 2024). The288
code is available in the supplementary material and will be made open source upon acceptance.289
After each exploration step of EauDeQN, we reset the optimizer of the duplicated networks, as290
advocated by Asadi et al. (2023), while leaving the optimizer of the other networks intact, similarly291
to PolyPruneQN.292

0 3 7 10
IQM Human Norm Score

BeamRider
MsPacman

Qbert
Pong

Enduro
SpaceInvaders

Assault
CrazyClimber

Boxing
VideoPinball

DQN at 200M frames

Figure 10: The selected Atari games cover a wide
range of normalized returns obtained by DQN af-
ter 200M frames, showcasing their diversity.

Atari experiment. We build our codebase on293
Vincent et al. (2025a) implementation which294
follows Castro et al. (2018) standards. Those295
standards are detailed in Machado et al. (2018).296
Namely, we use the game over signal to termi-297
nate an episode instead of the life signal. The298
input given to the neural network is a concate-299
nation of 4 frames in grayscale of dimension300
84 by 84. To get a new frame, we sample301
4 frames from the Gym environment (Brock-302
man et al., 2016) configured with no frame-303
skip, and we apply a max pooling operation on304
the 2 last grayscale frames. We use sticky ac-305
tions to make the environment stochastic (with306
p = 0.25). The reported performance is the one307
obtained during training.308

MuJoCo experiment. We build PolyPruneSAC and EauDeSAC on top of SBX (Raffin et al., 2021).309
The agent is evaluated every 10k environment interaction. While Ceron et al. (2024) apply the hand-310
designed sparsity schedule on the actor and the critic, in this work, we only prune the critic for311
PolyPruneSAC and EauDeSAC to remain aligned with the theoretical motivation behind EauDeQN312
and AdaQN (Vincent et al., 2025b).313

Table 1: Number of parameters of the different network sizes and scaling factor compared to the
small network (in parenthesis). Computations were made on the game SpaceInvaders and on Ant.

Small network Medium network Large network
Atari 326 022 4 046 502 (×12.4) 15 952 038 (×48.9)

MuJoCo 94 984 1 785 608 (×18.8) 4 429 832 (×46.6)

Table 2: While EauDeQN requires additional resources compared to PolyPruneQN, it avoids the
need to tune the final sparsity level, which in turn saves resources. Computations are reported for
the medium network for every algorithm.

EauDeDQN EauDeCQL EauDeSAC
vs PolyPruneDQN vs PolyPruneCQL vs PolyPruneSAC

Training time ×1, 39 ×1, 17 ×1, 08
GPU vRAM usage +0, 73 Gb +0, 65 Gb +0, 01 Gb

FLOPs for a gradient update ×1.55 ×1.55 ×4.03
FLOPs for sampling an action ×1.01 (offline) ×1.00
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Figure 11: EauDeDQN (top) and EauDeSAC (bottom) adapt the sparsity schedule to the training
length. For small networks, increasing the training length leads to higher final sparsity levels (blue
and green curves), except for the games Pong, SpaceInvaders, and CrazyClimber. Similarly to
Figure 5 and 8, larger networks are pruned at a higher final sparsity level (blue and orange curves),
with an exception for Pong and Humanoid.
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Left: PolyPruneSAC suffers when its final sparsity level is too high as opposed to EauDeSAC,
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Figure 14: Sparsity schedules of EauDeDQN on 10 Atari games (top) and EauDeSAC on 6 Mu-
JoCo environments (bottom) for different regimes: normal (Umax = 3), ambitious (Umax = 10),
and aggressive (Umax = 30). The vector fields in the background show the average direction from
which the new sparsities are sampled, similar to Figure 3 (middle). As desired, larger networks
tend to reach higher sparsity levels. Remarkably, the sparsity levels of the ambitious and aggressive
regimes for the large network surpass PolyPruneQN sparsity levels, obtaining higher final sparsity
levels while keeping performances high (see Figure 9).

Algorithm 2 Eau De Soft Actor-Critic (EauDeSAC). Modifications to SAC are marked in purple.

1: Initialize the policy parameters ϕ, 2 ·K online parameters (θki )
K
k=1, for i ∈ {1, 2}, and an empty

replay buffer D. For k = 1, ..,K and i ∈ {1, 2}, set the target parameters θ̄ki ← θki , and the
cumulated losses Lki = 0. Set ψ1 = ψ2 = 0 the indices to be selected for computing the target.

2: repeat
3: Take action a ∼ πϕ(·|s); Observe reward r, next state s′; D ← D

⋃
{(s, a, r, s′)}.

4: for UTD updates do
5: Sample a mini-batch B = {(s, a, r, s′)} from D.
6: Compute the shared target

y ← r + γ

 min
θ̄∈

{
θ̄
ψ1
1 ,θ̄

ψ2
2

}Qθ̄(s′, a′)− α log πϕ(a
′|s′)

 ,where a′ ∼ πϕ(·|s′).

7: for k = 1, ..,K and i = 1, 2 do [in parallel]

8: Compute the loss w.r.t θki , Lk,iQN =
∑

(s,a,r,s′)∈B

(
y −Qθki (s, a)

)2

.

9: Update θki from ∇θki L
k,i
QN, θ̄ki ← τθki + (1− τ)θ̄ki , and Lki ← (1− τ)Lki + τLk,iQN.

10: Set ψi ← argmink L
k
i , for i ∈ {1, 2}.

11: Set ψbi ∼ Choice({1, ..,K}, p = { 1
L1
i
, .., 1

LKi
}), for i ∈ {1, 2}.

12: Update ϕ with gradient ascent using the loss
min

θ∈
{
θ
ψb1
1 ,θ

ψb2
2

}Qθ(s, a)− α log πϕ(a|s), a ∼ πϕ(·|s)

13: every P steps
14: Exploitation: Select K networks with repetition from the current population using

the cumulated losses Lki . The process is illustrated in Figure 3 (left).
15: Exploration: Prune the duplicated networks at a sparsity level defined in Equation 3.

The process is illustrated in Figure 3 (middle).
16: Reset Lki ← 0, for k ∈ {1, . . . ,K} and i ∈ {1, 2}.
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Figure 15: Online Atari: Per game metrics for the experiment on the small network. The aggregated
performances are available in Figure 4 (top, left).
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Figure 16: Online Atari: Per game metrics for the experiment on the medium network. The aggre-
gated performances are available in Figure 4 (top, middle).

17



Under review for RLC 2025, to be published in RLJ 2025

0

20

V
id

eo
Pi

nb
al

l

IQM Return

0

5

B
ox

in
g

1
2
3

C
ra

zy
C

lim
be

r

0

2

A
ss

au
lt

0.0

0.5

Sp
ac

eI
nv

ad
er

s

0

2

E
nd

ur
o

0

1

Po
ng

0.0

0.5

Q
be

rt

0.1
0.2
0.3

M
sP

ac
m

an

1 10 20 30 40
0.0

0.2

B
ea

m
R

id
er

0.5
0.8

Global Sparsity EauDeDQN 
Layer Sparsity

PolyPruneDQN 
Layer Sparsity

0.5
0.8

0.5
0.8

0.5
0.8

0.5
0.8

0.5
0.8

0.5
0.8

0.5
0.8

0.5
0.8

1 10 20 30 40

0.5
0.8

1 10 20 30 401 10 20 30 40
Number of Frames (in millions)

Large network

EauDeDQN DQN PolyPruneDQN
Conv 0
Dense 0

Conv 1
Dense 1

Conv 2

Figure 17: Online Atari: Per game metrics for the experiment on the large network. The aggregated
performances are available in Figure 4 (top, right).
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Figure 18: Offline Atari: Per game metrics for the experiment on the small network. The aggregated
performances are available in Figure 6 (1st plot to the left).
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Figure 19: Offline Atari: Per game metrics for the experiment on the large network. The aggregated
performances are available in Figure 6 (2nd plot to the left).
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Figure 20: Online MuJoCo: Per game metrics for the experiment on the small network. The
aggregated performances are available in Figure 7 (top, left).
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Figure 21: Online MuJoCo: Per game metrics for the experiment on the medium network. The
aggregated performances are available in Figure 7 (top, middle).
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Figure 22: Online MuJoCo: Per game metrics for the experiment on the large network. The
aggregated performances are available in Figure 7 (top, right).
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Table 3: Summary of the shared hyperparam-
eters used for the Atari experiments. We note
Convda,bC a 2D convolutional layer with C fil-
ters of size a × b and of stride d, and FC E a
fully connected layer with E neurons.

Environment
Discount factor γ 0.99
Horizon H 27 000
Full action space No
Reward clipping clip(−1, 1)

All experiments
Batch size 32

Torso architecture
Conv4

8,832

−Conv2
4,464

−Conv1
3,364

Head architecture

FC 32 (small)
FC 512 (medium)

FC 2048 (large)
−FC nA

Activations ReLU
PolyPruneQN 4 000 (online)
pruning period 1 000 (offline)

Online experiments
Number of training

250 000steps per epochs
Target update

8 000period T
Type of the FIFOreplay buffer D
Initial number

20 000of samples in D
Maximum number

1 000 000of samples in D
Gradient step

4period G
Starting ϵ 1
Ending ϵ 0.01
ϵ linear decay

250 000duration
Batch size 32
Learning rate 6.25× 10−5

Adam ϵ 1.5× 10−4

Offline experiments
Number of training

62 500steps per epochs
Target update

2 000period T
Dataset size 2 500 000
Learning rate 5× 10−5

Adam ϵ 3.125× 10−4

Table 4: Summary of all hyperparameters used
for the MuJoCo experiments. We note FC E a
fully connected layer with E neurons.

Environment
Discount factor γ 0.99
Horizon H 1 000

All algorithms
Number of

1 000 000training steps
Type of the FIFOreplay buffer D
Initial number

5 000of samples in D
Maximum number

1 000 000of samples in D
Update-To-Data

1UTD
Batch size 256
Learning rate 10−3

Policy delay 1

Actor architecture FC 256
−FC 256

Critic architecture

FC 256
−FC 256 (small)

FC 1280
−FC 1280 (medium)

FC 2048
−FC 2048 (large)

Soft target update
5× 10−3

period τ
Pruning period P 1 000
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