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Abstract

Federated Reinforcement Learning (FRL) enables agents to collaboratively train
models across distributed environments without sharing raw data. However, exist-
ing quantization methods like QuARL, ReLeQ, and VQQL struggle in environ-
ments with varying state transitions and rewards, affecting model robustness. In this
paper, we introduce Environment-based Adaptive Model Quantization (EAMQ),
a method that dynamically adjusts compression ratios based on environmental
variability. EAMQ uses a reward-weighted sensitivity analysis to assign lower
compression ratios to sensitive parameters in sparse reward environments while
applying higher compression in dense reward settings. We also propose a learn-
able quantization technique that adapts based on a Temporal Difference (TD) loss
function. Experiments show that EAMQ outperforms traditional methods across di-
verse environments, reducing communication and storage costs while maintaining
performance, even under heterogeneous conditions.

1 Introduction

Federated Reinforcement Learning (FRL) [7] is a decentralized approach where multiple agents
collaboratively train a reinforcement learning model across distributed environments without sharing
raw data. FRL has been applied in real-world scenarios such as smart grid management, multi-agent
large language models, and the Internet of Things (IoT) [[L1]. Model quantization, such as QuARL [4]],
ReLeQ [1]], and VQQL [2], have been developed to compress models during reinforcement learning
(RL) training in order to reduce the communication and storage costs. However, traditional algorithms
perform badly when FRL is applied in environmental heterogeneity situations [3]], because they don’t
consider the influence of the changing environments. Models trained in different environments have
different robustness to quantization, models in some environments may be insensitive to higher
compression rates, while others rely heavily on accurate parameter representations. In this work, we
focus on quantizing model parameters during the training of several FRL functions [3]] considering
the changing environments. To the best of our knowledge, this is the first effort to apply model
quantization specifically in environmental heterogeneity situations.

In this paper, we simulate the packet loss conditions in a Federated Reinforcement Learning (FRL)
system and propose a novel model compression algorithm called "Environment-based Adaptive
Model Quantization (EAMQ)", inspired by learnable quantization techniques from [6]. Our approach
first identifies the sensitivity of model parameters during reinforcement learning training in different
environments. Parameters that exhibit significant variation are classified as sensitive and assigned a
lower compression ratio, preserving higher precision by quantizing from float32 to int8, while less
sensitive parameters are compressed more aggressively, for instance, from float32 to int4. Additionally,
we introduce a learnable quantization mechanism that adaptively adjusts the quantization range by
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minimizing the environment-based Temporal Difference loss function which will be adaptively
adjusted according to the changing environment. [9].

Our main contributions are as follows: First, we address the impact of environmental heterogeneity
on model quantization by developing a compression ratio allocation strategy tailored to different
environments. Second, we propose a novel learnable quantization algorithm that dynamically adjusts
the quantization range, along with an environment-aware Temporal Difference loss function that
accounts for both RL performance and environmental variability. Third, we adapt traditional model
quantization algorithms for heterogeneous environments and compare them with our proposed EAMQ
algorithm, establishing a new baseline for future research in model quantization under environmental
heterogeneity. Fourth, we deployed our FRL algorithm on a real-world wireless distributed system to
evaluate its performance, bridging the gap between theoretical analysis and practical application [J5].

2 Method

2.1 Reward-Weighted Sensitivity Based on Environment Reward Distribution

To assign adaptive quantization compression rates based on environment reward distribution dif-
ferences, we calculate a reward-weighted variance for each parameter. The goal is to assign lower
compression rates (e.g., float32 to int4) for parameters that are sensitive in sparse reward environ-
ments, and higher compression rates (e.g., float32 to int8) for parameters that are less sensitive in
dense reward environments. For each environment e, we first compute the average reward across all
time steps:

1 T
R° = — re
T;t

where r¢ is the reward at time step ¢ in environment e, and 7T’ is the total number of time steps. Next,
we define the reward sparsity factor o for each environment based on the inverse of the average
reward:
af = !
Reé + ¢

where € is a small constant added to avoid division by zero. A higher o indicates a more sparse
reward environment, while a lower a® indicates a dense reward environment. Using the reward
sparsity factor a®, we compute the reward-weighted variance Varg (6}, ) for each parameter 6, across
all environments:

E
1
Varg (k) = — > o (0 — )

e=1

where 0}, is the value of parameter ¢ in environment e, p, is the mean value of 6, across all
environments, and F is the total number of environments.

Finally, we assign compression rates based on the reward-weighted sensitivity. Parameters with
higher reward-weighted variance are assigned lower compression rates (e.g., float32 to int4), while
parameters with lower reward-weighted variance are assigned higher compression rates (e.g., float32
to int8).

2.2 Learnable model quantization

Symmetric linear quantization is a widely used data quantization technique [[13]], where the quantiza-
tion range is centered around zero, treating positive and negative values symmetrically. In this method,
the mapping between original and quantized values follows a linear relationship. However, a key
limitation of traditional symmetric linear quantization is that the quantization range is predetermined
before quantization. This fixed range may not be optimal for preserving model performance across
all data distributions, as it may fail to adapt to the specific characteristics of the data.

In this algorithm, we propose a novel learnable linear quantization that optimizes the quantization
range for each data using a loss function called the "environment-based Temporal Difference (TD)
loss function," which can be adjusted based on different environments. The formula for this loss
function is:
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Ltotal = Ltask + )\enquuam + )\regLreg (1)

Where Ly, is the standard loss in reinforcement learning (e.g., TD error), Lguan is the difference
between the original and quantized parameters using discrete cosine distance, and Ly, is the regular-
ization term introduced to ensure stable quantization decisions across training iterations.

The regularization term L, is defined as:
. 2
_ § t previous
Lreg — <92U1T8H _ ek )
k

Where 65" represents the parameter values in the current iteration, and 67 " represents the
parameter values from the previous iteration.

In addition, Aeyy is a weight dynamically adjusted based on the environment’s sensitivity, and Ar, is
the weight assigned to the regularization term.

The environment-adaptive weight Aepy ¢ is calculated as:

Ot AG
Aenv,e = @t <max(5)> A <max(AG)) @

Where d; is the TD error at step ¢, representing the difference between predicted and actual rewards;
AG is the cumulative reward drop rate across environments; and « and 3 are hyperparameters to
balance between TD error and cumulative reward drop.

3 Experiments

3.1 Experiment Setting

In this experiment, we will first use tabular environments to verify the result of our EAMQ algorithm
on quantifying the model in PAvg and QAvg. Next, we evaluate the algorithm’s effectiveness in deep
reinforcement learning tasks, specifically in DQNAvg. The functions and environment configurations
are consistent with those used in [3l]. We compare our results against the following baselines:
QuARL [4]], ReLeQ [1], QFL [l12], Fixar [10], FedDQ [8], and VQQL [2]. All model quantization
algorithms are evaluated under the same compression ratios for a fair comparison. The original
models are in float32 format, and we apply different quantization levels: int16 (50% compression),
int8 (75% compression), int6 (81.25% compression), and int4 (87.5% compression). For the 81.25%
compression ratio, our EAMQ method quantizes half of the data to int8 and the other half to int4,
while the other algorithms quantize all data directly to int6.

In our experiments, we apply quantization to either the Q-table (QAvg) or the policy function
(PAvg), using two environments: RandomMDPs and WindyCliffs. To simulate varying degrees of
heterogeneity across environments, we introduce the parameter k. As x increases, the environments
become more diverse, reflecting greater dissimilarity in state transition probabilities and reward
distributions. Tables and [6] demonstrate that, across different environments and compression
ratios, our quantization algorithm consistently outperforms traditional model quantization methods.

For the deep reinforcement learning environment, we quantify the Deep Q-Network (DQN) in two
scenarios: Acrobot and CartPole. The performance of DQNAvg is evaluated over 20 episodes. The
curve illustrates the generation objective value, which represents the averaged performance across
10 environments with newly generated state transitions. A higher objective value indicates better
performance. Our results demonstrate that EAMQ outperforms other model quantization algorithms
in terms of overall performance across these environments.

3.2 Ablation Study and Analysis

In this section, we conducted ablation experiments to evaluate the effectiveness of our proposed
algorithms. Figures [2a and [2b] demonstrate that at a compression ratio of 81.25%, applying a



Table 1: Q-Avg over RandomMDPs for different compression ratios under x = 0.4 and k = 0.6
larger x indicates environments with larger environment heterogeneity. The number stands for the
average cumulative reward of the algorithm, higher is better

k=04 x =0.6
Compression Rate ~ 50% 5% 81.25% 81.5% 50% 75% 81.25% 87.5%
QPI 27.88 2599  23.23 20.89 27.48 2529 23.03 20.79
QuARL 29.01 26.17 25.33 21.34 28.01 26.07 2533 21.34
ReLeA 26.58 25.52 24.12 2299 26.58 24.52 23.02 21.19
VAQL 28.89 27.05 26.33 2322 27.88 26.15 25.47 23.12
VOQL 29.87 28.57 27091 2321 28.86 2747 2692 25.25
EAMQ 34.05 33.80 32.15 30.82 34.14 3280 31.80 30.80

Table 2: P-Avg over WindyCliffs at a compression ratio of 81.25% under x = 0.6 and x = 0.8 in an
FRL system with a high packet loss wireless network.

Kk =0.6 k=0.8
Loss package Rate ~ 50% 70% 80% 90% 50% 70% 80%  90%
No quantization 106.52 9551 93.11 90.08 10.58 1072 921  9.19
ReLeA 11652 113.51 104.13 102.05 1558 14.72 1191 10.21
VAQL 122.77 116.05 105.31 103.01 28.01 2595 2447 23.02
VOQL 121.17 114.51 109.98 105.02 20.06 17.07 14.82 14.15
EAMQ 135.57 133.05 127.14 121.87 31.05 27.28 25.19 23.48

Table 3: P-Avg over RandomMDPs for different compression ratios under x = 0.4 and k = 0.6
larger « indicates environments with larger environment heterogeneity. The number stands for the
average cumulative reward of the algorithm, higher is better

k=04 xk=0.6
Compression Rate  50%  75% 81.25% 87.5% 50% 75% 81.25% 87.5%
QPI 25.18 24.89 2221 20.81 2648 2229 21.03 19.79
QuARL 26.21 25.16 24.32 21.24 28.01 26.07 2503 21.04
ReLeA 26.52 25.51 24.11 2398 25.58 24.82  23.00 20.19
VAQL 27.82 26.05 25.39 2421 28.01 2595 24.47 23.02
VOQL 28.17 27.51 26.98 2522 28.06 27.07 26.82 25.15
EAMQ 33.58 32.07 30.15 29.83 32.14 31.81 30.79 29.80

Table 4: Q-Avg over WindyCliffs for different compression ratios under x = 0.6 and x = 0.8 larger
x indicates environments with larger environment heterogeneity. The number stands for the average
cumulative reward of the algorithm, higher is better

k=0.6 k=0.8
Compression Rate ~ 50% 5%  81.25% 87.5%  50% 75%  81.25% 87.5%
QPI 125.18 12489 12221 120.81 12648 12229 121.03 119.79
QuARL 126.21 125.16 12432 121.24 128.01 126.07 125.03 118.01
ReLeA 126.52 12541 124.01 123.68 12558 124.82 123.02 119.09
VAQL 127.81 126.15 125.09 123.19 128.01 12595 12447 123.02
VOQL 128.87 127.53 126.08 125.02 128.06 127.07 126.82 125.05
EAMQ 133.96 132.07 130.15 129.83 133.65 131.81 130.79 129.81
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Table 5: P-Avg over WindyCliffs for different compression ratios under x = 0.6 and x = 0.8 larger
 indicates environments with larger environment heterogeneity. The number stands for the average
cumulative reward of the algorithm, higher is better

k=0.6 k=0.8
Compression Rate 50% 75% 81.25% 87.5% 50% 75% 81.25% 87.5%
QPI 125.18 124.89 12221 120.01 126.08 122.19 121.93 119.39
QuARL 126.21 125.16 12432  21.44 128.01 126.07 125.03 121.04
ReLeA 126.52 125.51 124.11 123.08 125.58 124.72 12391 121.29
VAQL 127.82  126.05 125.39 124.01 28.01 25.95 24.47 23.02
VOQL 128.17 127.51 12698 125.12 28.06 27.07 26.82 25.15
EAMQ 139.58 132.07 131.15 131.89 32.14 31.81 30.79 29.80
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Figure 1: Performance of DQNAvg in different environments. The y-axis shows the cumulative
reward of the agents. E=2 means the agents’ models are averaged every 2 episodes. Different colors
show the performance of the algorithm after quantification by different quantization algorithms, the
standard error (a measure of variability or uncertainty) is depicted as a shadow around the line, with
the shadow width being 1.65 times the standard error.

uniform compression ratio across all data yields inferior results compared to utilizing Reward-
Weighted Sensitivity for adaptive compression allocation, as shown in Figure[7] our learnable model
quantization method significantly outperforms traditional symmetric linear quantization.

Table [2]demonstrates that FRL performance declines in high packet loss networks due to information
loss during communication, a significant challenge in real-world IoT systems [10]]. We implemented
our algorithm in a real wireless distributed system, controlling the packet loss ratio to simulate com-
munication loss between agents in different environments. Results show that our model quantization
algorithm enhances FRL robustness in poor network conditions, highlighting both the effectiveness
and efficiency of our approach.

4 Conclusion and Future Work

In this paper, we introduced Environment-based Adaptive Model Quantization (EAMQ) to tackle the
challenges of model quantization in heterogeneous environments within Federated Reinforcement
Learning (FRL). EAMQ uses reward-weighted sensitivity and a learnable quantization method to
adapt compression rates based on the environment, ensuring strong performance across different
scenarios. Our experiments show that EAMQ outperforms traditional methods, reducing commu-
nication costs while preserving or improving model effectiveness. We hope our algorithm will
encourage further exploration of Federated Reinforcement Learning model quantization in hetero-
geneous environments, as a promising and innovative direction for advancing model compression
techniques.
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Figure 2: Performance of DQNAvg in different environments. We compare the performance in
the same compression ratio between we not using Reward-Weighted Sensitivity analysis and using
Reward-Weighted Sensitivity analysis

Table 6: P-Avg over WindyCliffs for different compression ratios under x = 0.6 and x = 0.8 larger
k indicates environments with larger environment heterogeneity. The number stands for the average
cumulative reward of the algorithm, higher is better

k= 0.6 k=0.8
Compression Rate ~ 50% 75%  81.25% 875% 50% 75% 81.25% 871.5%
QPI 125.18 124.89 12221 120.01 26.08 22.19 21.93 19.39
QuARL 126.21 125.16 12432 2144 26.01 26.07 25.03 21.04
ReLeA 126.52 125.51 12411 123.08 25.58 2472 2391 21.29
VAQL 127.82  126.05 12539 124.01 28.01 2595 24.47 23.02
VOQL 128.17 127.51 12698 125.12 28.06 27.07 26.82 25.15
EAMQ 139.58 132.07 131.15 131.89 32.14 31.81 30.79 29.80

Table 7: Q-Avg and P-Avg over RandomMDPs for different compression ratios under x = 0.4
and x = 0.6, the result we use Learnable model quantization or directly using Symmetric linear
quantization

k=04 Kk =0.6
Compression Rate(Q-Avg) 50%  75% 81.25% 87.5% 50% 75% 81.25% 87.5%
Linear quantization 26.17 26.07 25.01 21.21 2586 2447 2202 21.15
EAMQ(ours) 33.58 32.07 30.15 29.83 3214 31.81 30.79  29.80

k=04 Kk =0.6
Compression Rate(P-Avg) 50% 75% 81.25% 87.5% 50% 75% 81.25% 87.5%
Linear quantization 29.17 28.07 28.01 2221 2786 2647 2602 2415
EAMQ(ours) 3405 33.80 32.15 30.82 34.14 32.80 31.80  30.80
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A Algorithm

B Detail of Q-Avg function

B.1 Q-Avg Algorithm in Federated Reinforcement Learning

In this paper, we apply the Q-Avg algorithm, a variant of the Q-learning algorithm adapted for
Federated Reinforcement Learning (FRL). Q-Avg is designed to address the challenges of training
multiple agents across distributed and heterogeneous environments by periodically averaging the
Q-value updates from each agent. This approach aims to reduce communication costs and improve
the overall performance of the system in scenarios with varying environment dynamics.
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Algorithm 1 Gradient Descent for Quantization Range Optimization with Regularization and Envi-
ronment Sensitivity

Require: Initialized quantization ranges S = {S1, Sa, . .., S, }, learning rate n), number of iterations
Ty >\regs /\env-

1: Initialize parameters Sy, for each parameter k

2: for each iterationt = 1 — T do

3: Compute task loss Lk

4: Quantize parameters using current quantization ranges S

5 Compute quantization 10ss Lquant

6 Compute regularization term:

. 2
— E current previous
Lreg = (9 k —0 L )

k

7: Compute total loss:

Ltotal = Ltask + Aenquuant + )\regLreg
8: for each parameter S, do
9: Compute gradient %LT‘“:"

10: Update quantization range:
0 Ltotal
Sk + Sk —
k E— 1N a5,

11: end for
12: end for
13: Return optimized quantization ranges S

Q-Value Averaging: In each environment, agents independently learn Q-values by interacting with
the environment. After a set number of episodes, the Q-value updates from each agent are transmitted
to a central server where the **Q-Avg** algorithm computes the averaged Q-values across all
participating agents. This ensures that all agents benefit from each other’s learning experiences, even
in environments with heterogeneous state transitions and reward functions. The Q-Avg formula is
given by:

1 N
Qavg(saa) = N ZQi(Saa) 3)
i=1

where N is the number of agents, Q;(s, a) is the Q-value of agent i for state s and action a, and
Qavg (s, a) represents the averaged Q-value after aggregation.

Handling Heterogeneous Environments: One of the key advantages of Q-Avg is its ability
to handle heterogeneous environments. In standard reinforcement learning, models are trained
in homogeneous environments, but in FRL, agents operate in environments with different state
transition dynamics and reward structures. To address this, Q-Avg adapts by incorporating the agents’
experiences across diverse environments. This allows agents to generalize better to new environments
and ensures robustness in learning.

Communication Efficiency: A major challenge in FRL is the communication overhead due to
frequent parameter updates. Q-Avg mitigates this by reducing the frequency of communication
between agents and the server, only averaging the Q-values after a predefined number of episodes.
By doing so, Q-Avg minimizes the communication costs while still benefiting from collaborative
learning across agents.

Algorithm Overview: The overall steps of the Q-Avg algorithm can be summarized as follows:

1. Initialization: Each agent initializes its Q-table Q;(s, a) and begins interacting with its
local environment.
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2. Learning: Each agent updates its Q-values using the standard Q-learning update rule:
Qi(s,a) + Qi(s,a) + « (r + 'yma/in(s/7 a') = Qi(s, a)) @)

where « is the learning rate, r is the reward, and -y is the discount factor.

3. Averaging: After a fixed number of episodes, each agent sends its updated Q-values to the
central server, which computes the average Q-values:

N
Qavg(sva) = %ZQ1(570’) (5)
i=1

4. Update: The central server sends the averaged Q-values Qu(s,a) back to the agents,
which update their Q-tables accordingly.

5. Reiteration: The process continues, with agents periodically sending their updated Q-values
for averaging and receiving the averaged Q-values from the server.

Advantages

* Collaborative Learning: Q-Avg enables agents to leverage the experiences of other agents,
improving overall learning performance in federated environments.

* Scalability: The algorithm scales efficiently with the number of agents, as the Q-value
averaging process is simple and communication is minimized.

* Adaptability: Q-Avg is well-suited to handle heterogeneous environments, making it robust
in real-world scenarios where environment dynamics vary between agents.

Overall, Q-Avg offers a simple yet effective solution for federated Q-learning, particularly in scenarios
where communication costs and environment diversity are key challenges.

C Detail of P-Avg function

C.1 P-Avg Algorithm in Federated Reinforcement Learning

In this paper, we utilize the **P-Avg** algorithm, a federated averaging approach specifically
designed for policy-based reinforcement learning in distributed environments. P-Avg focuses on
averaging policy parameters across multiple agents, allowing them to collaboratively improve their
policies while interacting with heterogeneous environments. This method is particularly useful for
handling policy gradients in Federated Reinforcement Learning (FRL), where agents work in diverse
environments and need to share their policy updates efficiently.

Policy Averaging: The core idea of P-Avg is to periodically average the policy parameters from each
agent to form a global policy. Each agent learns its local policy by interacting with its environment,
and after a set number of episodes, the policies are shared with a central server for averaging. The
**P-Avg** update rule is as follows:

1 N
Tavg = N Z ue (6)
=1

where IV is the number of agents, 7; represents the policy parameters of agent 7, and .y is the
averaged policy after aggregation. This global policy is then distributed back to the agents for further
updates.

Handling Environmental Heterogeneity: P-Avg is particularly effective in **heterogeneous
environments**, where each agent operates in a different environment with its own dynamics and
reward structures. Since each agent learns a policy suited to its local environment, averaging these
policies helps agents generalize across different environments. This approach ensures that all agents
benefit from each other’s experiences, improving the robustness of the global policy.
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Policy Gradient Updates: In P-Avg, each agent updates its local policy parameters using the
**policy gradient™* method. For each agent ¢, the policy is updated using the following rule:

where 6; are the policy parameters for agent i, « is the learning rate, and Vy, J(6;) is the policy
gradient computed based on the agent’s experience. After a fixed number of updates, the local policies
are shared and averaged, as described earlier.

Algorithm Overview: The overall process of P-Avg can be summarized as follows:

1. Initialization: Each agent initializes its policy parameters 7; and begins interacting with its
local environment.

2. Policy Update: Each agent updates its policy using the policy gradient method:
where 6; are the policy parameters, and J(6;) is the objective function.

3. Averaging: After a predefined number of episodes, each agent sends its updated policy
parameters 7; to the central server, which computes the averaged policy:

1 N
Tavg = N E T
i=1

4. Update: The central server sends the averaged policy 7.y, back to the agents, which update
their local policies accordingly.

5. Reiteration: The process repeats, with agents periodically sending their policy updates for
aggregation and receiving the averaged policy from the server.

Communication Efficiency: Like Q-Avg, P-Avg reduces communication costs by minimizing the
frequency of parameter exchanges between agents and the server. Instead of continuously transmitting
policy updates, agents only communicate their policies after a set number of episodes, reducing the
overall communication overhead in large-scale distributed systems.

Advantages

¢ Collaborative Learning: P-Avg enables agents to share and combine their policies, lever-
aging the collective knowledge from diverse environments.

» Adaptability to Heterogeneous Environments: By averaging policies across agents
working in different environments, P-Avg improves the generalization of policies to unseen
or diverse conditions.

* Scalability: The algorithm scales efficiently with the number of agents, as policy averaging
is computationally lightweight and reduces the need for frequent communication.

Overall, P-Avg provides a scalable and efficient solution for policy-based reinforcement learning
in federated settings, particularly when agents operate in environments with varying dynamics and
reward structures.

D Detail of DQNAvg function

D.1 DQNAvg Algorithm in Federated Reinforcement Learning

The **DQNAvg** algorithm is an adaptation of the standard Deep Q-Network (DQN) for Feder-
ated Reinforcement Learning (FRL) environments, where multiple agents learn independently in
distributed environments and periodically share their model parameters with a central server for
aggregation. DQNAvg is particularly useful in continuous action spaces, where learning a robust
policy across heterogeneous environments is crucial for improving performance while reducing
communication costs.
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Deep Q-Network (DQN): DQN is a model-free reinforcement learning algorithm where a neural
network is used to approximate the Q-values (s, a) for each state-action pair. The network is trained
to minimize the difference between the predicted Q-values and the target Q-values, which are based
on the Bellman equation:

Qs,0)  Q(s.a) +a (r +ymax Qs a") ~ Q(s,)) ®)

where « is the learning rate, +y is the discount factor, r is the reward, and s’, a’ represent the next state
and action, respectively.

Averaging Q-Networks: In DQNAvg, each agent trains its own local Q-network based on its
interactions with the environment. After a certain number of episodes, the local Q-networks are sent
to the central server, where they are aggregated to form a global Q-network. This global Q-network
is then distributed back to the agents for further training, ensuring that agents benefit from the
experiences of others.

The aggregation of Q-networks follows a simple averaging scheme:

Qus(s,0) = 1>~ Quls.0) ©)

where N is the number of agents, Q; (s, a) represents the Q-values of agent 7, and Qqy,(s, a) is the
averaged Q-value for each state-action pair after aggregation.

Handling Environmental Heterogeneity: DQNAvg is designed to handle **heterogeneous envi-
ronments**, where each agent operates in an environment with different state-transition dynamics
and reward functions. By averaging the Q-values across agents, DQNAvg ensures that the global
Q-network reflects experiences from diverse environments, improving the generalization of policies
to new and unseen conditions.

The key advantage of this approach is that agents can learn robust policies even in environments with
varying dynamics, as the averaging process incorporates knowledge from multiple sources.

Experience Replay: Each agent in DQNAvg uses an **experience replay buffer** to store past
transitions, which are sampled randomly to break the correlation between consecutive experiences.
The Q-network is updated using mini-batches of experiences from the replay buffer, ensuring more
stable and efficient learning.

Algorithm Overview: The main steps of the DQNAvg algorithm can be summarized as follows:

1. Imitialization: Each agent initializes its Q-network (Q; and its experience replay buffer.

2. Learning: Each agent interacts with its local environment, updates its Q-network using the
DQN update rule, and stores experiences in the replay buffer:

Qi(s,a) + Qi(s,a) + <7’ + 7 max Qi(s',d') — Qi(s, a))

3. Averaging: After a fixed number of episodes, each agent sends its Q-network @); to the
central server. The server computes the average Q-network as:

N
1
Qavg(s,a) = ~ ; Qi(s,a)
4. Update: The averaged Q-network (,y, is sent back to all agents, which update their local

Q-networks accordingly.

5. Reiteration: The process continues with agents periodically sending their Q-networks for
aggregation and receiving the averaged Q-network for further training.
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Communication Efficiency: To reduce communication overhead, DQNAvg only averages Q-
networks after a predefined number of episodes. This minimizes the frequency of model transmissions,
significantly lowering communication costs in federated settings, especially when applied to large-
scale environments.

Advantages:

* Collaborative Learning: DQNAvg allows agents to leverage the experiences of others,
enabling faster and more robust learning in distributed environments.

* Adaptability to Heterogeneous Environments: By averaging Q-values across diverse
environments, DQNAvg ensures that the global model can generalize to a wide range of
conditions.

* Reduced Communication Costs: The periodic averaging of Q-networks ensures that
communication is minimized, making DQNAvg well-suited for large-scale federated learning
applications.

Overall, DQNAvg extends the traditional DQN approach to a federated learning framework, allowing
multiple agents to collaborate and learn efficiently across diverse environments while reducing
communication costs and improving policy generalization.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: [TODO]
Guidelines:
* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: [TODO]

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when the image
resolution is low or images are taken in low lighting. Or a speech-to-text system might
not be used reliably to provide closed captions for online lectures because it fails to
handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
addressing problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: [TODO]
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in the appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: [TODO]
Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: [TODO]Code will be available after acceptance
Guidelines:

* The answer NA means that the paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they

should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: [TODO]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: [TODO]
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.
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8.

10.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CIL, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: [TODO]
Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

 The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: [TODO]
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: [TODO]
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
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12.

13.

generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]
Justification: [TODO]
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: [TODO]
Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
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Answer: [Yes]
Justification: [TODO]
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects

15.

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: [TODO]
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: [TODO]
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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