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Abstract

Gas usage estimation plays a critical role in various aspects
of the power generation and delivery business, including bud-
geting, resource planning, and environmental preservation.
Federated Learning (FL) has demonstrated its potential in en-
hancing the accuracy and reliability of gas usage estimation
by enabling distributedly owned data to be leveraged, while
ensuring privacy and confidentiality. However, to effectively
motivate stakeholders to contribute their high-quality local
data and computational resources for this purpose, incentive
mechanism design is key. In this paper, we report our experi-
ence designing and deploying the Hierarchical FL Incentive
mechanism for the Gas usage estimation (HiFi-Gas) sys-
tem. It is designed to cater to the unique structure of gas
companies and their affiliated heating stations. HiFi-Gas
provides effective incentivization in a hierarchical federated
learning framework that consists of a horizontal federated
learning (HFL) component for effective collaboration among
gas companies and multiple vertical federated learning (VFL)
components for the gas company and its affiliated heating
stations. To motivate active participation and ensure fairness
among gas companies and heating stations, we incorporate
a multi-dimensional contribution-aware reward distribution
function that considers both data quality and model contri-
butions. Since its deployment in the ENN Group in Decem-
ber 2022, HiFi-Gas has successfully provided incentives
for gas companies and heating stations to actively participate
in FL training, resulting in more than 12% higher average gas
usage estimation accuracy and substantial gas procurement
cost savings. This implementation marks the first successful
deployment of a hierarchical FL incentive approach in the en-
ergy industry.

Introduction
Gas usage estimation (Liu et al. 2021; Sharma et al. 2021) is
vital for the safe and efficient operation of electric grids. It
provides essential information for budgeting, resource plan-
ning and managing environmental considerations. Its im-
pact can be felt by gas companies, utility service providers
and even homeowners. Accurate estimation allows individ-
uals and organizations to anticipate energy costs, make in-
formed decisions on energy efficiency and identify conser-
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vation opportunities, aligning with sustainability goals and
carbon footprint reduction (Le Quéré et al. 2020).

Traditional approaches for gas usage estimation based on
historical data and statistical models face limitations due to
data sparsity and subjective input parameters (Soldo 2012;
Yu et al. 2014; Tamba et al. 2018). To improve accuracy and
reliability, energy companies are turning to data-driven tech-
niques, such as machine learning (ML). ML algorithms can
analyze vast data volumes, identify patterns and forecast gas
consumption more precisely, leveraging historical consump-
tion data, weather patterns and other factors.

Collaborative model training techniques, such as feder-
ated learning (FL) (Yang et al. 2019, 2020; Goebel et al.
2023), have emerged to enhance ML solutions by leverag-
ing distributedly owned data resources from multiple orga-
nizations (Warnat-Herresthal et al. 2021; Chen et al. 2023).
FL (Liu et al. 2020, 2022b) enables collaborative training
of models across distributed data sources without centraliz-
ing sensitive data, ensuring privacy and confidentiality. In
this way, energy companies can leverage data from various
sources, including gas companies, heating stations and con-
sumers, to build more accurate and robust gas usage estima-
tion models.

Despite their advantages, FL-based gas usage estima-
tion methods face significant challenges that hinder their
widespread adoption in practice (Zeng et al. 2021; Tu et al.
2022; Cheng, Li, and Liu 2022; Khan et al. 2020; Zhan et al.
2021). Firstly, it is challenging to effectively motivate self-
interested data owners (a.k.a., FL clients) to contribute their
computation and communication resources to FL model
training. Economic compensation mechanisms are neces-
sary to incentivize them to participate meaningfully. Sec-
ondly, ensuring the integrity and quality of FL client contri-
butions is vital. As unreliable clients can negatively impact
the performance of the global FL model through malicious
behavior or low-quality updates. To overcome these chal-
lenges, FL incentive mechanism design has emerged as an
important research field to identify the optimal payment and
organizational structures within federated networks, with the
goal of achieving desired operational objectives (Khan et al.
2020; Zhan et al. 2021).

To address these challenges, we propose the Hierarchical
FL Incentive mechanism for Gas usage estimation
(HiFi-Gas). The key features and benefits of HiFi-Gas
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are as follows:

• Customized Collaboration: HiFi-Gas is built upon a
hierarchical FL framework that comprises a horizontal
federated learning (HFL) component and multiple verti-
cal federated learning (VFL) components. The HFL com-
ponent enables ENN gas companies to leverage external
entities’ historical gas supply data and weather informa-
tion for accurate gas usage estimation. The VFL compo-
nents facilitate collaboration among each gas company
and their affiliated heating stations within their cover-
age, taking into account the vertical partitioning of data
among them.

• Active Participation and Fairness: HiFi-Gas incor-
porates a multi-dimensional reward distribution function
that considers both data quality and model contributions.
This approach promotes active participation and ensures
fairness among gas companies and heating stations, in-
centivizing them to actively contribute their resources
and expertise to the FL process.

• Enhanced Gas Usage Estimation with Privacy Preser-
vation: HiFi-Gas effectively motivates participants to
join FL-based gas usage estimation by providing them
with monetary compensation. This incentivization mech-
anism facilitates the improvement of gas usage estima-
tion model accuracy, while safeguarding the privacy and
confidentiality of participants’ data.

By leveraging the hierarchical FL framework, incorporating
a fair incentive and preserving data privacy, HiFi-Gas of-
fers a promising solution to enhance collaborative gas usage
estimation in practice.

The HiFi-Gas approach has been successfully deployed
in ENN Group1 since December 2022 in a province in China
through collaboration among the ENN Group and the Trust-
worthy Federated Ubiquitous Learning (TrustFUL) Lab2,
Nanyang Technological University (NTU), Singapore. Since
its deployment, HiFi-Gas has successfully provided in-
centives for gas companies and heating stations to actively
participate in FL training, resulting in more than 12% higher
average gas usage estimation accuracy and substantial gas
procurement cost savings. To the best of our knowledge, it is
the first successfully deployed hierarchical federated learn-
ing incentive approach in the energy industry.

Application Description
ENN Group, established in 1989, is a leading player in the
natural gas and green energy industry with diversified oper-
ations in distribution, trade, transportation and storage, pro-
duction, and intelligent engineering. The company is dedi-
cated to creating modern energy systems that enhance peo-
ple’s quality of life. With its robust industrial ecosystem,
ENN is actively developing an industrial digital intelligence
platform to empower various stakeholders, including over
25 million household customers and more than 200,000 en-
terprise customers across 20 provinces in China.

1https://www.enn.cn/
2https://trustful.federated-learning.org/
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Figure 1: An overview of the FL-based gas usage estimation
process in the ENN Group.

Due to the higher likelihood of rising natural gas prices
in winter, sub-companies of the ENN Group need to procure
natural gas in advance, which requires them to make predic-
tions regarding the amount of gas required for a specified
period in advance. However, as the volume of data owned
by each sub-company is sparse and potentially biased, it is
difficult for them to make accurate predictions on their own.
Therefore, an FL-based platform has been built to involve
all the sub-companies collaboratively to train the estimation
model, while protecting their data privacy. In this section, we
offer an overview of the ENN gas usage estimation platform
which is built based on FL.

Figure 1 illustrates the ENN gas usage estimation model
overall workflow. It is an integral part of its industrial digital
intelligence platform. Initially, gas usage data are collected
and stored locally in data silos. To prepare the data for anal-
ysis and model training, standard techniques (e.g., Fourier
transform, wavelet transform) are applied. Subsequently, the
gas estimation model is trained using the FL paradigm, in
collaboration with gas companies and heating stations. The
FL model training subsystem consists of two components: 1)
the ENN FL Server, and 2) the ENN FL Client (Chen et al.
2023) as shown in Figure 2. The incentive model deployed
in this subsystem aims to ensure the efficient functioning of
the FL ecosystem.

ENN FL Server
The ENN FL Server is a critical component comprising the
FL model aggregation server and utility modules supporting
system administrators. It offers a variety of FL model train-
ing and aggregation approaches, including FedAvg (McMa-
han et al. 2017) and FedOBD (Chen et al. 2023), which can
be integrated into the system. System administrators can eas-
ily configure the FL model training process using dedicated
user interfaces. After completing the configuration steps,
the information is transmitted to the FL model aggregation
server via a local area network (LAN).

Designed with a modular approach, the FL model aggre-
gation server can support different FL model aggregation
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Figure 2: An overview of the ENN FL model training platform.

methods. It takes local model updates from FL clients as in-
puts and generates a global FL model as output. In addition,
the server determines if further rounds of FL training are
necessary to enhance global model accuracy. Efficient com-
munication with clients is facilitated by the Communication
Management module, which can accommodate special re-
quirements like transmission compression using stochastic
quantization (Alistarh et al. 2017).

Figures 3 and 4 depict the user interfaces (UIs) of the
ENN FL model training platform, which visualize the FL
training process for Chinese-speaking system administra-
tors. We have annotated key features for clarity. Figure 3 dis-
plays the screen that allows administrators to configure the
FL training process for a specific model by defining critical
parameters, such as the mode of federated learning and the
chosen model training and aggregation approach. Once FL
training begins, the training activities are visualized in Fig-
ure 4, enabling administrators to monitor progress. The ex-
ample shows one FL server and two FL clients, each denoted
by their respective activities listed in the relevant boxes.
Users can easily navigate through the training progress and
access detailed information for each record. The left-hand
side panel features an FL training flowchart, illustrating the
overall progress. Upon completion of training, administra-
tors can access a summary of the performance of the re-
sulting FL model. The ENN FL platform stores detailed FL
model training activities and performance evaluation results,
facilitating future reviews and audits.

ENN FL Client
ENN FL clients are commonly deployed in various indus-
trial facilities, including factories, power plants, and coal
chemical plants. These facilities use sensors to monitor
equipment and collect relevant data, which is aggregated and
stored in the appropriate format by the Communication &
Storage Management module in the Local Database Server.
The ENN gas usage estimation system conducts data and

signal processing on this infrastructure and employs a Deep
Neural Network (DNN)-based model to predict gas demand.
To utilize historical gas usage information and weather data
from different facilities, the DNN-based model is trained
through FL. Each ENN FL Client is equipped with an FL
Client Agent module, facilitating the facility’s data partici-
pation in the FL process.

Use of AI Technology
In this section, we provide details of the AI Engine of the
ENN FL model training subsystem for gas usage estimation
built on the HiFi-Gas approach. It operates within a hier-
archical federated learning ecosystem and aims to distribute
rewards fairly to participants, thereby motivating them to ac-
tively engage in FL training and improve the performance of
the resulting gas usage estimation model.

Two types of entities are involved in the ENN gas supply
chain: 1) gas companies, and 2) heating stations. Gas compa-
nies acquire natural gas from external sources and distribute
it to heating stations affiliated to them. However, both types
of entities face challenges in making accurate predictions
based solely on their own local data. Gas companies face
data sparsity issues, making it difficult to train precise gas
demand prediction models. Heating stations heavily rely on
heating strategists to manually create daily heating plans and
estimate gas usage based on weather forecasts. However, the
subjectivity involved in formulating strategies manually and
the lack of access to high-precision weather forecast data
negatively impact the effectiveness of such plans.

To address these challenges, our solution employs two
FL ecosystems: 1) an HFL system among gas companies
(Figure 5), and 2) multiple VFL systems between each gas
company and the affiliated heating stations (Figure 6). In the
client-server HFL system, there are generally nH FL clients
suitable for FL-based gas usage estimation model training.

Each client i possesses a local dataset DH
i = (xH

j , yHj )
|DH

i |
j=1

,

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

22826



Figure 3: An example of the user interface for configuring FL training in the ENN FL platform.

where xH
j represents the j-th local training sample, and yHj

denotes the corresponding ground truth label of xH
j . |DH

i |
denotes the total number of data samples in DH

i . The goal
of the HFL system is to solve the following optimization
problem under the aforementioned setting:

min
θH

nH∑
i=1

|DH
i |

|DH |
LH
i (θH ;DH

i ), (1)

where θH represents the model parameters. |DH | denotes
the total number of samples, calculated as the sum of the
sample sizes of all clients (i.e., |DH | =

∑nH

i=1 |DH
i |).

LH
i (θH ;DH

i ) represents the local loss of a specific client
i, defined as the average loss over its local dataset, given
by LiH(θH ;DH

i ) = 1
|DH

i |
∑|DH

i |
j=1 l(θH ;xH

j , yHj ). Here,

l(θH ;xH
j , yHj ) denotes the loss function for the model with

parameters θH when predicting label yHj for input xH
j .

Unlike HFL, which partitions data by samples, VFL
partitions data by features. Let nV denote the number of
participants in VFL model training. The dataset DV =

{xV
j , y

V
j }|D

V |
j=1 is partitioned across the nV participants, each

of which is associated with a unique set of features. For ex-
ample, consider participant i, who maintains the i-th block
of features xj,i for the j-th sample j = [xT

j,1, · · · , xT
j,nV ]

T .

Each participant i conducts training on the model parame-
ter θV utilizing its local raw features xj,i, with the goal of
minimizing the loss function:

min
θV

1

nV

nV∑
j=1

LV (θV ;DV
j ). (2)

The HiFi-Gas Workflow
Data Quality Evaluation The first step is for each partic-
ipant to preprocess its local data before initiating FL model
training. Specifically, in the case of HFL, historical gas us-
age and weather conditions significantly impact current gas
usage. Thus, each participant can evaluate its data quality by
analyzing the correlation between historical gas usage data
and weather data with the actual gas usage data. Let Xi de-
note the historical gas usage and weather data from partici-
pant i for a continuous period of T days, and let Yi denote
the corresponding actual gas usage data. The correlation be-
tween Xi and Yi can be formulated as:

corr scoreHi =
Cov(Xi,Yi)√

V ar(Xi)V ar(Yi)
, (3)

where the supscript H means that the equation is applicable
for the HFL setting. Cov is the covariance function (Rice
2006) and V ar is the variance function (Breiman 2001).
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Figure 4: An example of the user interface for visualizing the FL training process in the ENN FL platform.
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Figure 5: The HiFi-Gas incentive model for HFL scenarios.
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Figure 6: The HiFi-Gas incentive model for VFL scenarios.

The data quantity weightage score for participant i can be
computed as:

quant scoreHi =
|DH

i |
|DH |

, (4)

where |DH
i | and |DH | are the total number of samples in

participant i and in the HFL ecosystem, respectively. Then,
the final data quality evaluation result for participant i under
the HFL setting is defined as:

qualityHi = corr scoreHi × quant scoreHi , (5)

whereas under the VFL setting, the data quality of partici-
pant i is defined as:

qualityVi = corr scoreVi . (6)

Model Contribution Evaluation The second step is to as-
sess participants’ contributions from a model perspective.
Each FL participant trains a local model using its own data
as depicted in Figures 5 and 6. Subsequently, each of them
employs its local model to predict gas usage for a consecu-
tive period of T days. By comparing these predictions with
the actual gas usage, the adapted Symmetric Mean Absolute
Percentage Error (SMAPE) (Hyndman and Koehler 2006)
can be calculated as:

SMAPElocal
i =

1

T

T∑
t=1

|ylocali,t − ŷi,t|
(|ylocali,t |+ |ŷi,t|)

, (7)

where ŷi,t represents the actual gas usage at time t of partici-
pant i. ylocali,t represents the prediction generated by the local
model of participant i at the same time t. T is the number of
time periods.

Similarly, the prediction error of the global FL model
adapted for gas usage estimation for participant i is:

SMAPE newglobal
i =

1

T

T∑
t=1

|yglobali,t − ŷi,t|
(|yglobali,t |+ |ŷi,t|)

, (8)

where yglobali,t is the predicted gas usage of i at time t gener-
ated by the global model.

Then, the contribution of participant j to the global FL
model can be obtained as:

contributionj =
∑
i̸=j

SMAPE newlocal
i − SMAPE newglobal

i

n− 1
.

(9)
n is the number of participants in FL model training.

Reward Distribution Let Rdata and Rmodel denote the
total reward available for data quality and model contribu-
tion, respectively. The data quality reward and model contri-
bution reward for each participant i can be computed as:

rqualityi = Rdata ×
qualityi∑n
j=1 qualityj

, (10)

rcontributioni = Rmodel ×
contributioni∑n
j=1 contributionj

. (11)

Application Development and Deployment
The HiFi-Gas was developed by teams from the Trust-
FUL Lab and the Digital Research Institute of the ENN
Group, utilizing the PyTorch framework (Paszke et al. 2017)
as the foundation. Prior to the implementation of the AI En-
gine, a comprehensive evaluation was conducted comparing
it to four cutting-edge contribution evaluation approaches:
1. GTG-Shapely (GTG-S) (Liu et al. 2022a): It recon-

structs FL models from gradient updates for SV calcu-
lation, avoiding repeated training. It uses guided Monte
Carlo sampling, along with truncation techniques, to ef-
ficiently reduce model reconstructions and evaluations.

2. WT-Shapley (WT-S) (Yang et al. 2022a): This method
enhances the GTG-Shapley approach by incorporating
weight calculations during truncation operations.

3. WTDP-Shapely (WTDP-S) (Yang et al. 2022b): This
method enhances WT-Shapley by employing Dynamic
Programming instead of random sampling for accurate
utility value estimation during SV calculation.

4. MC: In this approach, the contribution of each partici-
pant is computed by considering its impact on the perfor-
mance of all other participants.
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In the offline experimental evaluation to make a decision
on which approach to adopt for deployment, we utilize the
ETTh1 dataset, one of the hourly Electricity Transformer
Temperature (ETT) datasets (Zhou et al. 2021). The ETTh1
dataset encompasses temperature measurements from di-
verse electric power transformers and contains a total of
17,420 chronological records. During the offline experi-
ments, we designate the most recent 5% of records as the
standardized validation set. We employ a total of 5 clients in
our experiments. Each client’s model architecture includes 2
LSTM layers followed by 1 linear layer. The input sequence
length and prediction sequence length are both set to 96.

To comprehensively evaluate the efficiency and perfor-
mance of HiFi-Gas in comparison to four baselines across
diverse FL scenarios, the following two distinct scenarios
were designed:
• Different Data Quantities without Noise: Participants

contribute data in varying quantities, ordered chronolog-
ically. The data proportions for each participant are in the
ratios of 1:2:3:4:5.

• Equal Data Quantity with Noise: All participants con-
tribute the same amount of data, but their individual data
includes diverse proportions of Gaussian noise. The orig-
inal values are used as the mean (µ) of the distribution,
while the standard deviations (σ) are set to 0.1, 0.2, 0.3,
0.4, and 0.5 for the respective participants.

The performance of the comparison approaches is as-
sessed using the following evaluation metrics:
• Time: The efficiency of each approach is assessed based

on the total time taken to calculate the contributions.
• Cosine Distance: We represent the SV result calculated

by the MR method (Song, Tong, and Wei 2019) as a
vector ϕ∗ = ⟨ϕ∗

1, · · · , ϕ∗
n⟩, and the estimation result ob-

tained by any other approach as ϕ = ⟨ϕ1, · · · , ϕn⟩. Then,
the Cosine Distance is formulated as:

1− cos(ϕ∗, ϕ). (12)

• Euclidean Distance: similar to the Cosine Distance, the
Euclidean Distance is computed as:√√√√ n∑

i=1

(ϕ∗
i , ϕi)2. (13)

• Maximum Difference: it is computed as:
n

max
i=1

|ϕ∗
i , ϕi|. (14)

The smaller the values of these metrics, the better the per-
formance of an approach.

The performance results of the baselines and HiFi-Gas
are presented in Table ?? for the different data quanti-
ties without noise FL setting, and in Table ?? for the
equal data quantity with noise FL setting. It is evident that
the Shapley value-based variants, such as GTG-Shapley,
WT-Shapley, and WTDP-Shapley, outperform the simpler
marginal contribution-based methods, including MC and
HiFi-Gas, in terms of cosine distance, Euclidean distance,

Time Cosine Euclidean Maximum
(sec) Distance Distance Difference

GTG-S 43.66 5.53e-3 4.75e-2 3.58e-2
WT-S 43.74 4.48e-3 4.28e-2 3.13e-2

WTDP-S 43.53 4.08e-6 1.30e-3 8.97e-4
MC 5.76 1.31e-1 2.47e-1 1.85e-1

HiFi-Gas 5.76 2.69e-2 1.05e-1 7.43e-2

Table 1: Performance comparison under different data quan-
tities without noise.

Time Cosine Euclidean Maximum
(sec) Distance Distance Difference

GTG-S 156.27 2.03e-3 4.77e-2 3.26e-2
WT-S 156.30 1.30e-3 3.85e-2 2.67e-2

WTDP-S 53.03 9.44e-4 2.78e-2 1.89e-2
MC 5.76 1.70e-1 3.83e-1 2.86e-1

HiFi-Gas 5.76 9.74e-2 2.58e-1 2.12e-2

Table 2: Performance comparison under equal data quantity
with noise.

and maximum difference. However, MC and HiFi-Gas
exhibit significantly superior performance when it comes
to the time required for contribution evaluation. In com-
parison to the top-performing Shapley value variants, MC
and HiFi-Gas demonstrate a reduction in time by over
738%, rendering them more suitable for practical deploy-
ment in industry settings. In the context of time efficiency,
MC and HiFi-Gas exhibit similar performance. Nonethe-
less, in terms of cosine distance, Euclidean distance, and
maximum difference, HiFi-Gas outperforms MC signif-
icantly. After jointly considering the overall performance of
all approaches in terms of both efficiency and the accuracy
of contribution evaluation, the decision was made to adopt
HiFi-Gas for deployment.

Application Use and Payoff
Starting from December 2022, HiFi-Gas has been inte-
grated into the ENN Intelligent Gas Usage Estimation Plat-
form for deployment. It has been adopted by two major gas
companies in the ENN Group located in a province in China.
For ease of reference and respect for the industry partner’s
request not to disclose the names of these companies, we re-
fer to them as Company A and Company B in the rest of this
paper. Company A has 4 affiliated heating stations, while
Company B has 47 affiliated heating stations.

As highlighted previously, the ultimate objective of
HiFi-Gas is to enhance the precision of gas usage estima-
tion models for both gas companies and the affiliated heating
stations within the FL ecosystem. This section provides an
overview of the impact of HiFi-Gas on accuracy enhance-
ments for Company A and Company B since its deployment.

Table ?? illustrates the remarkable enhancements in
the accuracy of the resulting FL gas usage estimation
model collaboratively trained by companies A and B under
HiFi-Gas. Specifically, the average gas usage estimation
accuracy for Company A and its affiliated heating stations
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has been improved by 14.67%, with model accuracy increas-
ing from 81.1% before the deployment of HiFi-Gas to
93.0% afterwards. Similarly, for Company B and its affili-
ated heating stations, the average gas usage estimation accu-
racy has been improved by 10.31%, with model accuracy in-
creasing from 78.6% before the deployment of HiFi-Gas
to 86.7% afterwards.
HiFi-Gas is designed to encourage responsible partici-

pation in the federated model training through the sharing of
high-quality local data. Notably, the average daily data quan-
tity is reduced under HiFi-Gas by 17.61%. This is because
the HiFi-Gas incentive mechanism effectively compels
the participating entities to refine their local datasets more
meticulously in order to remove noisy and erroneous data
prior to engaging in federated model training. Consequently,
these entities can elevate their training accuracy, leading to
a substantial reduction in gas procurement costs. This out-
come underscores the efficacy of the HiFi-Gas incentive
mechanism.

Maintenance
The AI Engine adopts a modular architectural design, ensur-
ing a clear separation of concerns and segregation of respon-
sibilities. Throughout the deployment phase, there has been
no AI maintenance activity required, even with changes in
personnel authorization privileges and operational configu-
rations within the system.

Lessons Learned During Deployment
During the deployment of HiFi-Gas for gas usage es-
timation, several valuable lessons were learned, providing
insights into the effective implementation of FL incentive
mechanisms. Here are some key takeaways:

1. Clear Communication and Stakeholder Engagement:
Effective communication and active engagement with all
stakeholders, including gas companies and heating sta-
tions, are crucial. Regular engagement fosters collabo-
ration, feedback and continued improvement throughout
the deployment process.

2. Alignment of Incentives with Business Objectives:
The incentive mechanism should align with stakehold-
ers’ business objectives related to gas usage estimation.
Structuring incentives to motivate accurate data contribu-
tion ensures their active participation.

3. Data Quality Assurance: Ensuring data quality from
gas companies and heating stations is essential. Imple-
menting robust data validation processes and conducting

Acc. w/o Acc. with
HiFi-Gas HiFi-Gas %∆ Acc.

Company A 81.1% 93.0% +14.67%
Company B 78.6% 86.7% +10.31%

Table 3: Deployment results for HiFi-Gas for gas compa-
nies A and B.

regular audits improve the accuracy and reliability of FL-
based gas usage estimation.

4. Continuous Monitoring and Evaluation: Regularly
monitoring and evaluating the efficacy of the incentive
mechanism helps identify areas for improvement and en-
sures its effectiveness over time.

5. Flexibility and Adaptability: Designing the incentive
mechanism with flexibility and adaptability allows it to
accommodate changes in industry practices and regula-
tions.

Considering these lessons learned, the deployment of
HiFi-Gas in the industry can lead to improved gas us-
age estimation accuracy, reliability and efficiency, promot-
ing collaboration among stakeholders and enhancing the
decision-making process.

Conclusions and Future Work
In this paper, we present our experience in designing and
deploying a reward-based system for incentivizing federated
learning participants to engage in the FL model training pro-
cess with the goal to enhance the accuracy of gas usage
estimation. We propose HiFi-Gas, a hierarchical incen-
tive mechanism for federated learning that incorporates a re-
ward distribution module tailored to the specific structure of
gas companies and their associated heating stations. Since
its deployment in the ENN Group AI Engine in a province
in China, HiFi-Gas has significantly improved gas us-
age forecasting accuracy for two gas companies located in
different cities. It has effectively motivated gas companies
and heating stations to actively contribute to FL training and
provide high-quality data, resulting in increased revenue for
these entities compared to previously adopted practices.

Moving forward, our future work will involve a compre-
hensive evaluation of the HiFi-Gas using larger industrial
datasets from various perspectives. In addition, we aim to
enhance the resilience of the incentive mechanism against
potential malicious participants (Lyu et al. 2022) and fur-
ther advance its fairness (Shi, Yu, and Leung 2023; Yu et al.
2016, 2017) when distributing incentive benefits.
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