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Abstract—Nowadays, technology companies spend efforts col-
lecting datasets from massive users and training machine-learning
models to enable innovative artificial intelligence (AI) applications.
However, current data protection policies, such as General Data
Protection Regulation (GDPR), enforce the right to be forgotten and
require the server to perform machine unlearning and eliminate
the effect of users’ data on the trained model once receiving the
data redemption requests. Such privacy regulations are unfair to
the server, as it incurs extra costs for unlearning but suffers from
a degraded model. In this paper, we propose the first incentive
mechanism in machine unlearning to compensate for the server’s
cost to the best of our knowledge. We first characterize the
accuracy degradation and consumed time as a function of the
unlearning ratio by conducting experiments on three popular
datasets and two widely used unlearning algorithms. Then, we
model the interaction between the server and users as a two-stage
Stackelberg game. We propose an iterative algorithm to optimize
the unit price for data redemption by characterizing the convexity
of server’s profit maximization problem. The experimental results
on real datasets show that our mechanism can achieve the largest
server’s profit and social welfare, compared with the GDPR and
no redemption schemes.

I. INTRODUCTION

A. Motivations

Technology companies, such as Facebook and Google, spend
significant efforts to collect large datasets from a massive
number of users, invest a substantial amount of training re-
sources (e.g., time, hardware, and software), and train sophis-
ticated artificial intelligence (AI) models to benefit our lives
these days [1], [2]. However, some private information can
be embedded in the well-trained models in a complex way,
such as users’ medical records [3] and personal emails [4].
Therefore, recent data protection regulations, such as General
Data Protection Regulation (GDPR) [5] in E.U. and California
Consumer Privacy Act (CCPA) [6] in the U.S., enforce the
right to be forgotten. They require the companies to delete the
collected data samples and remove their effects on the models
immediately to eliminate the potential privacy leakage risks
once the users submit their data redemption requests. To meet
their requirements, machine unlearning [7], [8] has arisen as a
compelling approach that facilitates the removal of data’s effect
from well-trained machine-learning models in practice.

Following these strict privacy regulations may cause finan-
cial loss for AI companies [9] as the company incurs costs
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for performing machine unlearning while suffering from the
accuracy degradation of models [7], [10]. First, fully retraining
the model from scratch [8] is the most legitimate way to remove
the targeted data completely from the AI model but is extremely
time-consuming [11]. Sharded, Isolated, Sliced, and Aggregated
training (SISA) proposed by Bourtoule et al. [7] is an efficient
and general way to speed up the machine unlearning in an
ensemble way, but the consumed time is still significant, espe-
cially for large models and frequent requests [12]. Additionally,
the accuracy degradation of models is another key factor
preventing the server from performing machine unlearning. The
accuracy degradation can be exponential [10] when more data is
unlearned, which is referred to as catastrophic unlearning [13],
and how to mitigate it naturally is still an open question [14].

Clearly, the server has no incentive to perform the machine
unlearning honestly and consciously without sufficient compen-
sation from users who request to redeem data. A survey [15]
shows that over 27% of companies from the U.S. and E.U.
have yet to begin work on making their organization GDPR-
compliant more than two years after the deadline has passed,
and 60% of technology companies are not ready for compli-
ance. If we force the companies to follow existing regulations, it
may hinder innovative data usage and AI investments since the
companies foresee the unlearning cost in the future. Therefore,
designing an economic mechanism to compensate for the
server’s unlearning cost sufficiently is essential.

B. Contributions

To the best of our knowledge, we propose the first incentive
mechanism for machine unlearning in this paper. First, we char-
acterize the accuracy degradation in an exponential function
and model the consumed time as a linear function by fitting
the experimental results obtained from three real-world datasets
(i.e., MNIST [16], Cifar-10 [17], and Adult Income [18])
and two popular unlearning algorithms (i.e., Retraining from
Scratch [8] and SISA [7]).

Next, we model the data redemption mechanism of the server
and users as a two-stage Stackelberg game. Stage I is the
server’s profit maximization problem that optimizes the unit
price for redeeming data, and Stage II is the users’ payoff max-
imization problem that optimizes the data redemption amount.
To design a fair mechanism in machine unlearning, the most
important question to answer is how much should the server
charge the users for their data redemption? If the price is too
low, users may redeem a significant amount (or even all) of
their data, resulting in a significant drop in the server’s model
accuracy. However, if the price is too high, it may not lead to a
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larger profit for the server since unlearning an extremely small
amount of data is also time-consuming.

Analyzing the Stackelberg game is highly non-trivial as it
involves the two-stage interactions between the server and
users. Nevertheless, we characterize the conditions under which
Stage I is a convex problem, decompose the problem into
several sub-problems based on their convexities, and propose
an algorithm to solve the problem based on the gradient descent
method [19].

We summarize our major contributions as follows.
• Incentive mechanism design for machine unlearning: To

the best of our knowledge, this is the first incentive
mechanism to compensate the server for machine unlearn-
ing, while the existing policies (such as GDPR and no
redemption) can be considered as special cases of our
mechanism.

• Experimental characterization of unlearning costs: We
characterize the accuracy degradation and consumed time
in data redemption amount with three real-world datasets
(i.e., MNIST [16], Cifar-10 [17], and Adult Income [18])
and two widely adopted machine unlearning algorithms
(i.e., Retraining from Scratch [8] and SISA [7]).

• Challenging two-stage optimization problem: We formu-
late the decisions of the server and users as a two-stage
Stackelberg game. The analysis is non-trivial given the
complexity of their interactions. We derive a closed-form
solution for users in Stage II, substitute it into Stage I,
characterize the convexity of Stage I, and propose an
iterative algorithm to obtain the optimal unit price for the
server.

• Insights and performance evaluation from real data: The
experimental results show that our mechanism achieves the
largest server’s profit and social welfare compared with
GDPR and No Redemption baselines. Moreover, we find
that it is profitable for the server when the informed ratio
increases.

C. Related Work

Machine unlearning [7], [8], [12] aims to adapt the trained
model to a new one that achieves equivalent (or at least
comparable) performance on its task but trained on the dataset
that excludes the redeemed data. Existing machine unlearning
studies (e.g., [10] and the references therein) mainly focus on
accelerating the unlearning process or improving the perfor-
mance of the unlearned model from a technical perspective.
However, none of them consider an economic mechanism
to incentivize the server to perform the machine unlearning.
Ding et al. [20] proposed an incentive mechanism for federated
unlearning, where the server allocates the rewards and motivates
the clients to perform the unlearning algorithm collaboratively.
Different from [20], we consider the centralized machine un-
learning, where server is the unlearning executor that requires
incentives.

Another related line of research is the economics of pri-
vacy [21]–[23], which discussed the trade-off to share and
protect users’ data under various technical backgrounds (e.g.,

search engines and social media). However, none of them
considered the economic mechanism under machine unlearning.
Whether the right to be forgotten can support users’ privacy
without hampering social welfare is still an open problem [24].

II. SYSTEM MODEL

In this section, we first introduce the machine unlearning
setting in Section II-A. Next, we formulate the user’s utility in
Section II-B and server’s unlearning cost in Section II-C. Then,
we formulate the interaction between the server and users as a
two-stage Stackelberg game in Section II-D.

A. Machine Unlearning Setting

We consider a machine unlearning setting in which multiple
users participated in the model training by contributing their
own data to a central server. Now, some users request to redeem
their data simultaneously. Let I be the set of all users with I =
Ir∪In, where Ir is the set of informed users that make rational
decisions to redeem data, while In is the set of uninformed
users who do not redeem any data [25]. We define the informed
ratio as γ = Ir

I ∈ [0, 1]. Let D = {Di}i∈I be the contributed
dataset by each user and Du = {Du

i }i∈I be the subsets of
data that each user redeems with Du

i ⊆ Di,∀i ∈ Ir and Du
i =

∅,∀i ∈ In. Denote di = |Di| as the number of contributed
data samples and xi = |Du

i | as the number of data samples to
redeem for each user i ∈ I. Thus, we have xi ∈ [0, di] for
i ∈ Ir and xi = 0 for i ∈ In. We assume that the data to be
redeemed for each user is uniformly sampled from Di.

The unlearning aims at optimizing the unlearned model
parameter wu to minimize the loss of the model trained on
the dataset that excludes the redeemed set [14]:

w∗
u = argmin

wu

∑
i∈I

di − xi

|D| − |Du|
L(wu;Di\Du

i ), (1)

where L(w;D) is the loss function with model parameter w for
dataset D and its form depends on the specific training task.
Equation (1) shows that users’ decisions can significantly affect
the performance of the unlearned model.

B. User’s Utility

Let Ui(xi) be the utility function of user i if xi amount of
data is redeemed from the server. In general, users can obtain a
higher degree of utility from the larger amount of redeemed data
because of the enhanced privacy level. However, when users
have already redeemed sufficient data, further data redemption
cannot provide significant privacy improvement because of the
diminishing marginal utility of the additional data [26]. Thus,
we model Ui(xi) as a concave increasing function in xi with
Ui(0) = 0. Following the widely adopted choice of utility
function [27], [28], we define it as

Ui(xi) = λi ln(xi + 1), (2)

where λi ≥ 0 is user i’s marginal privacy gain. A larger λi

implies a higher concern about privacy.
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C. Server’s Unlearning Cost Characterization on Real Data

We consider two important costs of the server resulting from
the data redemption: accuracy degradation in Section II-C1 and
consumed time in Section II-C2.

To investigate the properties of these two costs in machine
unlearning, we conduct experiments on three popular datasets
(i.e., MNIST [16], Cifar-10 [17], and Adult Income [18]) and
use two widely adopted machine unlearning algorithms (i.e.,
Retraining from Scratch [8] and SISA [7]). Retraining from
Scratch [8] works as the most legitimate way that retrains
the model completely after excluding the redeemed dataset.
SISA [7] first shards and slices the dataset to incrementally train
the model, and only retrains the affected shards/slices. We first
train a model until convergence on each dataset as the original
model. For MNIST and Cifar-10, we use the convolution
neural network (CNN) with two convolutional layers and two
fully connected layers. For Adult Income, we use the multi-
layer perceptron (MLP) with two layers. Then, we range the
unlearning ratio (i.e.,

∑
i∈Ir

xi

di
) from zero to one with a step

size of 0.1 and perform the unlearning algorithms to obtain
the accuracy of each unlearned model and its corresponding
consumed time. Here, we assume that γ = 1 to model the
complete trend when all users are informed.

1) Accuracy Degradation Formulation: We define the ac-
curacy degradation as the server’s model accuracy reduction
after performing machine unlearning. Note that the accuracy is
evaluated on a hold-out test set. The accuracy degradation of
Retraining from Scratch [8] and SISA [7] against the various
unlearning ratios are shown in Figure 1a and Figure 1b, respec-
tively. Each dot represents the accuracy reduction in percentage
under an unlearning ratio and one of the datasets. We can
observe that the accuracy degradation is convex increasing
in the unlearning ratio. Such a trend confirms the commonly
observed diminishing marginal model accuracy increment when
we include more data in model training if we observe the results
conversely (i.e., when we decrease the unlearning ratio). There-
fore, we adopt an exponential function to model the impact of
the users’ aggregated data redemption amount s =

∑
i∈Ir

xi

on the accuracy degradation as

A(s) = A1e
A2s −A3, (3)

where A1, A2, A3 ≥ 0 are the curve-fitting parameters. Then,
we use Equation (3) to fit the dots in Figure 1a and Figure 1b,
and it shows good approximations of the experimental results.

2) Consumed Time Formulation: We define the consumed
time as the duration of time required for performing the
unlearning algorithm. The consumed time of Retraining from
Scratch [8] and SISA [7] against the various unlearning ratios
are shown in Figure 1c and Figure 1d, respectively. Similarly,
each dot represents the time duration in seconds, and we can
observe that the consumed time is linearly decreasing in the
unlearning ratio. It is because we use the same number of
training rounds to build the unlearned model as we trained
the original model. When we linearly increase the unlearning
ratio, the remaining amount of data is linearly decreasing.
Thus, the consumed time of Retraining from Scratch is linearly
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Figure 1: Server’s Unlearning Cost.

decreasing. Such reason also applies to SISA because almost all
shards and slices need to be retrained even if a very small ratio
of data is redeemed (e.g., 1%) in typical SISA settings [7].
We define the consumed time of the server resulting from
unlearning s =

∑
i∈Ir

xi amount of data as

T (s) =


0, if s = 0,

T0(
∑
i∈I

di − s), if s > 0, (4)

where T0 > 0 is the curve-fitting parameter. We use Equa-
tion (4) to fit the dots in Figure 1c and Figure 1d, which matches
well with the experimental results.1

Next, we define the server’s unlearning cost as the weighted
summation of the accuracy degradation and consumed time,
which can be formulated as

C(s) = αA(s) + βT (s), (5)

where α, β > 0 are scaling factors between the accuracy
degradation and consumed time of the server.
D. Two-Stage Stackelberg Game Formulation

Enforcing the current privacy policies is unfair to the server
since it spends extra costs in performing machine unlearning
but suffers from model corruption [13]. Therefore, we intro-
duce a pricing mechanism to provide incentives for server’s
machine unlearning, where the interaction of users and server
is formulated as a two-stage Stackelberg game.

1) (Stage I) Server’s Profit Maximization: To reimburse
for the degradation of model accuracy and the time spent
on performing machine unlearning as stated in Section II-C,
the server charges each unit of redeemed data a price for
the compensation. For fairness with all users, we consider
homogeneous pricing, where the server announces only one
unit price b for all users. In Stage I, the server optimizes the
unit price b to maximize its profit (i.e., received payment minus
unlearning cost):

1We exclude the dots and fitted curves in Figure 1c and Figure 1d when
s = 0 for simplicity.
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max
b

ϕ(b) =
∑

i∈Ir
bxi(b)− C(

∑
i∈Ir

xi(b))

s.t. b ≥ 0,
(6)

where xi(b) denotes the amount of data to redeem decided
by user i based on the unit price b, which is the solution of
Problem (7) of Stage II below. The scenario where b < 0 is not
practical to consider. In that case, the server needs to pay for
the users while suffering from the unlearning costs, resulting
in a negative profit.

2) (Stage II) Users’ Payoff Maximization: After receiving
the unit price b from the server, each informed user i ∈ Ir
decides the data redemption amount independently in Stage II
to maximize its payoff (i.e., obtained utility by redeeming data
minus the payment to be spent), which can be defined as:

max
xi

δ(xi) = Ui(xi)− bxi

s.t. 0 ≤ xi ≤ di,∀i ∈ Ir,
(7)

while the other users in In do not redeem their data (i.e., xi =
0,∀i ∈ In).

III. SOLUTIONS OF TWO-STAGE OPTIMIZATION

In this section, we analyze the two-stage optimization prob-
lem using backward induction. Specifically, we first analyze
the optimal solution of Stage II in Section III-A. Next, in
Section III-B, we substitute the solution of Stage II into Stage
I and compute the optimal unit price.

A. Solution of Stage II

We derive the optimal data redemption amount x∗
i for each

user in Ir when the unit price function parameter b is given by
the server in Proposition 1.

Proposition 1. The optimal data redemption amount for in-
formed user i ∈ Ir in Stage II under unit price b is

x∗
i (b) =

[
λi

b
− 1

]di

0

, (8)

where [z]qp = min {max {p, z} , q}.

The proof of Proposition 1 is given in Online Appendix [29].
Based on Proposition 1, we can divide the informed users Ir
into three non-overlapping subsets as follows.

Corollary 1. The informed users can be divided into three
non-overlapping subsets according to the value of b with Ir =
I1(b) ∪ I2(b) ∪ I3(b):

• I1(b) who think the unit price is too high to afford (i.e.,
b > λi) and their solution is x∗

i = 0,∀i ∈ I1(b)
• I2(b) who think the unit price is too low (i.e., b < λi

di+1 )
and their solution is x∗

i = di,∀i ∈ I2(b)
• I3(b) who think the unit price is fair (i.e., λi

di+1 ≤ b ≤ λi)
and their solution is x∗

i = λi

b − 1,∀i ∈ I3(b)

B. Solution of Stage I

Based on Equation (8) and Corollary 1, we can further limit

0 ≤ b ≤ bmax, (9)

where bmax = max∀i∈Ir
{λi} to reduce the domain since when

b > bmax, all users are I1(b), and no unlearning happens.

To solve Stage I, we substitute the solution of x∗
i (b) in

Proposition 1 into the objective function of Stage I (i.e.,
Problem (6)). Given the complexity of directly solving Prob-
lem (6) after the substitution, we characterize the conditions
(in Theorems 1 and 2) under which Problem (6) a convex
optimization problem [19] such that our proposed gradient-
based algorithm (i.e., Algorithm 1) can obtain the optimal
solution of Problem (6). Otherwise, Problem (6) is a non-convex
problem, and we simplify its first derivative (in Proposition 2)
to speed up the computation of our algorithm. We further
assume the user’s marginal privacy gain λi follows a uniform
distribution and the amount of contributed data by each user
is the same so that the optimal price b∗ can be obtained by
solving some equations (in Theorem 3).

We present the first condition about the convexity of Prob-
lem (6) in the following Theorem 1. The detailed proofs of all
the analytical results in this paper can be found in the Online
Appendix [29].
Theorem 1. ϕ(b) is a concave function in b if

αA1A2 − βT0 ≥ 0. (10)

Therefore, if Condition (10) is satisfied, Problem (6) is a
convex optimization problem, which can be solved optimally
by the gradient descent method [19].

On the other hand, when Condition (10) is not satisfied, we
can divide Problem (6) into two sub-problems:

max
0≤b≤bmax

ϕ(b) = max{max
0≤b≤b̃

ϕ(b), max
b̃≤b≤bmax

ϕ(b)}, (11)

where the threshold b̃ ∈ [0, bmax] is given in the following
Theorem 2 and its proof can be found in Online Appendix [29].
Theorem 2. When

αA1A2 − βT0 < 0, (12)

there exists a threshold b̃ ∈ [0, bmax] that satisfies∑
i∈I2(b̃)

di +

∑
i∈I3(b̃)

λi

b̃
− |I3(b̃)| =

1

A2γ
ln

βT0

αA1A2
, (13)

such that ϕ(b) is a concave function in b for b ∈ [0, b̃].

Thus, the first sub-problem in Problem (11) is a convex
optimization problem with linear constraint (i.e., 0 ≤ b ≤ b̃),
and its optimal solution denoted as b∗1 can be obtained by
the gradient descent method [19]. However, in general, the
second sub-problem is a non-convex optimization problem with
linear constraint (i.e., b̃ ≤ b ≤ bmax). To solve the second
sub-problem, we analyze its first derivative ϕ

′
(b) that can be

presented as

ϕ
′
(b) =

αγA1A2
∑

i∈I3(b) λi

b2
eA2γ(

∑
i∈I2(b) di+

∑
i∈I3(b) λi

b
−|I3(b)|)

+γ
∑

i∈I2(b)
di − γ|I3(b)| −

βT0γ
∑

i∈I3(b) λi

b2
,

(14)
and find that it can be simplified as shown in Proposition 2 to
speed up the computation of the gradient.
Proposition 2. When Condition (10) is not satisfied, the first
derivative of the objective function of Problem (6) is

ϕ
′
(b) = γ

 ∑
i∈I2(b)

di − |I3(b)|

 , for b ∈ [b̃, bmax]. (15)
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Given the above theorems and proposition, we propose an
iterative algorithm for solving Problem (6) in Algorithm 1.

Algorithm 1: Iterative Algorithm for Solving Prob-
lem (6)

Input: step size ∆b > 0, tolerance ϵ > 0, system
parameters α, β,A1, A2, A3, T0

Output: Optimized unit price b∗

1 if Condition (10) is satisfied then
2 return b∗ = GD(0, bmax, ϕ

′
(b)) using Equation (14)

3 else
4 Compute b̃ using Equation (13)
5 Obtain b∗1 = GD(0, b̃, ϕ

′
(b)) using Equation (14)

6 Obtain b∗2 = GD(b̃, bmax, ϕ
′
(b)) using Equation (15)

7 return b∗ = argmaxb∈{b∗1 ,b∗2} ϕ(b)

8 end
9 Function GD(b̌, b̂, g(b)):

10 while abs(g(bk)) > ϵ do
11 Decide I1(bk), I2(bk), I3(bk) by Corollary 1

12 bk+1 = [bk + g(bk)∆b]
b̂
b̌

13 end
14 return bk

In Algorithm 1, we define a function (lines 9 to 14) to
perform the gradient descent method [19] in [b̌, b̂]. The function
has three inputs varying to the conditions: b̌ and b̂ are the lower
and upper bound of the domain, while g(b) is the gradient of
ϕ(b). In the function, the unit price b is iteratively updated.
In the body of Algorithm 1, when Condition (10) is satisfied
(lines 1 to 2), the domain is b ∈ [0, bmax] and the solution can
be optimally obtained by gradient descent method [19]. When
Condition (10) is not satisfied, we compute the threshold (line
4), obtain the solutions for two sub-problems (lines 5 to 6), and
choose one of them as the final solution (line 7).

Furthermore, we analyze a practical case that assumes the
users’ marginal privacy gain λi follows a uniform distribution
in [λmin, λmax] and the amount of contributed data by each user
di is the same. In this special case, we can prove that even the
second sub-problem in Equation (11) is a convex optimization
problem such that we can obtain b∗ directly by solving some
equations in Theorem 3 instead of running Algorithm 1.

Theorem 3. Suppose {λi}∀i∈Ir
follows a uniform distribution

U(λmin, λmax) and di = d, ∀i ∈ Ir. When Condition (10) is
satisfied, the solution for Problem (6) is b∗ = [b1]

bmax

0 , where
b1 can be numerically obtained by solving

eM2b1 =
M3

M1
+

M4

M1
b1, (16)

with M1 = e
A2γd

(
λmax|I|

λmax−λmin
+ 1

2d(d+2)
)

, M2 = − (d+2)|I|
λmax−λmin

,
M3 = βT0

αA1A2
− 2|I|λmax

αA1A2(λmax−λmin)(d+2) and M4 =
1

αA1A2(λmax−λmin)
. Otherwise, when Condition (10) is not

satisfied, both sub-problems in Equation (11) are convex op-
timization problems with a closed-form threshold

b̃ =

1
A2γ

ln βT0

αA1A2
− λmax|I|d

λmax−λmin

( 12 − |I|
λmax−λmin

)d(d+ 2)
, (17)

such that the optimal unit price can be obtained by

b∗ =


[b1]

b̃
0, if ϕ([b1]b̃0) ≥ ϕ([

λmax

d+ 2
]bmax

b̃
),

[
λmax

d+ 2
]bmax

b̃
, otherwise.

(18)

IV. PERFORMANCE EVALUATIONS

In this section, we conduct experiments to prove the ef-
fectiveness of our mechanism compared with two baselines.
Since the results on each dataset and unlearning algorithm are
similar, we use the results on MNIST [16] dataset and SISA [7]
algorithm to demonstrate our findings.

We consider |I| = 6000 users and assume the MNIST dataset
with |D| = 60000 is uniformly and randomly contributed by
each user such that di = 10,∀i ∈ I. We set the marginal pri-
vacy gain of each user {λi}∀i∈I follows a uniform distribution
in the internal (0.5, 30). The server uses the fitting parameters
obtained from the above-mentioned experiments in Section II-C
to optimize the unit price b. The scaling factors for accuracy
degradation and consumed time are set to α = 3000 and β = 1
to align with the realistic condition [30], [31]. Such settings
satisfy Condition (10). We vary the informed ratio γ from zero
to one with step size 0.1. For each γ, we randomly select γ
of all users to decide their data redemption amount rationally
given the unit price b, perform SISA according to the total
redemption amount, and record the accuracy degradation and
consumed time. We set up two baselines to compare with:
• GDPR as a representative of current data protection policies,

where the informed users redeem all of their data (i.e.,
xi = di,∀i ∈ Ir). It corresponds to Stage II when the server
charges nothing from users (i.e., b = 0)

• No Redemption as the case without any data protection
policy, where none of the users redeem their data (i.e.,
xi = 0,∀i ∈ I). It corresponds to Stage II when b = ∞.
Firstly, we compare the server profit ϕ(b) of each mechanism

under various γ, and the results are shown in Figure 2. The
results show that only our mechanism can provide profits for the
server because of receiving sufficient compensation from the
users. Nevertheless, the No Redemption baseline cannot obtain
any profit since no machine unlearning happens. The results
also show that if we enforce the current data protection policies,
such as GDPR, the server suffers from huge losses. Therefore,
companies are not willing to comply with the policies in reality.
Moreover, we observe that when the fraction of informed users
γ increases, server’s profit under our mechanism increases. This
is because the server can raise the unit price to obtain a larger
profit when more users are informed, as stated in Theorem 3.
Thus, the policymaker should inform more people to participate
in our mechanism.

Secondly, we compare the social welfare of each mechanism,
which is the sum of server profit and users’ payoffs (i.e.,
ϕ(b) +

∑
i∈I δ(xi)). The results under various γ are shown

in Figure 3. We find that GDPR can not maintain sufficient
social welfare when a large number of users is informed
(e.g., γ > 0.3) since those informed users redeem all of
their data, resulting in a catastrophic unlearning [13]. Also,
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the No redemption baseline results in zero social welfare
since no data redemption happens. In contrast, our mechanism
can provide the highest social welfare compared with other
baselines, especially when γ is large. Combining Figure 2 and
3, we can find that our mechanism can improve the server’s
profit while not hampering social welfare, which reaches a
balance between the server and users.

V. CONCLUSION

To the best of our knowledge, we proposed the first incentive
mechanism for machine unlearning in this paper. We conducted
experiments on three real-world datasets with two popular
machine unlearning algorithms and characterized two major
costs of the server: accuracy degradation and consumed time.
We modeled the interaction between the server and users as
a two-stage Stackelberg game, where the server optimizes
the unit price for compensation and users optimize their data
redemption amounts. To solve the problem, we first derived the
optimal data redemption amount for users given the received
unit price from the server. We proposed an iterative algorithm
to optimize the unit price for the server. Our simulation results
based on real data demonstrated that our proposed mechanism
achieves the largest server’s profit and social welfare compared
with two realistic baselines. For future work, we plan to
consider a more general scenario in which the users not only
contribute and redeem their data but also use the trained model.
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