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Abstract

This paper introduces FAIRDP, a novel mechanism designed to simultaneously
ensure differential privacy (DP) and fairness. FAIRDP operates by independently
training models for distinct individual groups, using group-specific clipping terms
to assess and bound the disparate impacts of DP. Throughout the training process,
the mechanism progressively integrates knowledge from group models to formulate
a comprehensive model that balances privacy, utility, and fairness in downstream
tasks. Extensive theoretical and empirical analyses validate the efficacy of FAIRDP,
demonstrating improved trade-offs between model utility, privacy, and fairness
compared with existing methods.

1 Introduction

The proliferation of machine learning (ML) systems in decision-making processes has brought impor-
tant considerations regarding privacy, bias, and discrimination. These requirements are becoming
pressing as ML systems are increasingly used to make decisions that significantly impact individuals’
lives, such as in healthcare, finance, and criminal justice. These concerns underscore the need for ML
algorithms that can guarantee both privacy and fairness.

Differential Privacy (DP) is an algorithmic property that helps protect the sensitive information of
individuals by preventing disclosure during computations. In the context of machine learning, it
enables algorithms to learn from data while ensuring they do not retain sensitive information about
any specific individual in the training data. However, it has been found that DP systems may produce
biased and unfair results for different groups of individuals [2, 12} 40], which can have a significant
impact on their lives, particularly in areas such as finance, criminal justice, or job-hiring [11].

The issue of balancing privacy and fairness in ML systems has been the subject of much discussion
in recent years. For example, [6] showed the existence of a tradeoff between differential privacy
and equal opportunity, a fairness criterion that requires a classifier to have equal true positive rates
for different groups. Different studies have also reported that when models are trained on data
with long-tailed distributions, it is challenging to develop a private learning algorithm that has high
accuracy for minority groups [33]. These findings have led to the question of whether fair models
can be created while preserving sensitive information and have spurred the development of various
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approaches [17, 124} 35,136} 37] (see Appendix @for further discussion on related work). While these
studies have contributed to a deeper understanding of the trade-offs between privacy and fairness, as
well as the importance of addressing these issues in a unified manner, they all share a common limiting
factor: the inability to provide formal guarantees for both privacy and fairness simultaneously. This
aspect is essential and cannot be overstated. In many critical application contexts, such as those
regulated by policy and laws, these guarantees are often required, and failure to provide them can
prevent adoption or deployment [34].

This paper aims to address this gap by proposing novel mechanisms that simultaneously achieve
differential privacy and provide certificates on fairness. The main challenges in developing such
a mechanism are: (1) Designing appropriate DP algorithms that can limit the impact of privacy-
preserving noise on the model bias; and (2) Balancing the trade-offs between model utility, privacy,
and fairness, while simultaneously providing useful fairness certificates.

Contributions. The paper makes two main contributions to address these challenges. First, it
introduces a novel DP training mechanism called FAIRDP, which ensures certified fairness. The
mechanism controls the amount of noise injected into groups of data points classified by fairness-
sensitive attributes, such as race and gender. By controlling the disparate effects of noise on model
fairness through group-specific clipping terms, FAIRDP enables the derivation and tightening of
certified fairness bounds. Throughout the training process, the mechanism progressively integrates
knowledge from each group model, leading to improved trade-offs between model utility, privacy, and
fairness. Second, it conducts extensive experiments to analyze the interplay among utility, privacy,
and fairness using various benchmark datasets. The results show that FAIRDP provides a better
balance between privacy and fairness compared to existing baselines, including both DP-preserving
mechanisms with or without fairness constraints.

The significance of our theoretical and empirical analysis becomes apparent as it emphasizes the need
to develop novel approaches for effectively combining data privacy preservation and fairness. In this
context, FairDP represents an innovative solution that bridges this critical void.

2 Background and Research Goal

The paper considers datasets D = {(z;, a;, y;)}?; whose samples are drawn from an unknown
distribution. Therein, z; € X C R? is a sensitive feature vector, a; € A = [K] is a (group
of) protected group attribute(s), and y; € J = {0,1} is a binary class label, similar to previous
work [5} 38} 18]. For example, consider a classifier for predicting whether individuals may qualify
for a loan. The data features x; may describe the individuals’ education, current job, and zip
code. The protected attribute a; may describe the individual’s gender or race, and the label y;
indicates whether the individual would successfully repay a loan or not. The paper also uses notation
Dy, = {(zi,a;, = k, y;)}"*, to denote a non-overlapping partition over dataset D which contains
exclusively the individuals belonging to a protected group k and Ny Dy = (. Although the results in
this paper consider only one protected attribute, the results can be directly generalized to multiple
protected attributes (see Appendix [E).

Research Goal. The paper studies models hy : X — [0, 1] parameterized by § € R” and the learning
task optimizes the empirical loss function:

L(D) = min Z C(ho(i),yi)
(zi,ai,yi)€D

where £ : Y x Y — R, is a differentiable loss function. The goal is to train models satisfying three
key properties: (1) Privacy: the model parameters 6 are protected to prevent information leakage
from the training data; (2) Fairness: the released model is unbiased towards any protected group,
with theoretical guarantees; and (3) Utility: at the same time, the model’s utility is maximized.

The paper uses hg and hg, to denote, respectively, the models minimizing the empirical loss £(D)
over the entire dataset and that minimizing £(Dy,) using data from the corresponding group k.

Differential Privacy. Differential privacy (DP) [9] is a strong privacy concept ensuring that the
likelihood of any outcome does not change significantly when a record is added or removed from a
dataset. An adjacent dataset (D') of D is created by adding or removing a record from D. Such a
relation is denoted by D ~ D’. t



Definition 2.1 ([9])). A mechanism M : D — R with domain D and range R satisfies (¢, 6)-differential
privacy, if, for any two adjacent inputs D ~ D’ € D, and any subset of outputs R C R:

PrM(D) € R] < ¢ Pr[M(D') € R] + 6.

Parameter € > 0 describes the privacy loss of the algorithm, with values close to 0 denoting strong
privacy, while parameter 6 € [0, 1) captures the probability of failure of the algorithm to satisfy e-DP.
The global sensitivity A of a real-valued function f : D — R is defined as the maximum amount
by which f changes in two adjacent inputs: Ay = maxp~p- ||f(D) — f(D’)|. In particular, the
Gaussian mechanism, defined by M(D) = f(D) + N(0,0%I), where N'(0, 02) is the Gaussian
distribution with 0 mean and standard deviation o2, satisfies (¢, d)-DP for 0 = A yv/2108(1.25/5) /.

Group Fairness and Certified Guarantee. This paper considers a general notion of statistical
fairness metrics, defined as follows:

Definition 2.2. General Notion of Fairness. The fairness of a given model hy(+) is quantified by
Fair(hg) = ma&(q |Pr(g = 1]la = u,e) — Pr(g = 1la =v,e)|, (1

u,ve

where § is the model’s prediction and e is a random event.

The fairness notion in Equation (1)) captures several well-known fairness metrics, including demo-
graphic parity [23] (when e = (), equality of opportunity [14] (when e is the event “y = 1), and
equality of odd [14] (when e = y). If a model hy satisfies Fair(hy) < 7, for 7 € [0, 1], then we say
that hg achieves certification of T-fairness. Intuitively, as T decreases, the model’s decision becomes
more independent of the protected attribute, given the random event e.

3 Certified Fairness with DP (FairDP)

This section introduces FAIRDP, a mechanism that addresses two key objectives: (1) the realization
of (e, 6)-differential privacy (DP) and (2) the provision of a provable 7-fairness guarantee. Central
to this approach is the use of a stochastic gradient descent (SGD) training process. However,
developing FAIRDP poses a significant challenge in balancing the disparate impact of the DP-
preserving noise on specialized model predictions for different protected groups while also ensuring
T-fairness certification. Moreover, as the model parameters are updated under DP preservation
during each training round, they become intricate in infinite parameter space, adding complexity to
achieving T-fairness guarantees. Finding a solution to these intertwined challenges is difficult since
DP preservation and fairness can substantially reduce the model’s performance, particularly without
a carefully calibrated noise injection process.

K protected Clipping
3.1 FAIRDP and Privacy Guarantee groups (‘)‘R;rh‘ez fast layer)
To overcome these challenges, FAIRDP relies 21 «
on two key strategies: Firstly, it restricts the D =" 01
model parameters within a finite space, enabling - private and
us to establish a tractable boundary for the ‘e fairmess-certified
model’s DP-preserving noise-influenced predic- = model parameters
tions. In a neural network, FAIRDP uses an — N 05
lo-norm clipping on the final layer weights of E{

mgdql .h?, a teghnique also applicable to mode?ls VH}L’ o

prioritizing privacy. Second, rather than train- ) ) )

ing a single model hy, FAIRDP trains a set of Figure 1: FAIRDP: A schematic overview.
group-specific models {hg, }X_, with each 6y,

being independently learned to minimize the loss £(Dy,). This approach not only allows to preserve
each group’s privacy, enhancing control over noise injection per group, but also progressively aggre-
gates group models to construct a (general) model hy. In doing so, FAIRDP effectively combines and
propagates knowledge from each group to balance privacy, fairness, and utility.

FAIRDP. A schematic illustration of the algorithm is shown in Figure|l and its training process is
outlined in Algorithm|1} Let us consider, without loss of generality, kg as an L-layers neural network,
where § = {W1,..., W}, W; contains the weights at the j th layer, and the activation of the last



layer is a sigmoid function for a binary classification task. In each training round ¢, FAIRDP clips
the [o-norm of the final layer’s weights Wét_l) € #=1 by M (line 4). For each group k, FAIRDP

initializes the group model parameters 0,(:_1) using the clipped model parameters #(*~1) (line 5).
It then draws a batch of data points By, from the corresponding group dataset Dj with probability
q. The l3-norm of the gradient derived from each data point in the batch is then constrained by a
predefined upper-bound C' (line 9). Next, Gaussian noise A/ (0, C2521,.) is introduced to the sum of
clipped gradients Agy from all data points, ensuring DP preservation. Here,  denotes the number of
model weights, I, is an identity matrix of size r, and o is a DP-preserving noise scale (line 11).

The group model’s parameters 6 are
updated using DP-preserving gradients
through standard SGD with a learning
rate 77 (line 12). In order to construct

Algorithm 1 Certified Fairness with DP (FairDP)

1: Input: Dataset D, sampling rate ¢, learning rate 7, noise
scale o, gradient norm bound C', number of steps 7', parame-
ter norm bound M.

the (general) model hgy, the parameters 2 Tnitialize 0©) — {Wl(o)7 . Wéo)} randomly
of the %r(?)up m(e)gizls are aggregated as: 3. gor s ¢ [1:7)do
0t) = S F0i (line 14). The aggre-  4: Clip weights: W™ = WY min (1, ﬁ)
gated model parameters 6(*) are used as 5. =D L gt=D) _ pt—1) ‘ ’
the parameters for every group model in 6 f(ir kel [?} do
the HCXtt’tralnllcllg round E']me tS) T(‘lhese 7: Sample By, from Dy, with sampling probability q.
aggregation and propagation steps (lines . C ¢ dient: For . € B 0. — Vo 0(zs
5 and 14) ensure that the final model pa- o C;).mpu Z.gri, 15117. 9r i el k9 Vo)
rameters 0(7), where T is the number ! 0: C;fngﬁelf;;lglr;dfénrﬁlz(_’ Hih%z:) _
of update steps, are close to the param- ’ P . _ g i gk = i€ By gi
eters of every group, reducing bias to- 11 Add no‘seét)Agk i_Al)g’“ + N~ (0,C%0°1)
wards any specific group and distilling 12 Update: 6, =0, " — nAgk
knowledge from every group to improve 13 end for @ ®

g ) (t) _ 91 +”'+9K
model utility. 14 0" = F—p— K

15: end for
The parameters 0(7) returned by the 16: Return 67

model satisfy (e, §)-DP.

Theorem 3.1. AlgorithmEsatisﬁes (e,0)-DP where € is calculated by the moment accountant [I]
given the sampling probability q, T update steps, and the noise scale o.

The proof of all theorems are reported in the Appendix.

3.2 Fairness Certification

To derive fairness certification, we focus on the last layer (L") of the (general) model hy since
it directly produces the predictions. The L** layer consists of an input z;,_; € R/ and an output
z1, € R, before the application of the sigmoid activation function. If sigmoid(zr,) > 0.5 (equivalent
to zz, > 0), then the prediction of (general) model hy is § = 1; otherwise the prediction is § = 0.

Given a group model hy, , DP-preserving noise injected into clipped gradients Agy, (line 11) trans-
forms the gradients of the last layer, denoted as j, into a random variable following a multivariate
Gaussian distribution N (uy; 02C?1y), as follows: i, = py + N(0;02C%I¢). As a result, the

weights at the last layer for the group £ at every step ¢, denoted by Wg;ﬁ becomes a random variable
with the following distribution N'(W{'; ") — npuy; n?0*CI;).

Notice that the weight Wét) of the (general) model hy is a linear combination of the K multivariate

Gaussian random variables {WSL} re[k]- Based on the fact that the linear combination of multivariate

Gaussian random variables is also multivariate Gaussian distributed [3], the weight Wét) follows a
multivariate Gaussian distribution, as follows:

K K

1 ) o?C? - o> C?
Wi N (e Wi = g o gl or WL~ N (W) s Ty ),
k=1 k=1

where W (-1 = + Zszl ngl) and 1 = % 25:1 M-



. 0T . . . . . . .
Since the output z;, = W( ) zr,—1 1s a linear combination of the Gaussian random variable, zy, is a
L
random variable in one dimension following a Gaussian distribution:

1
zp ~ N(<W(t_1) — Ny ZL—-1); E||ZL71H%7720'202)» ()

where (-, ) is the inner product between two vectors.

As a result of Eq. (2)), the (general) model hy predicts zy, derived from a data point z € R as a
positive value with the probability Pr(y = 1|x) = Pr(zr > 0) = 1 — Pr(zr < 0), where the
probability Pr(zy, < 0) can be computed as follows:

WD — o,z 1)WWK
lzL-1]l2noCV2

Pr(zp <0) = 3 querf(i<

)] ; exf(-) is the error function  (3)

Eq. (3) follows the cumulative distribution function of one-dimension Gaussian distribution up to
Zr = O [3]. Therefore, we have the following

11 W1 _ VR
1—Pr(ngo):,+,erf(< N, 21 1>\F>

Pr(y=1|z) = 4
(5= 1) 2" 2 e laneCv2 @
1 1 (t—1) _ _ (t—1) _ _ K
:7+7erf(<W np, zL—1) |W npll2llzr 1||2\F)’ )
2 2 WD —nullallzr1ll2llze-1]l2noCV2

WD —ppzp_q)
W=D —npull2llzL—1]l2
z1,—1, we have the following

Since = cos ¢, with ¢ being the angle between vectors (W (=1 — 5u) and

WD — nullovVE
noC/?2

From Eq. (6), cos(¢) € [—1, 1], and the monotonicity of the error functio one can upper bound
and lower bound the probability that § = 1 given «, as follows:

11 (t=1) _ 1 -
11 f(W W”Q><Prg_1)< +ef<” "“||2>. %)

27 2° noCy/ 2 22 7700,/%
Since the weights W (*~1) and gradients 1 are bounded by the clipping in FAIRDP (lines 4 and 9);

that is [W®D||y < M and ||p|ls < 2C where m = Zszl | By is the total size of all training
batches across protected groups |By| in a training round, we can derive a 7-fairness certification of
Fair(hg) from Eq. (7) in the following theorem:

1 1
Pr(g=1lz) = -+ ferf<

513 cos qﬁ) . (6)

Theorem 3.2. A general model hg optimized by Algorithm[l|satisfies T- fairness certification with,

(MK + nmC)\/K).

Fair(hy) < erf( Ko O3

®)

Remark. Theorem [3.2|provides an upper-bound on the 7-fairness certification, revealing a novel
insight into the trade-off among privacy, fairness, and utility. It is worth noting that the upper
bound of fairness certification 7 decreases as the DP-preserving noise scale o increases. As a result,
stronger privacy (larger o values) correspond to enhanced fairness certification (smaller 7 values),
due to the increased randomness influencing the model’s decisions. While this theoretical impact
of DP-preserving noise augments privacy and fairness assurances in our model, it could potentially
diminish utility. Our theoretical observation is consistent with previous empirical studies [42, [25]].

2If the prediction process uses a threshold other than 0.5, this probability can still be computed by an inverse
of the sigmoid function to find the corresponding value for the cumulative distribution.
3The error function is an increasing function, i.e. if 1 < @2, then erf(z1) < erf(xz).



3.3 Tightening Fairness Certification

While an important result, the T-fairness certification in Theorem [3.2 lacks sufficient tightness due to
the batch size m and the learning rate ) included in the error function. Larger m and smaller 7, which
are common in typical model training, can result in a looser 7-fairness. Therefore, in our second
main contribution, we derive an empirical fairness bound that substantially tightens the 7-fairness
certification, enabling a pragmatic understanding of the privacy, fairness, and utility trade-offs.

By leveraging Eq. (@), the empirical fairness bound can be calculated on-the-fly (i.e., during model
training). For a specific group k, at every update step ¢, the probability Pr(j = 1|a = k, e) can be
empirically computed as follows:

R 1 X 1
Pemp(§=1la=h,e) = — > Pemp(i=12) = — > Penp(s.>0) 9
ke veDy. k.e weDy.e
1 1 w1 _ WK
=4 Z erf(< M 21-1) )7 (10)
2 2nge - llzr_1ll2noCV/2

where we use the real values of W{#—1), 1, and zr,_ at every round ¢, and ny, ¢ is the size of Dy, ..

The empirical fairness certificate can be generalized to different fairness metrics by considering the
event e. In fact, Dy, . = Dy, for demographic parity, D;, . is the set of data point in D}, with the
positive label for equality of opportunity, and Dy, . is the set of data point in Dj, with the positive
label when computing true positive rate or the negative label when computing false positive rate
for equality of odd. Finally, the empirical 7-fairness certification of the general model hg can be
computed by arg max,, ye[x] |Pemp(9J = 1la = u,€) — Pepnp(§ = 1l|la = v, e)].

Proposition 3.3. A model hg optimized by Algorithmsatisﬁes empirical T.,,y-fairness certification
With Temp = arg maxy, ye k] | Pemp(§ = 1la = u, €) — Pemp(§ = 1]a = v, €)|.

Utility, Privacy, and Fairness Trade-offs. FAIRDP is, to our knowledge, the first mechanism that
simultaneously preserves DP and attains both theoretical and empirical certification of 7-fairness, all
without sacrificing model utility, as demonstrated in the experimental results below. Additionally,
Theorems and Proposition provide an insightful theoretical understanding of the interplay
between privacy, fairness, and utility. A stronger privacy guarantee (larger noise scale o) tends to
result in better fairness certification (smaller 7 value), even though it could potentially compromise
model utility.

Remark. Practitioners can leverage our results to more effectively balance the trade-offs among
privacy, fairness, and utility by adaptively adjusting the training process of FAIRDP. For example,
the application of optimizers like Adam [20] at the training onset may lead to enhanced model utility
and convergence rate under identical DP protection. As the model nears convergence, practitioners
can transition to SGD to secure fairness certification, enabling us to overcome tight constraints on
the weights of the last layer. Also, practitioners can adjust the hyper-parameter M to achieve better
fairness. As in Theorem[3.2] the lower value of M, the fairer the model is. However, small M
could degrade model utility since it constrains the decision boundary in a smaller parameter space
(see Figure[13] Appendix [F| for details).

4 Experimental Results

In this section, a comprehensive evaluation of FAIRDP and several baseline methods are conducted
on various benchmark datasets. The evaluation primarily focuses on two aspects: (1) Examining the
trade-off between model utility, privacy, and fairness, and (2) Assessing the accuracy of the fairness
certification by comparing it with empirical results obtained from multiple statistical fairness metrics.

4.1 Datasets, Metrics and Model Configurations

The evaluation uses four datasets: Adult and Abalone datasets from the UCI Machine Learning
Repository [7]], Default of Credit Card Clients (Default-CCC) dataset [44] and Law School Admis-
sions (Lawschool) dataset [39]]. Details of the datasets are presented in Table[T} Data preprocessing
steps are strictly followed as outlined in previous works such as [16} 32, [35]. On the Lawschool,



Table 1: Evaluation Datasets.

Data set # data points  # features  Protected Attribute  # positive label  Size of minor group
Lawschool 86,022 33 Race 23,243 15,311
Default-CCC 30,000 89 Gender 6,636 11,460

Adult 48,842 41 Gender 11,687 16,192
Abalone 1,418 7 Gender 915 654

Adult, and Abalone{ﬂ datasets, the model’s performance is evaluated by accuracy as in previous
studies [10} 13} 18, 41]]. In contrast, the Default-CCC dataset evaluates it by precision due to its
heavy imbalance. A higher accuracy/precision indicates better performance. Demographic parity 8],
equality of opportunity, and equality of odds [13]] are used as primary fairness metrics.

We employ a multi-layer perceptron (MLP) with ReLU activation on hidden layers and Sigmoid
activation on the last layer for binary classification tasks. The baseline models use Adam optimizer
[20] during the complete training process, while FAIRDP uses Adam for the first 90% of the training
steps and then switches to vanilla SGD for the remaining steps. For FAIRDP, we set the weight
clipping hyper-parameter M € [0.1, 1.0] and initialize the learning rate 7 = 0.02 when using Adam,
and then reduce it to n = 0.005 when switching to SGD.

4.2 Baselines

To thoroughly evaluate FAIRDP, we consider a variety of DP-preserving mechanisms, fairness
training algorithms, and combinations of these as our baselines. This results in eight baselines,
including a standard MLP, four existing mechanisms that either preserve DP or promote fairness, one
adapted mechanism that achieves both DP and fairness, and two variants of FAIRDP.

Established Baselines. We consider DPSGD [[1]], functional mechanism (FM) [45], DPSGDF [41]],
and FairSmooth [18]] as baselines. Both DPSGD and FM are well-established DP mechanisms
with many applications in DP research [29] 31} 127]. DPSGDF is designed to alleviate the disparate
impact of DPSGD by focusing on accuracy parity. FairSmooth is a state-of-the-art mechanism that
assures group fairness by transforming the model hg into a smooth classifier as hg = E, [ho4)]

where v ~ N(0,52) in the inference process, where & is the standard deviation of the Gaussian
noise. Moreover, we introduce a new baseline, DPSGD-Smooth, by applying FairSmooth to a
logistic regression model trained by DPSGD. This gives rise to the only baseline offering both DP
and fairness guarantee, which we employ for comparison against FAIRDP.

Variants of FAIRDP. To examine how different features of FAIRDP affect the model performance and
fairness, we introduce two FAIRDP variants, called FairFM, and FairFM-Smooth. FairFM (refer to
Appendix [A) distinguishes itself from FAIRDP by incorporating noise into the objective function as a
pre-processing step to preserve DP. The mechanism trains group-specific model parameterized by 60y,
relative to dataset Dy, to optimize the objective #; = arg ming, \Dilkl > (eewiyeny Lo, (%), y:). In
the preprocessing step, the objective function of each group is approximated using a second-order
Taylor’s expansion [4], and the corresponding polynomial form Ly (6y) = 0;)\;2)1% + 9,:)\](;) + )\](f)

is derived, where /\,(j ), j = 0,1,2 are the coefficients of the order j** associated with group k.
Then, Laplace noise [9]] is added to the coefficients to derive the DP-preserving objective function
L (0y,) and each group’s perturbed objective function is optimized using SGD. The FairFM-Smooth
mechanism is a variant of FairFM that applies the FairSmooth method [18]] to the model trained by
FairFM during the inference process.

The experiments use a range of privacy budgets across different datasets. For the Adult dataset, we
set € € [0.1, 2.0]; for other datasets, we use an expansive range with € € [0.5,10.0]. Although DP is
celebrated for using small values of €, most current deployment report € larger than 1 with many
of them use ¢ larger than 5 and 10. Therefore, since fairness is affected by privacy loss, we believe
our study is important to highlight and justify the trade-offs between privacy and fairness within this
privacy loss regime. Statistical tests used are two-tailed t-tests.

“We present the results on the Abalone dataset, which is smaller than others, in Appendix.
*https://desfontain.es/privacy/real-world-differential-privacy.html
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Figure 2: Trade-off among model performance, DP-preservation, and fairness.

4.3 Results

Utility, Privacy, and Fairness Trade-offs. Figures 2 and|5 (Appendix [F) show the performance
of each algorithm w.r.t. model utility, fairness, and privacy. In Figure 2, points positioned closer to
the bottom-right corner denote superior balance among model performance (characterized by higher
accuracy/precision), privacy (illustrated by strict DP protection), and fairness (represented by lower
empirical values of statistical fairness metrics). Darker and smaller points indicate the application of
smaller privacy budgets, translating to stricter DP protection, and the inverse holds as well.

Remarkably, our proposed FAIRDP consistently outperforms all baselines across all datasets, striking
a balance among model utility, privacy, and fairness. For instance, in the Lawschool dataset, FAIRDP
attains lower demographic parity (0.149 vs 0.2 in DPSGD, p-value = 2.53e ) with small degenration
in model utility (83.6% vs 87.1% in DPSGD) and similar DP protection (¢ € [0.5,10.0]). Despite
having better Equality of Opportunity, DPSGD-Smooth suffers an 18.1% performance drop compared
to FAIRDP (p-value p = 4.85¢~°). Compared to the best fairness algorithm, FairFM-Smooth,
FAIRDP achieves superior accuracy (83.6% vs. 69.5%, p-value = 2.52¢~?) and highly competitive
demographic parity, enhancing fairness under stringent DP protection. Similar findings can be
observed in the Adult, Default-CCC, and Abalone datasets (see Appendix .

Remark. The promising results of FAIRDP can be attributed to its unique approach of controlling
the amount of DP-preserving noise injected into each group, enforcing a constraint on the decision
boundary, and fusing the knowledge learned from all groups together at each training step. This
approach fundamentally differs from existing methods, leading to superior performance in FAIRDP.

Another noteworthy observation is that treating fairness as a constraint, as in the case of DPSGDF,
does not consistently improve the trade-offs among model utility, privacy, and fairness. For instance,
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Figure 4: The trade-off among utility, privacy, and fairness for various p values on Lawschool dataset.

in the Lawschool dataset, DPSGDF is less fair than the original DPSGD in terms of demographic
parity (0.23 compared with 0.2 in demographic parity with p = 3.84e~7). A similar effect is observed
in the Abalone dataset (Figure[5| Appendix [F). This can be attributed to the fact that handling all
groups simultaneously, within the noisy SGD process, can hide the information from minor groups,
leading to degradation in fairness. Also, the fairness constraints, employed as penalty functions, have
an impact on the optimization of the model, leading to a deterioration in its utility.

These issues can be mitigated by separating the DP-preserving training process from the methods
developed to attain fairness during inference, as in the case of DPSGD-Smooth and FairFM-Smooth.
These methods achieve better 7-fairness with relatively competitive model utility under equivalent DP
protection. However, this approach does not effectively balance the trade-offs among model utility,
privacy, and fairness as effectively as FAIRDP does. These insights highlight the need to explore
novel approaches to seamlessly integrate DP-preserving and fairness rather than treating them as
independent (constrained) components. FAIRDP represents a pioneering step in this direction.

Tightness of the Fairness Certification. Figure[3|and[7|to[9](Appendix |F) show the empirical fairness
results and the certification value 7.,,,. In most instances for the Lawschool, Adult, and Default-
CCC datasets, our empirical certifications are substantially lower than the empirical fairness values
of the baselines, particularly for DP-preserving mechanisms, without a significant drop in model
performance. In particular, in the Default-CCC dataset, our empirical certifications are significantly
smaller than the empirical fairness results of the state-of-the-art FairSmooth and DPSGDF (p =
3.07e~®), while maintaining a small gap with the empirical fairness results of FAIRDP (< 5% of
deviation). That illustrates the tightness of our certification of 7,,,-fairness across datasets and
privacy budgets, further strengthening the advantages of FAIRDP in both theoretical guarantees and
empirical results compared with existing baselines.

Imbalanced Protected Group. Practitioners can tune FAIRDP to find an appropriate setting that
balances the level of DP protection with the desired level of fairness and model utility. Figures [4and



through[T2] (Appendix [F) illustrate the effect of the ratio p between the size of the datasets of the
minor and major groups: p = (arg maX,c|x) )/ (arg minye(x) np). For a specific p, we randomly
sample data points from the majority group, reducing the size of the major group training set to the
desired p, while the test sets remain unchanged for all groups. In general, increasing p values lead
to a greater number of data points from the majority group being utilized for training the model,
thereby improving its accuracy. However, the effect on the model’s fairness across different fairness
metrics is not consistently observed. Nonetheless, our theoretical guarantee remains applicable across
various degrees of dataset imbalance. Lower privacy budgets (indicating stronger privacy guarantees)
contribute to improved fairness in the model’s decisions, thereby reinforcing the theoretical assurances
provided by FAIRDP.

5 Conclusion

This paper introduced FAIRDP, a novel mechanism that, for the first time, ensures both differential
privacy and certified group fairness, while sustaining superior model performance. FAIRDP provides
a comprehensive understanding of the influence of noise on model fairness. Besides the theoretical
analysis, the paper examined the empirical certification bounds and showed that FAIRDP offers
enhanced trade-offs among model utility, privacy, and fairness, outperforming an array of baselines.
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A Algorithms

Algorithm 2 FairFM for Logistic Regression

1: Input: Dataset D, privacy budget €, number of steps 7.
2: Output: Model’s parameter 67
3: SetA =2 434
4: fork € {1,..., K} do
5:  foreachj € {0,1,2} do
6:  Addnoise: A =\ + Lap(2)
7:  end for
8: end for
9: Initialize °) randomly

10: fort € [1: 7] do

11 egt*” — = 9%*1) —gt—1)
122 forke{l,...,K}do

13: Compute gradient: Set Vj, = 25\,?)9,(:71) + 5\,9
14: Update: 0,(:) = 0,(f_l> — 1V
15:  end for “ “
o\t 1.0l
16: oW =TT
17: end for

18: return 67

B Proof of Theorem

Proof. For an updating process of a particular group k, by clipping the gradient, the clipping bound
C is the maximum impact a single data point in the dataset Dy, could have on one updating step
t. Therefore, by adding Gaussian noise scaled by C, we achieve DP in one updating step. The

. 0 ..ol . . . .
model parameter fusing 6(*) = % does not introduce any extra privacy risk at each updating

step t following the post-processing property in DP [9]. We use the moment accountant [1]] to
calculate the privacy loss for each dataset Dy, after T" updating steps given the sampling probability
g, the broken probability §, and the noise scale o. Finally, since the datasets { Dk}szl are disjoint
(D, N Dy = @,Ya # b € [1, K]), by the parallel composition theorem [22]], we achieve (e, §)-DP
for the whole dataset D where € is calculated by the moment accountant. O

C Proof of Theorem

Proof. Recall the considered general fairness metrics:

Fair(hg) = ma&((] |Pr(g=1la=u,e) — Pr(j = 1lla = v, e)| (11)
u,ve
= max / Pr(g = 1|z)Pr(z|a = u,e)dz
uwelK] |/,
- / Pr(y = 1l|z)Pr(z|a = ’u,e)dm‘ (12)
< max |maxPr(g= 1\:v)/Pr(x|a = u,e)dx
u,we[K] x
— min Pr(j = 1|x) / Pr(z|a = v,e)dx‘ (13)
= |max Pr(§ = 1|z) — min Pr(§ = 1|z)| (14)

By Eq. (7)) and the monotonicity of error function, we have

(t=1) _ (t—1)
Fair(hg) < erf(W rm||2> < erf(”W 2 + 77”#”2) (15)

7700\/% T]O'C\/%
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Furthermore, by the clipping process in lines 4 and 9 of Algorithm[I] we have

K K
_ 1 - 1
WO e < 23 IWE < 2 > M =M (16)
k=1 k=1

1 1w _ 1 & C& mC
ull2 < }Z ]2 < EZ > gl < EZ Y o= ?Z 1Brl=—= (D
k=1 k=1 k=1

1€ By k=11i1€By
Therefore,
MK C)WK
Fair(hg) < erf<( +nm )\F) (18)
KnaC\/§
which concludes the proof. O

D Related Works

Differential privacy has been extensively used in various deep learning applications [29, 130, 31,
211126, 28| 27]. Meanwhile, numerous efforts have been made to ensure various notions of group
fairness through the use of in-processing constraints [10], mutual information [13]], and adversarial
training [43] (19, [18]. A topic of much recent discussion is the implication that DP models may
inadvertently introduce or exacerbate biases and unfairness effects on the outputs of a model. For
example, empirical and theoretical studies have shown that DP-SGD can magnify the difference in
accuracy observed across various groups, resulting in larger negative impacts for underrepresented
groups [2135]]. These findings have led to the question of whether it is possible to create fair models
while preserving sensitive information. They have spurred the development of various approaches
such as those presented by [17, 124} 36 35].

Despite the advancements made by these efforts, there remains a critical gap in ensuring group
fairness. In particular, current methods have not been able to bound the effect of the private models
on the model utility in various protected groups. To bridge this gap, this paper introduces a novel
approach that establishes a connection between DP preservation and certified group fairness, thereby
addressing this crucial challenge.

E Extending to multiple protected attributes

First, considering the scenario of X protected attributes, A C Ay X - -+ x Ay and in each A;,i € [K]
there are K; categories. To apply FAIRDP, users can divide the dataset D into K = HiC:1 K;
disjoint datasets categorized by the combination between the protected attributes. In a particular
dataset D; = {x;,d;,y;}7~,,1 € [K], each data point (z;, @;, y;) will have the protected attribute
asd; € Aand D; N D; = @,Vi,j € [K]|. For example, consider a dataset D with the protected
attributes are gender with two categories (male and female) and race with five categories (Black,
White, Asian, Hispanic, and Other); dataset D can be divided into groups with the combined attributes
such as Black male, Black female, Hispanic male, Hispanic female, and so on. Then, users can apply
FAIRDP with the new separation of groups.

F Supplemental results
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Figure 13: The trade-off among model utility, privacy and fairness for the clipping hyper-parameter

M.

17



	Introduction
	Background and Research Goal
	Certified Fairness with DP (FairDP)
	FairDP and Privacy Guarantee
	Fairness Certification
	Tightening Fairness Certification

	Experimental Results
	Datasets, Metrics and Model Configurations
	Baselines
	Results

	Conclusion
	Algorithms
	Proof of Theorem 3.1
	Proof of Theorem 3.2
	Related Works
	Extending to multiple protected attributes
	Supplemental results

