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Abstract

The fairness-accuracy trade-off is a key chal-
lenge in NLP tasks. Current work focuses on
finding a single “optimal” solution to balance
the two objectives, which is limited considering
the diverse solutions on the Pareto front. This
work intends to provide controllable trade-offs
according to the user’s preference of the two ob-
jectives, which is defined as a reference vector.
To achieve this goal, we apply multi-objective
optimization (MOO), which can find solutions
from various regions of the Pareto front. How-
ever, it is challenging to precisely control the
trade-off due to the stochasticity of the train-
ing process and the high dimensional gradient
vectors. Thus, we propose Controllable Pareto
Trade-off (CPT) that can effectively train mod-
els to perform different trade-offs according to
users’ preferences. CPT 1) stabilizes the fair-
ness update with a moving average of stochas-
tic gradients to determine the update direction,
and 2) prunes the gradients by only keeping the
gradients of the critical parameters. We eval-
uate CPT on hate speech detection and occu-
pation classification tasks. Experiments show
that CPT can achieve a higher-quality set of
solutions on the Pareto front than the baseline
methods. It also exhibits better controllabil-
ity and can precisely follow the human-defined
reference vectors.

1 Introduction

As language models (LMs) have shown human-
level performance on various kinds of tasks, the
fairness of LMs over different groups becomes
a critical concern in practical applications. Un-
fairness in LMs can manifest in various ways and
across different domains, e.g., LMs trained on bi-
ased text corpora can exhibit gender bias in text gen-
eration tasks (Wan et al., 2023; Wambsganss et al.,
2023; Du et al., 2025), encode societal stereotypes

*Work done during master’s study at University of South-
ern California.

and prejudices present in the training data (Huang
et al., 2025; Omrani et al., 2023). Achieving fair-
ness at the group level aim to emphasize that al-
gorithmic decisions neither favor nor harm certain
subgroups defined by the sensitive attribute, such
as gender, race, religion, age, sexuality, nationality,
and health conditions (Chu et al., 2024).

Current methods for group fairness can be di-
vided into three categories (Schumacher et al.,
2025; Gallegos et al., 2023). 1) Pre-processing,
which aims to balance the training data and prevent
unfairness from affecting LMs (Qian et al., 2022;
Garimella et al., 2022); 2) In-processing, which op-
timizes the fairness loss function during the train-
ing process (Zhao et al., 2023). The most intuitive
strategy might be minimizing a linear combination
of fairness and task loss (Roy and Ntoutsi, 2022).
Another strategy is constrained optimization, which
minimizes the task loss (Cheng et al., 2022) under a
fairness constraint; 3) Post-processing, which aims
at modifying the LMs’s output to achieve group
fairness (Liu et al., 2024a; Dhingra et al., 2023).
Although the above methods are developed to bal-
ance fairness and accuracy, it is still an open chal-
lenge for them to precisely control and customize
the trade-off.

Pre-processing and post-processing methods
may roughly generate models with different pref-
erences, but the effects are limited since they ne-
glect the training process which is usually sensitive
and complicated. In this paper, we focus on in-
processing methods and intend to train a set of
“optimal” models on the Pareto front, which is a
set of equilibrium on which one cannot improve
an objective without degrading another. While the
Pareto front of fairness and accuracy can be highly
complicated and contains rich solutions performing
different trade-offs, simply combining objectives
with different weights cannot guarantee visiting
all of them and in the worst case, it may only end
up with models optimized for a single objective
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(§4.7.4 of Boyd and Vandenberghe (2004)). More-
over, the conflicts between objectives or constraints
can limit the exploration of diverse solutions on the
Pareto front. As a result, models struggle to balance
multiple objectives.

Multi-objective optimization (MOO) meth-
ods such as Multi-Gradient Descent Algorithm
(MGDA) are able to converge to a Pareto equi-
librium (Désidéri, 2012) by finding a common op-
timization direction in each step on which all ob-
jectives are improving or at least staying the same.
Moreover, given a pre-defined reference vector that
indicates the preference for different objectives,
MGDA has the potential to visit different regions
of the Pareto front in the objective space.

However, it is still challenging to directly apply
MGDA to fairness-accuracy trade-off when train-
ing language models because: 1) MGDA relies on
the full gradients of objectives to determine the
common optimization direction, while stochastic
gradient is more commonly used in training neural
networks. Although stochasticity is important to
generalization ability, it may lead to a drift of the
fairness loss since samples in a mini-batch might
not cover all subgroups. 2) The inner products be-
tween gradients play an important role in determin-
ing the common optimization direction. However,
when applied to train language models with mil-
lions of parameters, the curse of dimensionality
might lead to less informative inner products re-
flecting the objective correlation. Moreover, many
parameters can be pruned without affecting the
model performance but they together may contami-
nate the inner product and thus are detrimental to
the search for the common descent direction. 3) It
is challenging to control MGDA’s optimization tra-
jectory precisely following a pre-defined reference
vector.

To overcome these challenges, we propose
Controllable Pareto Fairness-Accuracy Trade-off
method (CPT). Our contribution can be summa-
rized as follows:

• We utilize the moving average of stochastic gra-
dients for each objective to approximate the full
gradients used in MGDA for finding the common
descent direction without missing subgroups.

• We prune the gradient per objective and use a
joint mask to reduce all gradients’ dimensionality
so MGDA can estimate a more precise common
descent direction out of the pruned gradients.

• Our experiments on hate speech detection and

occupation classification tasks show that CPT,
compared to a rich class of baselines, can bet-
ter follow the reference vectors and find diverse
Pareto solutions with different trade-offs, result-
ing in a better hypervolume on the test set.

2 Related Work

Fairness-Aware Training Recently, fairness-
aware training has gained significant traction across
diverse domains, including natural language gener-
ation (Li et al., 2025), general NLP tasks (Nadeem
et al., 2025; Sheng et al., 2021), and multi-task
learning (Roy and Ntoutsi, 2022; Oneto et al.,
2019). Common approaches are generally cate-
gorized into three types: 1) Regularization, which
introduces penalty terms to decouple model out-
puts from sensitive attributes, often targeting em-
beddings (Yang et al., 2023), attention mecha-
nisms (Liu et al., 2024b), or token distributions (Liu
et al., 2024a). 2) Constrained Optimization,
which imposes strict upper bounds on unfairness
metrics during the training process (Kim et al.,
2018; Cheng et al., 2022). 3) Adversarial Train-
ing, which employs minimax games between a
primary classifier and a sensitive attribute discrimi-
nator (Lahoti et al., 2020; Han et al., 2022).

A significant fact for fairness-aware training is
the trade-off between fairness and model perfor-
mance. Dutta et al. (2020) investigates the essen-
tial trade-off between fairness and accuracy metrics.
Tang et al. (2023) gives fine-grained categories to
study properties of fairness-accuracy Pareto front.
Kozdoba et al. (2025) proposes a hypernetwork-
based approach to achieve scalable trade-offs be-
tween fairness and accuracy in large language mod-
els with focus on architectural scaling. Here, we
focus on the controllability of fairness-accuracy
trade-off.

Multi-Objective Optimization Multi-objective
optimization (MOO) aims to optimize multiple,
often conflicting objectives by finding a represen-
tative set of Pareto-optimal solutions. Traditional
gradient-free methods, such as NSGA-II (Deb
et al., 2002) and various evolutionary strategies
(Deb, 2011), are robust but often computationally
prohibitive for high-dimensional neural network
parameters.

In contrast, gradient-based methods offer bet-
ter scalability. The Multiple Gradient Descent Al-
gorithm (MGDA) (Désidéri, 2012) ensures conver-
gence to Pareto-stationary points but suffers from
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high computational overhead. To mitigate this,
the Stochastic Multi-Gradient Descent (SMSGDA)
was introduced (Poirion et al., 2017) and later
adapted for fairness tasks (Liu and Vicente, 2022).
More recent theoretical refinements have further
improved the convergence rates of these stochastic
variants (Zhou et al., 2022). To handle diverse user
preferences, preference-guided methods like Pareto
Multi-Task Learning (PMTL) (Lin et al., 2019) and
Exact Pareto Optimal search (EPO) (Mahapatra
and Rajan, 2020) have been developed. Further-
more, the emergence of comprehensive libraries
like LibMOON (Zhang et al., 2024) has standard-
ized the benchmarking of these techniques.

Despite these advances, the potential of sophisti-
cated gradient-based MOO remains under-explored
in the specific context of controllable fairness-
accuracy navigation. In this paper, we bridge this
gap with CPT, a novel framework designed for pre-
cise and controllable trade-off management.

3 Method

In this section, we define fairness-accuracy trade-
off as a MOO problem in Section 3.1, introduce
the key components of CPT from Section 3.2 to
Section 3.4, and give a detailed version of CPT in
Section 3.5.

3.1 Fairness-Accuracy Trade-off as MOO
MOO aims at optimizing multiple objectives simul-
taneously, which can be defined as below.

min
θ
L(θ) ≜ (L1(θ),L2(θ), · · · ,Lm(θ))⊺ (1)

where m is the number of objectives, θ denotes
the parameters to be optimized, Li denotes the i-th
objective. Instead of finding one single solution in
general single-objective optimization, we strive to
achieve Pareto stationarity in MOO.

Definition 1 Pareto stationarity for MOO
A solution θ∗ is Pareto stationary if there exist
α ∈ Rm such that

∑m
i=1 αi = 1, αi ≥ 0, and∑m

i=1 αi∇θLi(θ∗) = 0, which implies that we
cannot find a common updating direction for
improving all objectives.

The Pareto front P represents a set of Pareto sta-
tionary solutions, in which each solution achieves
a certain trade-off between the objectives. P forms
a boundary in the objective space, and any point in-
side this boundary represents a suboptimal solution
because it can be improved in at least one objective
without degrading others.

Definition 2 Fairness-Accuracy Trade-off
Given a dataset D with n samples, consisting
of input features X , labels Y (c number of
classes), sensitive attributes A (such as the
demographic group information), and a classifier f
parameterized by θ, we utilize CrossEntropy for
classification loss Lacc, which is defined by Eq. 2.

Lacc = −
1

n

n∑

i=1

c∑

j=1

yij log(f(xij)) (2)

where yij and f(xij) indicate the label and the pre-
diction of j-th class of i-th sample respectively.
We utilize DiffEodd (Chuang and Mroueh, 2021)
for fairness loss Lfair (defined by Eq. 4), which
is the gap regularization method for equalized odd
(EODD) (Hardt et al., 2016). For each y ∈ Y , Dif-
fEodd intends to minimize the gap between the
conditional prediction probability given a certain
attribute a and the overall prediction probability
(see Eq. 3).

P y
all = P (f(X)|Y = y),

P y
a = P (f(X)|A = a, Y = y)

(3)

Lfair =
∑

a∈A

∑

y∈Y

∣∣∣Ex∼P y
a
f(x)− Ex∼P y

all
f(x)

∣∣∣

(4)
Our goal is to train f , so that it can perform well
on classification tasks and make fair predictions
for each subgroup. Then, the fairness-accuracy
trade-off problem could be defined as:

min
θ
L(θ) ≜ (Lfair(θ),Lacc(θ))⊺ (5)

Definition 3 Common Descent Vector When
using the gradient-based optimization algorithm
to solve the MOO problem, the common decent
vector g provides the direction for optimization and
the distance to update along the direction. MGDA
defines the common descent vector as the vector
with minimum L2 norm in the convex hull of the
gradient of each objective (see Eq. 6) so that the
objectives will not conflict with each other.

min
α
∥α∇θL (θ)∥2 , s.t. ∥α∥1 = 1,α ≥ 0 (6)

where∇θL(θ) indicates the gradient of the objec-
tive function and α is the combination weights.
Eq. 6 can be solved with the Frank-Wolfe algo-
rithm (Jaggi, 2013). Then the common descent
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vector in multi-objective optimization can be de-
fined as:

g ≜
m∑

i=1

αi∇θLi(θ) (7)

In this paper, we extend MGDA to fairness-
accuracy trade-off and propose a novel method
named CPT to generate controllable Pareto station-
ary solutions.

3.2 Moving Average of Stochastic Gradient to
Address Fairness Loss Drift

When optimizing one single objective, we usually
employ a stochastic approach, where a subset of
data is used to compute the mini-batch stochastic
gradient. However, directly using stochastic gra-
dients for MOO may not be a wise choice. First,
the stochastic nature of the optimization process
introduces noise into the gradient, which could be
misleading for calculating the common descent vec-
tor. Second, as one single mini-batch may not cover
all the subgroups, the mini-batch fairness loss as
well as its gradient could be inaccurate.

Inspired by SGD with momentum, which in-
tends to stabilize the gradient during optimization,
CPT keeps moving average gradients (see Eq. 8)
to approximate the whole gradients of objective
functions. This method smooths the gradient of
each objective before calculating the common de-
scent vector, which leads to a more precise weight
for each objective. Also, by accumulating the pre-
vious fairness gradients, CPT takes into account
those subgroups that might be missing in the cur-
rent mini-batch, which leads to a better fairness
goal.

The moving average gradient of step k is calcu-
lated with:

Ḡk = β ∗ Ḡk−1 + (1− β) ∗ ∇θL(θ) (8)

where Ḡ and β are the moving average gradient
and the moving average weight.

3.3 Gradient Pruning in MGDA

In addition to refining MGDA with moving average
gradient in Section 3.2, we also intend to get a
better common descent vector by denoising the
gradient vector and lowering its dimension.

When searching the direction for the common
descent vector, MGDA uses inner products of gra-
dient vectors (more details in Appendix A.1). How-
ever, high-dimension gradients could be dominated

Algorithm 1: Generation of Pruning Mask

1 Input parameter θ, pruning mask M,
pruning ratio γ

2 for θ ∈ θ,M ∈M do
3 if |θ| ≤ γ∥θ∥1 then
4 M ← 0

5 Output Pruning mask M

by noise, making the common descent vector cal-
culated by MGDA imprecise. Since the parameters
with higher values are more influential for the opti-
mization process, we generate a mask based on the
parameters’ magnitude and filter out the gradients
of parameters with low magnitude. The pruning
mask M is initialized as a matrix of ones who has
the same shape as θ. Then we apply Alg. 1 to gen-
erate the pruning mask M. Given the parameter θ
of the neural network and the pruning ratio γ, we
first compute the average magnitude of θ and get
the pruning threshold γ∥θ∥1. Then we iterate the
parameter and generate the corresponding pruning
mask. The pruned gradient is calculated by:

G̃i = M⊙ Ḡi (9)

where Ḡi is the moving average gradient of ob-
jective i. With gradient pruning, we are able to
accelerate the computation as well as get a better
common descent vector. In order to keep the theo-
retical guarantee of MGDA (the objectives will not
confilict with each other), we apply the pruned gra-
dient to calculate the combination weights α and
the common descent vector g (Eq. 7 is updated by
Eq. 10) and only update the parameters that have
non-zero gradients.

g ≜
m∑

i=1

αiG̃i (10)

3.4 Reference Vector Following

To better control the optimization, CPT uti-
lizes reference vector v⃗ = (vfair, vacc), where
vfair, vacc ∈ R, to guide the optimization process.
The reference vector indicates the expected ratio
of two loss values. When vfair

vacc
> 1, we except

Lacc to be lower than Lfair, which means a prefer-
ence for accuracy. We define the constraint loss by
the Kullback–Leibler (KL) divergence between the
loss value vector l⃗ and the reference vector v⃗ (see
Eq. 11). Different reference vectors set different
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constraints for the optimization process and lead to
diverse trade-offs on the Pareto set.

Ψ(⃗l, v⃗) ≜ DKL

(
l⃗

∥⃗l∥1
|| v⃗

∥v⃗∥1

)
, (11)

where v⃗ = (vfair, vacc) is the reference vector and
l⃗ = (Lfair,Lacc) is the vector for two objective loss
values.

CPT applies two stages for the optimization: cor-
rection stage and MOO stage. In the correction
stage, CPT applies single objective optimization to
satisfy the constraint: Ψ(⃗l, v⃗) < ψ, where ψ is a pre-
defined threshold. The correction stage provides
a suitable starting point for the MOO stage that
follows the reference vector v⃗. In the MOO stage,
CPT simultaneously optimizing three objectives in-
cluding fairness loss Lfair, classification loss Lacc,
and the constraint loss Ψ(⃗l, v⃗). Thus, the objective
function for MOO stage can be written as:

min
θ
L(θ) ≜ min

θ

(
Lfair(θ),Lacc(θ),Ψ(⃗l, v⃗)

)⊺

(12)

3.5 Controllable Pareto Fairness-Accuracy
Trade-off

In this section, we provide a detailed version of
CPT in Alg. 2, which generates a controllable
Pareto fairness-accuracy trade-off. CPT first finds a
starting point for multi-objective optimization that
satisfies the constraint set by the reference vector
v⃗ in the correction stage. Then it jointly optimizes
fairness loss Lfair, classification loss Lacc, and the
constraint loss Ψ(⃗l, v⃗) to find the Pareto stationary
solution in a certain region in the MOO stage.

The moving average gradients for accuracy Ḡacc

and fairness Ḡfair are updated through the whole
optimization process, while Ḡkl is updated only
in the MOO stage. Meanwhile, CPT prunes the
moving average gradient of each objective with
the mask M. Finally, CPT computes the common
descent vector g and updates the parameters.

4 Experiments

In this section, we evaluate CPT from the following
aspects. 1) Can CPT control the fairness-accuracy
trade-off by precise reference vector following?
2) Can CPT generate more diverse trade-off so-
lutions between the two objectives? 3) Can the
trade-off solution obtained by CPT generalize to
unseen data? Specifically, Section 4.1 describes
the experimental setting. Section 4.2 shows the

Algorithm 2: Training Procedure of CPT

1 Input dataset D = {(X,Y,A)}, reference
vector v⃗ = (vfair, vacc), threshold ψ,
moving average weight β, pruning ratio γ,
learning rate η

2 Initialize model f(θ), FrankWolfeSolver
F (Jaggi, 2013), Ḡfair, Ḡacc, ḠKL ← 0,0,0

3 for k = 0, . . . ,K do
4 Get pruning mask Mk by Alg. 1 with γ
5 Get Lkacc and Lkfair by Eq. (2) and Eq. (4)

/* Gradient Moving Average
6 Update Ḡfair and Ḡacc by Eq. (8) with β
7 if Ψ(L, v⃗) > ψ then

/* Correction Stage
8 if Lfair/Lacc > vfair/vacc then
9 Get descent direction g = Ḡfair

10 else
11 Get descent direction g = Ḡacc

12 else
/* MOO Stage

13 Update ḠKL by Eq. (8) with β
/* Gradient Pruning

14 Get G̃fair, G̃acc, G̃KL by Eq. (9) with
Mk

/* Compute Combination
Weights

15 αk = F(G̃fair, G̃acc, G̃KL)
16 Get descent vector g by Eq. (10)

with αk

/* Parameter Update
17 θt+1 = θt − ηg
18 Output Pareto-optimal solution θ∗

following v⃗

superiority of CPT by comparing it with several
state-of-the-art (SoTA) MOO methods. Section 4.3
presents a thorough ablation study to demonstrate
the effectiveness of gradient moving average and
gradient pruning. We show the result of the case
study in Apendix A.3.

4.1 Experimental Setting
Benchmarks We use Jigsaw dataset 1 to evalu-
ate CPT on the toxicity classification task and focus
on race bias as it has been proved to show the most
significant bias over other attributes (Cheng et al.,
2022). In addition, we use BiasBios dataset (De-

1https://www.kaggle.com/competitions/jigsaw-
unintended-bias-in-toxicity-classification/data
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D
at

a
-s

et Method Accuracy (↑) EODD (↓)

(2,1) (3,2) (1,1) (2,3) (1,2) (1,3) (2,1) (3,2) (1,1) (2,3) (1,2) (1,3)
Ji

gs
aw

Scalarization +0.48 +0.07 74.35 -0.15 -0.30 -23.55 +1.54 +0.84 5.86 -0.73 -0.72 -5.75
MGDA -1.13 -1.13 71.96 -0.26 -0.33 -0.51 +1.28 +1.28 8.20 +2.68 +4.30 +1.78
PMTL +0.67 -4.09 72.71 -0.93 -0.54 -0.21 +0.37 -0.34 4.90 +4.37 -1.02 -0.32
EPO +0.31 +0.80 73.63 +0.03 -0.25 -0.54 -1.77 -1.39 6.69 -1.61 -1.85 -1.15
CPT(w/o Prune) +0.33 +0.46 73.48 -0.52 -1.52 -1.26 -1.44 +0.16 5.64 +0.12 +1.81 +1.24
CPT(w/o GA) +1.41 +1.26 71.55 -0.80 -1.11 -2.01 +6.87 +5.26 1.74 +0.38 +2.65 +1.83
CPT +1.11 +0.44 72.09 -0.70 -1.31 -2.29 +4.39 +1.81 3.47 -0.66 -0.89 -0.92

B
ia

sB
io

s

Scalarization +0.14 +0.11 91.09 -0.15 -0.27 -0.46 +0.64 +0.22 8.68 -0.79 -1.11 -1.30
MGDA +0.02 -0.03 90.49 +0.01 -0.06 -0.04 +0.00 +0.05 7.19 +0.08 +0.11 +0.00
PMTL +0.88 -0.2 90.24 +0.06 +0.23 +0.26 +0.61 +0.03 +6.94 -0.079 +0.00 +0.01
EPO +0.49 +0.24 90.28 -1.00 -2.36 -6.89 +0.94 +0.5 7.01 +0.35 +0.19 +1.17
CPT(w/o Prune) +4.04 +2.47 84.36 -1.85 -3.38 -6.45 -0.01 -0.02 7.31 -0.23 -0.78 -2.34
CPT(w/o GA) +3.4 +2.16 84.54 -3.19 -6.94 -12.01 -0.60 -0.48 7.50 -0.10 -2.56 -3.60
CPT +2.71 +1.66 85.31 -1.87 -4.27 -9.53 +0.01 -0.09 7.84 -0.37 -0.89 -3.59

Table 1: Accuracy and EODD (fairness) trade-off on the test set. The results for reference vector v = (1, 1) are
reported in their original values, while the results for the other five reference vectors are differences from metrics
achieved at v = (1, 1). For each method, the best accuracy and fairness among the six reference vectors are
highlighted by bold. The ideal case is that model achieves best accuracy with vector (2,1) and best fairness with
vector (1,3). CPT’s fairness and accuracy on the test set better match the reference vectors than other methods.

Arteaga et al., 2019) to evaluate CPT on the occu-
pation classification task and focus on gender bias.
Following Brandl et al. (2023), we use a subset of
the original dataset which contains five medical oc-
cupations with clear gender imbalance. The statis-
tics of the datasets are shown in Appendix A.5.

We utilize accuracy as the classification metric
and EODD as the fairness metric to evaluate CPT.
The fairness metric is the difference between true
positive rate (TPR) and false positive rate (FPR)
under different sensitive attributes and the overall
TPR and FPR (see Eq. 13).
∑

a∈A

(|TPRa − TPRoverall |+ |FPRa − FPRoverall |)

(13)

A higher accuracy indicates better classification
performance and a lower EODD value indicates
there is less bias among predictions of different
subgroups.

Baselines We compare CPT with several base-
lines and SoTA MOO methods below:
(1) Scalarization that directly optimizes a
weighted sum of multiple objectives.
(2) MGDA (Sener and Koltun, 2018) with di-
verse initialization: We first provide MGDA with
diverse initial solutions and then apply MGDA
to solve the multi-objective optimization problem
with respect to each of them.
(3) Pareto Multi-Task Learning (PMTL) (Lin
et al., 2019) generates solutions falling to differ-
ent regions of the Pareto front by decomposing a
multi-objective optimization problem into multiple

sub-problems, each characterized by a distinct pref-
erence among those objectives.
(4) Exact Pareto Optimization (EPO) (Mahapa-
tra and Rajan, 2020) combines multiple gradient
descent with an elaborate projection operator to
achieve convergence to the required Pareto solu-
tion.
(5) CPT(w/o Prune): CPT without gradient prun-
ing.
(6) CPT(w/o GA): CPT without gradient moving
average.

Training details We apply sentence trans-
former (Reimers and Gurevych, 2019) as the en-
coder and stack two fully connected layers as clas-
sification heads. We use an SGD optimizer with
an initial learning rate of 0.01, which is decayed
by a small constant factor of 0.8 until the number
of epochs reaches a pre-defined value. All of the
experiments are conducted on a 4090Ti GPU with
four random seeds for fair comparison. More de-
tails on the hyperparameters used in training can be
found in the Appendix A.4. In order to represent
different trade-offs between fairness and accuracy,
we set a diverse set of reference vectors: V =
{(2, 1), (3, 2), (1, 1), (2, 3), (1, 2), (1, 3)}. By op-
timizing the loss function with the chosen reference
vector (see Eq. 11), CPT can precisely control the
trade-off between fairness and accuracy.

4.2 Main Results
Controllable Pareto trade-off by following ref-
erence vector. In order to demonstrate the ad-

113



0.0 0.2 0.4 0.6 0.8 1.0
Training Classification Loss

0.0

0.2

0.4

0.6

0.8

1.0

1.2
Tr

ai
ni

ng
 F

ai
rn

es
s 

Lo
ss

MGDA with Correction Stage
Reference Vector
BiasBios Solution
Jigsaw Solution

(a)

0.0 0.2 0.4 0.6 0.8 1.0
Training Classification Loss

0.0

0.2

0.4

0.6

0.8

1.0

1.2

Tr
ai

ni
ng

 F
ai

rn
es

s 
Lo

ss

PMTL
Reference Vector
BiasBios Solution
Jigsaw Solution

(b)

0.0 0.2 0.4 0.6 0.8 1.0
Training Classification Loss

0.0

0.2

0.4

0.6

0.8

1.0

1.2

Tr
ai

ni
ng

 F
ai

rn
es

s 
Lo

ss

EPO
Reference Vector
BiasBios Solution
Jigsaw Solution

(c)

0.0 0.2 0.4 0.6 0.8 1.0
Training Classification Loss

0.0

0.2

0.4

0.6

0.8

1.0

1.2

Tr
ai

ni
ng

 F
ai

rn
es

s 
Lo

ss
CPT

Reference Vector
BiasBios Solution
Jigsaw Solution

(d)

0.0 0.2 0.4 0.6 0.8 1.0
Training Classification Loss

0.0

0.2

0.4

0.6

0.8

1.0

1.2

Tr
ai

ni
ng

 F
ai

rn
es

s 
Lo

ss

CPT(w/o GA)
Reference Vector
BiasBios Solution
Jigsaw Solution

(e)

0.0 0.2 0.4 0.6 0.8 1.0
Training Classification Loss

0.0

0.2

0.4

0.6

0.8

1.0

1.2

Tr
ai

ni
ng

 F
ai

rn
es

s 
Lo

ss

CPT(w/o Prune)
Reference Vector
BiasBios Solution
Jigsaw Solution

(f)

Figure 1: Fairness-accuracy trade-off solutions gen-
erated by different methods using six reference vec-
tors. Among all methods, CPT (Figure 1d) is the
best one whose solutions precisely follow the refer-
ence vectors. Reference vectors from top to bottom
are (2, 1), (3, 2), (1, 1), (2, 3), (1, 2), (1, 3). The x-axis
denotes the classification loss while the y-axis denotes
the fairness loss on the training set.

vantage of CPT, we compare it with MGDA with
diverse initialization (Figure 1a) and two SoTA ref-
erence vector-based MOO methods: PMTL (Fig-
ure 1b) and EPO (Figure 1c). As shown in Figure 1,
MGDA can only generate one single solution even
with different initialization. PMTL fails to gener-
ate diverse solutions with given reference vectors,
and the solutions are mainly located in two regions.
One possible explanation is that PMTL only uses
reference vectors to determine initial solutions but
lacks a principled method to follow them during
the rest of the optimization process.

While EPO achieves lower accuracy and fair-
ness loss values than CPT for vectors with a prefer-
ence for the accuracy objective (see v⃗ = (2, 1) and
v⃗ = (3, 2)), this advantage disappears on unseen
data. The results in Figure 4d and Figure 4j (in

Appendix) indicate that EPO achieves worse fair-
ness performance on the testing set for reference
vectors v⃗ = (2, 1) and v⃗ = (3, 2), reflecting that
EPO suffers from overfitting to training data. Fur-
thermore, EPO fails to follow the reference vectors
with higher fairness preference. This is because
EPO uses a noisy stochastic gradient to determine
the update direction for each step, which could be
inaccurate as we discussed in Section 3.2, and thus
the fairness performance is harmed. This challenge
is successfully solved by CPT. Benefits from the
pruning and moving average of gradients, CPT is
able to precisely follow each reference vector. We
show that the KL divergence between the reference
vector and the loss value vector first decreases and
then stays stable for the rest of the training process
(see Figure 3 in Appendix), which indicates that
the training process is well-guided by the reference
vector.

Evaluate solutions’ quality with fairness
weighted hypervolume. We evaluate CPT on the
testing set and show the result in Table 2 and Fig-
ure 4 in Appendix. For a fair comparison, we apply
the same reference point (2, 1) for all methods. Hy-
pervolume (Zitzler and Thiele, 1999) is a widely
used metric in MOO. It calculates the area/volume
of the resulting set of nondominated solutions with
respect to a reference point to measure the diversity
of these solutions (more details can be found in Ap-
pendix A.2). In the experiment, the reference point
is the worst-case result for each objective, i.e., the
largest classification and fairness losses (the yellow
point on the top right corner in Figure 4).

However, the original hypervolume metric ne-
glects the difficulty of optimization for different
objectives and treats them equally. For example, in
our case, the fairness loss is harder optimize than
the classification loss. In order to address this issue,
we utilize a reference point that is more favorable to
fairness. As shown in Table 2, CPT and CPT(w/o
Prune) achieves the best performance compared
with other methods.

Generalizable Pareto trade-off to unseen data.
When addressing the fairness-accuracy trade-off
in real-world prediction problems, the resulting
models are expected to work on training data mean-
while generalizing to unseen data. Hence, a reli-
able method should achieve a consistent fairness-
accuracy trade-off on training and testing sets under
the same reference vector. An ideal result in our
experiment should satisfy: 1) Achieve the highest
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Method Hypervolume

Jigsaw BiasBios

Scalarization 0.53 0.29
MGDA 0.63 0.33
PMTL 0.69 0.45
EPO 0.72 0.53
CPT(w/o GA) 0.70 0.51
CPT(w/o Prune) 0.71 0.55
CPT 0.73 0.54

Table 2: Hypervolume (test set) of the solutions
achieved by different methods in the fairness-accuracy
space. CPT and CPT(w/o Prune) achieve the best hyper-
volume on the test set.

accuracy when v = (2, 1) and the lowest EODD
when v = (1, 3); 2) For reference vectors with
preference on accuracy (fairness), the results are ex-
pected to show higher (lower) accuracy and higher
(lower) EODD than v = (1, 1). As shown in Ta-
ble 1, only scalarization and CPT exhibit these
characteristics. However, when v = (1, 3), the
model trained with scalarization performs like a
random model on the Jigsaw dataset.

4.3 Ablation study

Here we study how the moving average and prun-
ing of the objectives’ gradients affect the perfor-
mance. Comparing CPT(w/o GA) with CPT in
Figure 1, we find that there is a consistent increase
of fairness loss for nearly all solutions, demonstrat-
ing that the gradient moving average technique can
lead to a better fairness performance. On the other
hand, when CPT removes the gradient pruning,
the optimization process becomes more unstable,
highlighting the importance of gradient pruning
in stabilizing the optimization and determining a
more accurate descent direction.

We then explore how different moving average
weights affect the optimization. We set reference
vector to v⃗ = (1, 1), fix the weight for accu-
racy (βacc = 0.80), and apply different weights
(βfair = {0.88, 0.85, 0.80}) for fairness. The re-
sults in Figure 2 indicate that increasing the moving
average weight of one objective could make it more
dominant in the optimization process. For exam-
ple, when increasing βfair from 0.80 to 0.88, the
fairness loss decreases and the classification loss
increases accordingly. Although the model might
be sensitive to the weights, it makes the training
process more controllable.
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Figure 2: Moving average weights βfair ∈
{0.80, 0.85, 0.88} applied to the fairness gradi-
ents when using reference vector v = (1, 1). While
the solution associated with βfair = 0.85 is the closest
to v, increasing (decreasing) βfair introduces a bias
further minimizing (maximizing) the fairness loss.

5 Conclusions

In this paper, we present CPT, a method for con-
trollable Pareto fairness-accuracy trade-off. CPT
provides two techniques to refine the application
of the gradient-based multi-objective optimiza-
tion method in fairness-accuracy trade-off. First,
CPT applies moving average gradients instead of
stochastic gradients for each objective, which stabi-
lizes the training process and results in better fair-
ness performance. Second, CPT generates a mask
based on parameter magnitude to prune the gradi-
ent, the denoised low dimensional gradient bene-
fits MOO by providing a more precise common
descent vector. We evaluate CPT on real-world
datasets and show its advantage in both optimiza-
tion process and test results. In the future work, we
would like to explore how to get a set of Pareto sta-
tionary solutions near the reference vector instead
of a single solution for each vector.

Limitations

Sensitivity of moving average weights: Although
applying moving average gradients can benefit the
training process, it could be tedious to tune the
moving average weights. And the weights may not
always generalize well when training the model on
various datasets due to the difference in data dis-
tribution. Trade-off within each class: We have
shown that CPT is able to generate controllable so-
lutions based on the preference of fairness and accu-
racy over the whole training and test datasets. How-
ever, the performance in each class may not follow
the preference as discussed in Appendix A.3.

Broader Impact Statement

This work introduces CPT, a controllable multi-
objective optimization framework to navigate the
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trade-off between fairness and accuracy in NLP
models. By enabling precise control via reference
vectors, our method provides a principled way for
practitioners to align algorithmic decisions with
specific societal values and legal requirements. The
use of gradient moving averages specifically en-
hances the protection of minority subgroups, miti-
gating the risk of bias drift during training. While
CPT offers a more diverse and high-quality set of
Pareto solutions, we encourage users to remain cau-
tious about class-level generalization and suggest
incorporating fine-grained fairness audits in high-
stakes deployments.
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A Appendix

A.1 Computing Common Descent Vector
Considering the case of two objectives, the opti-
mization problem could be defined as

min
α∈[0,1]

∥∥∥α∇θL1 (θ) + (1− α)∇θL̂2 (θ)
∥∥∥
2

2
(14)

Then, the analytical solution for α is:

α =
(∇θL2(θ)−∇θL1(θ))T ∗ ∇θL2(θ)

∥∇θL1(θ)−∇θL2(θ)∥2
(15)

When it comes to multiple objectives, the calcula-
tion of the common descent vector still relies on
the inner product.

A.2 Hypervolume
Hypervolume is a valuable metric in multi-
objective optimization that measures the quality
of a set of solutions by quantifying the objective
space they cover. The hypervolume metric can be
defined as follows: given a set of points P ⊂ Rn

and a reference point r ∈ Rn
+, the hypervolume

of R is measured by the region of non-dominated
points bounded above by r:

HV (P ) = VOL
({
s ∈ Rn

+ | ∃p ∈ P : (p ⪯ s) ∧ (s ⪯ r
})

(16)
In the bi-optimization problem, it can be rep-

resented by the area of the polygon bounded by
the solution set and reference point. We show the
hypervolume on the test set in Figure 4.

A.3 Case Study
In order to showcase how different reference vec-
tors can affect the model’s performance, we con-
duct a case study on the BiasBios dataset. We first
randomly sample 20 cases (10 for male and 10 for
female) for each class. Then we feed the samples
into models trained with reference vector (2,1) and
(1,2) and analyze the model’s outputs. We repeat
the whole process for three times and present the
true positive rate (TPR) and accuracy in Table 3.

Model trained with (2,1) achieves better accu-
racy in most classes but there is a larger TPR gap
between the two groups. Model trained with (1,2)
tends to achieve better fairness by minimizing the
TPR gap. But it does not apply to all classes, for
"Psychologist" and "Dentist" classes, solutions may
already satisfy Pareto stationary and there is no up-
date on TPR and accuracy. For "Nurse" and "Sur-
geon" classes, model sacrifices accuracy to achieve

Class Metric Reference Vector

(2,1) (1,2)

TPR(male) 0.90 0.90
Psychologist TPR(female) 0.90 0.90

Accuracy 90.00 90.00

TPR(male) 0.50 0.50
Nurse TPR(female) 0.80 0.70

Accuracy 65.00 60.00

TPR(male) 0.50 0.10
Surgeon TPR(female) 0.40 0.10

Accuracy 45.00 10.00

TPR(male) 1.00 1.00
Dentist TPR(female) 1.00 1.00

Accuracy 100.00 100.00

TPR(male) 0.80 0.90
Physician TPR(female) 1.00 1.00

Accuracy 90.00 95.00

Table 3: True positive rate (TPR) of two groups and
accuracy with difference reference vectors. Comparing
with model trained with (2,1), the gap between TPR
of two groups is reduced when applying model trained
with (1,2).

better fairness. For "Physician" class, the TPR
for the male group is improved, which leads to a
smaller TPR gap as well as higher accuracy.

It can be concluded that even though we achieve
the controllable trade-offs on the whole dataset via
different reference vectors, the preference may not
always generalize to each class. The community
may need to consider a fine-grained fairness loss
function. Overall, the Pareto front of fairness and
accuracy is still complicated and worth studying.

A.4 Implementation Details

The version of Sentence Transformer we use is
paraphrase-MiniLM-L3-v2 2. The classifier con-
sists of two fully connected layers with size (384,
384) and (384,1). We utilize SGD with 0.9 momen-
tum. The learning rate is set to 0.01 initially and
decreases every epoch with a 0.8 decay rate. The
number of epochs is 40 and the batch size is set to
128. As for hyperparameters related to our method,
we set the threshold ψ to be 0.002.

A.5 Dataset Statistics

Table 4 shows the statistics of Jigsaw training set.
For positive and negative classes, the data points for
each race group are unbalanced. As for BiasBios
training set (shown in in Table 5), the distribution

2https://huggingface.co/sentence-
transformers/paraphrase-MiniLM-L3-v2
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Subgroup Label

Positive Negative

White 5636 5410
Black 3747 3050
Latino 313 497
Asian 183 224

Table 4: Statistics of Jigsaw training-set.

of the female group and male group in each occu-
pation is also unbalanced. The imbalance in the
training data brings more unfairness in the model’s
decision but sometimes could benefit the prediction
accuracy, making them suitable datasets to study
the trade-off between fairness and accuracy.

Occupation Gender

Female Male

Psychologist 7491 4400
Surgeon 1203 7424
Nurse 11178 1153
Dentist 3283 6128
Physician 10782 14285

Table 5: Statistics of BiasBios training-set.

Training KL Loss 

- (1,3)
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Figure 3: Training KL divergence loss: The KL loss
decreases from correction stage to MOO stage and con-
verges at the end of the training, which indicates the
optimization process follows the reference vector very
well.
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(f) CPT(w/o Prune)-CPT(Jigsaw)
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(g) Scalarization-CPT(BiasBios)
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(h) MGDA-CPT(BiasBios)
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(j) EPO-CPT(BiasBios)
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(k) CPT(w/o GA)-CPT(BiasBios)
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(l) CPT(w/o Prune)-CPT(BiasBios)

Figure 4: Hypervolume (test set) of the solutions achieved by different methods in the fairness-accuracy space.
Numerical results are reported in Table 2. CPT achieves higher hypervolume, indicating the diversity of solutions
that provide different trade-offs.
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