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Abstract

Finding specific preference-guided Pareto solutions that represent different trade-
offs among multiple objectives is critical yet challenging in multi-objective prob-
lems. Existing methods are restrictive in preference definitions and/or their theoret-
ical guarantees. In this work, we introduce a Flexible framEwork for pREfeRence-
guided multi-Objective learning (FERERO) by casting it as a constrained vector
optimization problem. Specifically, two types of preferences are incorporated into
this formulation — the relative preference defined by the partial ordering induced
by a polyhedral cone, and the absolute preference defined by constraints that are
linear functions of the objectives. To solve this problem, convergent algorithms are
developed with both single-loop and stochastic variants. Notably, this is the first
single-loop primal algorithm for constrained vector optimization to our knowledge.
The proposed algorithms adaptively adjust to both constraint and objective values,
eliminating the need to solve different subproblems at different stages of con-
straint satisfaction. Experiments on multiple benchmarks demonstrate the proposed
method is very competitive in finding preference-guided optimal solutions. Code is
available at https://github.com/lisha-chen/FERERO/.

1 Introduction

Many machine learning tasks inherently involve multiple objectives, which can be different perfor-
mance metrics such as accuracy, fairness, and privacy; or, the same metrics defined on different
data [40, 31]. To tackle such multi-objective problems, it is common to learn a shared model that
simultaneously performs well on all the objectives. Compared to learning one model for each objec-
tive, learning a shared model has the benefit of reducing both the model size and the inference time.
This can be achieved through multi-objective optimization [40, 45, 25, 6], which is to learn a model
that minimizes the vector-valued objective. In practical applications, it is of interest to learn solutions
with controlled trade-offs or preferences. To further illustrate, we give two examples below.

In fairness-aware machine learning, a trade-off exists between the fairness f.;,;(6) and accuracy
face(0), see also Figure la. With 6 denoting the model parameter, and C' denoting the partial order
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Table 1: Comparison to existing methods. “Flexibility” represents preference modeling, such as
by using weights, preference vectors (rays), or constraints. “Exactness” represents the ability to
align with a preference vector exactly. “Deter.”, “Stoch.” represent deterministic and stochastic,
respectively. “X” means not provided in the corresponding work, and “-”” means not relevant.

Method Preference Controlled  Single Convergence

Flexibility Exactness ascent loop Deter. Stoch.

Linear Scalarization weight - X v Tt T3
(Smooth) Tchebycheff [23] weight - X v non-asymptotic X
PMTL [24] inequalities (absolute) X X X asymptotic X
EPO [30] r~ ! ray (ratio, absolute) v v X asymptotic X
(X)WC-MGDA [33] shifted ray (absolute) v X X X X

1

FERERO (ours) relative & absolute v v v Tt T 2

cone, to find the optimal models that consider different trade-offs, one can solve the following
problem with different thresholds e [&]

maximizec (face(6), frair(0)) T S-t. frair(0) > €. (1.1)

Another example is in drug or molecule design, where the goal is to design drugs or molecules with
multiple desired properties f1(0), f2(8), ..., far(#). Aiming to align the values of the properties F'(6)

with a predefined preference vector v as in Figure 1b, one can solve the following problem [29, 1, 46]
maximizec: F(0) == (f1(0),..., fm(8)) " st. BF() = Bv, Bu=0 (1.2)
where B € RMM=DXM js f4]] row rank.
f 1
Then a natural question arises: faeel 11 ’ 7 preference
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a principled framework to capture flexible | 1€l Jigr - fi,
preferences and admit provably convergent @ (b)

deterministic and stochastic algorithms? ) ) o
Figure 1: Illustration of preferences in different ex-

Our answer to this question is affirmative. Rec- amples. The solid red curves represent the Pareto
ognizing that all the aforementioned applica- front, dashed lines represent preference constraints.
tions can be addressed within a unified frame-

work, we formulate preference-guided multi-objective learning (PMOL) as a constrained vector
optimization problem. Specifically, given a model # € RY, and the objectives f,,, : R? = R, m =

1,..., M, we define the constrained vector optimization problem as
min F(6) = (A(6),..., Fu(0)", st. G(6) <0, H(H) =0 (PMOL)

where G(6) and H (0) are the vector-valued preference constraints such as the examples in (1.1)
and (1.2). Here “<” and “=" are element-wise relations on the vectors, with each row representing
one constraint. In these examples, the preferences are directly defined in the objective space, as
intersections of half-spaces defined by the hyperplanes; see Figure 1. Thus, G(-) and H (-) in (PMOL)
can be expressed as linear functions of F'(), given by

G(0) = B,F(0) + by, H(0) = ByF() + by, (1.3)

where B, € RMo*M B, ¢ RMnXM and b, € RMs b, € RMr. Different By, By, by, by, corre-
spond to different preferences, and thus different trade-offs among the objectives.

A comparison of our methods to existing methods is summarized in Table 1. Specifically, our
contributions are listed as follows:

C1) We cast the PMOL problem as a constrained vector optimization problem, and develop the
FERERO framework to capture flexible preferences.

C2) We develop a method with an adaptive subprogram that efficiently finds update directions to
meet flexible preferences, eliminating the need for multiple subprograms under different
active constraints. This approach ensures iterative improvement in a general partial ordering
while allowing controlled ascent of objectives to satisfy preferences.



C3) We propose a practical single-loop algorithm and establish non-asymptotic convergence
guarantees for deterministic and stochastic variants of the proposed algorithm. To our best
knowledge, this is the first single-loop primal algorithm in constrained vector optimization
with convergence guarantees.

C4) We apply the proposed algorithms to various synthetic and real-world image and speech
datasets to demonstrate its ability to find flexible preference-guided optimal models.

In our theoretical analysis, we address the following technical challenges.

T1) The commonly used constraint qualification assumptions do not generally hold for the
PMOL problem. We overcome this challenge by leveraging the specific structure that the
constraints are linear functions of F' to prove the calmness condition holds for PMOL. See
more details in Lemma 2.

T2) The commonly used merit or Lyapunov functions for constrained optimization are usually
non-smooth, making it difficult to derive a descent lemma on the functions, and thus difficult
to derive the non-asymptotic convergence guarantees. We overcome this challenge by
exploiting the optimality conditions and proper step size choices. See Lemma 8.

T3) The convergence of our single-loop algorithm is slower with the commonly-used merit
functions. We provide a sharper analysis by introducing a different merit function and
exploiting the algorithm properties; see Theorem 3.

2 Problem Setup and A Meta Algorithm

To characterize the optimality conditions of PMOL, we introduce the generalized notion of dominance
and the related concept of optimality. We then present a meta-algorithm to solve PMOL.

2.1 Problem setup and preliminaries f2 f2

We first introduce optimality definitions for o ®

PMOL that go beyond the standard definitions Pareto front P

of Pareto optimality [12, 10, 26]. Given two fi, L.
vectors v and w, we use v < w and v < w to

denote v; < w; for all 4, and v; < wj for all 4, (@ (b)
respectively. We use v < w to denote v < w  Figure 2: Illustration of C 4-dominance. The solid
and v # w, and define >, >, > analogously.  red curves are the Pareto fronts, green dots are the
Definition 1 (C 4-dominance [11, 19]). Given reference points, gray shaded regions are the set of
v,we RM, A e RM*M gnd Cy = {y € objectives dominating the reference points, under
RM | Ay > 0} # 0, we say v strictly domi- different C'4 in (a) and (b).

nates w based on C 4 if and only if A(v — w) < 0.

The generalized dominance defines a partial order on RM j.e., the relation between two vectors.
Ilustrations of different partial orders are given in Figure 2. Figure 2a shows the dominance relation
under the widely used non-negative orthant cone with Cy = Rf , corresponding to Pareto optimality.
However, as illustrated by the figure, given the initial green reference point, a descent method such as
MGDA [12] cannot find points on the Pareto front but outside of the gray shaded region. This poses a
critical challenge for applications where specific preference-guided solutions on the Pareto front are
needed. Nevertheless, this issue can be addressed by substituting Rf with a more general definition
of C'4 as displayed in Figure 2b. Under this partial order, a general descent method is able to reach
any points on the Pareto front starting from the green reference point.

Based on the partial order, one can then find the minimum or optimal elements in the vector-valued
objective space, whose formal definition is provided below.

Definition 2 (C 4-optimal). A point 6§ € RY is C 4-optimal if there is no 0 # 0 such that, AF(6') <
AF(0). A point 0 is weakly C 4-optimal if there is no 6’ #+ 0 such that, AF(0") < AF(0).

Note that, C4 is a polyhedral cone, or the intersection of half-spaces defined by the rows of the
inequality Ay > 0. When A = I, an M x M identity matrix, Cy = ]Rf ={y e RM |y, >
0 Vm € [M]}, then Definition 1 reduces to the commonly used notion of dominance associated with
Pareto optimality. The cone C'4 can be interpreted as a relative preference that defines the objectives’



improvement directions, which generalizes the relative preference defined by Rf . In contrast, the
preference defined by constraints in (1.3) can be interpreted as an absolute preference that defines
the feasible or preferred set of objective function values. In practice, C'4 can be chosen based on
the requirements of specific applications. For example, when the controlled ascent of objectives is
needed [30], we can choose C4 such that the controlled ascent direction belongs to —C' 4. We defer
the detailed implementation to Section 3.2. The C4-optimal set, denoted as P4, contains all the
C s-optimal models. When A = I, P4 is the Pareto optimal set P. The Pareto front is the set of
function values evaluated at Pareto optimal models, i.e., F = {F(0) | § € P}.

We make the following standard assumptions throughout the paper [12, 17, 6].

Assumption 1. 1. (Non-negative objectives) AF(0) > 0, and 1T AF(0) > car > 0 for all § € RY.
2. (Differentiable objectives) F' is twice continuously differentiable.

3. (Ordering cone with non-empty interior) C'4 has a non-empty interior.

2.2 Find the preference-guided direction

In this section, we proceed to discuss an adaptive method to solve (PMOL). At iteration ¢, the
algorithm finds an update direction d; and performs the iterative update 6,1 = 0; + a;d; with a
step size ;. Ideally, the update direction d; is chosen to improve the objective F'() and to satisfy
the preference constraints. It is desirable that when the constraints are not satisfied, d; decreases
the violation of constraints and improves the objectives in the general partial ordering sense; when
the constraints are satisfied, d; improves the objectives and ensures the constraints are satisfied. To
achieve this, we find a direction d*(#) that solves following subprogram

1 c
0) = mi —|ld|I* st. AVF(0)'d < ————<AF(0 2.1
vO)=, min ot 5l st AVF(0)Td < g AF() 1)
VG(0) d+ c,G(0) <0, VH(0)'d+c, H() =0
where || - || denotes the ¢>-norm, ¢, and ¢y, are pre-defined positive constants. Larger ¢, and ¢y,

put more emphasis on constraint satisfaction than objective improvement. We call this subprogram
adaptive since it deals with constraints in an adaptive way, which does not require the initial model
to be feasible, nor 6; to be feasible at each iteration. But rather, it finds an update direction that
decreases the constraint violation. Because of this, it neither requires solving different subprograms
at different stages nor requires different treatment of the active set of inequalities as in existing
works [24, 30, 33].

We then show in Lemma 1 that the desired Algorithm 1 A meta FERERO algorithm
properties can be satisfied.
Lemma 1. For the subprogram (2.1), the 1: Init‘ialize t =0, b, step size {a }; define A.
following holds: 2: while v(6;) 7 0 ',:10
3: Compute gradient VF'(0;);

: Compute \; by (approximately) solving (2.3);

If 0 is a local optimal solution with h

AF(0) > 0, then d*(0) = 0, ¥(0) = 0. S

Otherwise, if 0 is not a local optimal solu- 3 : Compute the upjz%te d}rectlon

tion, then d*(0) # 0, 1(0) < 0, and when & dy = =V F(6:) AggAi;

0 is feasible, ik Update 0; by 0y 11 = 0; + caudy;
8
9:

2(0) < —||d*(0)]* < 0. (2.2)

Let 0 be a weak C 4-optimal solution, with
(AF(0))y, = 0 for some m € [M]. If there exists feasible and non-strictly improving directions at 6
with AVF(0)"d <0, then d*(0) # 0, 1(6) < 0. Otherwise, d*(6) = 0, ¥(6) = 0.

: Sett =1t+1;
end while

By Lemma 1, ||d*(#)|| = 0 is a stationary condition for PMOL. Recall the feasibility condition
requires [G(0)]; = 0 and |H ()., = 0, where [-] 4 and | - |,} are entry-wise ReLU and absolute
functions, respectively. And the complementary slackness condition requires A;T[—G (0)]+ = 0.
Thus ||d*(0)* + )\ZT[—G(H)]+ + |I[G(0)]+]l1 + [|H()]|1 achieves zero if and only if the model
0 satisfies the first-order KKT condition. Besides the properties in Lemma 1, it has an additional
scale-invariant property that is deferred to Lemma 4 due to space limit.

By the Lagrangian of (2.1), the optimal update direction can be expressed in a simple form as a
weighted combination of the gradients, i.e. d*(0) = —VF(0)A] \*, with A, = [A; By; By, and

A* € argmin p()\;0) = %HVF(&)AIQ)\HQ —¢ghg G(0) — e\ H(0) (2.3)
AEQN(O)



where A = [Af; Ag; Anl, 2 (6) is the domain of the Lagrangian multipliers, given by !
O (0) =y, (0) x RY? x RMr | with Q,,(0) == {\ € RY | \TAF(0) = 1],AF(6)}. (2.4)

Our goal is to design an algorithm that converges to a KKT solution based on (2.1). However, the KKT
condition is not necessary unless certain constraint qualifications (CQs) hold. Prior works [14, 24]
assume certain CQs hold, e.g., the Linear Independence Constraint Qualification (LICQ). However,
the LICQ assumption (c.f., [ 14, Section 3.1, (A2)]) does not generally hold at a local optimal solution
for problem (PMOL), c.f., Example 1 in Appendix D.3.2. Though some commonly used CQs do not
hold generally, in our case, leveraging the specific structure that the constraints are linear functions of
F, we can justify the calmness CQ in Definition 9 tailored for our problem in Lemma 2, thus the
KKT condition is a necessary optimality condition. The proof is deferred to Appendix D.3.2.

Lemma 2. Let § € RY be a global solution to (PMOL). Define %(p,q) = {y € RM | By + b, <
D, Bry + b, = q}. If X(p, q) is a line, the PMOL calmness condition in Definition 9 is satisfied
for (PMOL) at § if A € RM*M s full rank, H(0), G(0) defined by (1.3) satisfy [B,T B;] # 0, and
By, By are full row rank. Consequently, the KKT condition is a necessary optimality condition.

Lemma 2 provides a sufficient condition for the KKT condition to be a necessary optimality condition

without relying on unjustified assumptions. The requirement that the constraint set is a line in the
objective space is common for applications such as alignment to a preference vector.

We then discuss a generic preference-guided multi-objective algorithm based on the subprogram.

2.3 A meta algorithm for preference-guided multi-objective learning

Given the model 0; at iteration ¢, one can then solve (2.3) to obtain \;. The direction d; =
—VF (G)A;r A¢ is used to update the model 6, by 0,1 = 0; + «d; iteratively until convergence.
The full procedure of this meta algorithm is summarized in Algorithm 1, where Step 4 is a generic
step and can be customized in Section 3.

To establish the non-asymptotic convergence rate, we use the following standard smoothness assump-
tion that has been commonly used in prior works for multi-objective learning [6, 26].

Assumption 2 (Smooth objectives). For all m € [M], V f,(0) is £ 1-Lipschitz continuous.

We then state the convergence result for Algorithm 1 in Theorem 1.

Theorem 1 (Convergence of the generic FERERO algorithm). Suppose Assumptions 1, 2 hold.
Let {0:} be the sequences produced by Algorithm 1, with d; being an e-optimal solution to the

subprogram (2.1). If || A*(0:)|1 < ¢ o < min{m,cg_l,cgl}, and oy = O(1), then

3 IVEG)ALY )1 + 2500 [-GO)L: + GO Ih + [HE): = 0T +). @5)

stationarity complementary slackness feasibility

Theorem 1 guarantees the non-asymptotic convergence for the generic FERERO algorithm. In
Algorithm 1, A can be solved through projected gradient descent or Frank Wolfe algorithm iteratively
within an inner loop. In practice, we usually do not need to solve the subprogram exactly. Next, we
discuss the efficient single-loop approximate algorithm based on Algorithm 1.

3 Efficient Algorithm Development Algorithm 2 FERERO-SA

In this section, we first discuss efficient algo-  1: Initialize ¢ = 0, 6o, Ao, step sizes {au, 11 };
rithm development with the approximate update define A, number of iterations T'.
rules and practical choice of preferences. We ~ 2: fort =0,...,7 —1 do
focus on (PMOL) with equality constraints only, 3 Compute gradient VF'(6;);
i.e., M, = 0. Building upon this, we then dis- 4:  Compute direction d; = =V F(0;) A, \i;
cuss the stochastic variants of the algorithms that 5 Update 6, by 0,11 = 0; + audy;
can be applied to large-scale learning problems.  6: Update A; by (3.1);
7: end for

'Note that, AVF(0)Td < mAF(O) in (2.1) can be replaced by AVE(6)Td < c- 1, which leads to

a simplified subprogram with Q , (6) = Q», = AM and can be covered by our analysis.




3.1 Single-loop approximate algorithm

In practice, if one only requires the converging solutions generated by the algorithm to be feasible,
but not all the iterates, then further approximations can be made to the subprogram (2.3). At iteration
t, to obtain an approximate direction d;, we adopt the following update

/\t+1 :HQX(Qt) ()\t — ’)/th(p(/\t; 915)). (3.1)

The single-loop algorithm with the approximate solution is summarized in Algorithm 2. We name it
FERERO with Single-loop Approximate update (FERERO-SA) algorithm.

We make the following additional assumption of Lipschitz objectives to prove the convergence of
Algorithm 2, which is standard in optimization literature.

Assumption 3 (Lipschitz objectives). Forall m € [M], f.,(0) is {;-Lipschitz continuous.

To prove the convergence of Algorithm 2, we can use the same merit function, which leads to a
convergence rate of O (T‘ 8 ) See Theorem 2 below and its proof in Appendix F.2.

Theorem 2 (Convergence of the FERERO-SA algorithm). Suppose Assumptions 1, 2, 3 hold, and
My = 0. Let {04}, {\¢} be the sequences produced by the simplified Algorithm 2 with Q2 (0) =

5

AM - Assume \*(0y), A5(01), A are bounded. With properly chosen step sizes o = ©(T~¢),
v = O(T~5), it holds that

T—-1

1 1

7 Y IVE@)ALMI + [H @) = (7). (3:2)
t=0

To obtain a sharper convergence rate, we consider a different merit function ||[VF(0;) A, \||> +

|| (6;)]|?, which achieves zero if 0; satisfies the KKT condition. We use this merit function because
it provides better properties for sharper analysis. The detailed proof is deferred to Appendix F.3.

Theorem 3 (Sharper convergence of the FERERO-SA algorithm). Suppose Assumptions 1, 2, 3
hold, and My = 0. Let {6, }, {\;} be the sequences produced by Algorithm 2. With properly chosen

step sizes ay = O(1), v = O(T 1), it holds that

T—1

1 -

= D IVE@) AL NP + 1HE)I? = O(T7). (3.3)
t=0

Theorem 3 states that {6;} produced by Algorithm 2 converges to a KKT solution of the PMOL
problem in the general nonconvex case. Moreover, both ||d; | and || H (6;)]|?> converge to zero at a
rate of O(T1), implying the convergence of both the objective values and the preference constraints.
Note that, the convergence in terms of || H (6;)||? at a rate of O(T 1) is weaker compared to the one
with || H (6;)]|1 at the same rate for Algorithm 1. This is reasonable since Algorithm 2 only uses a
one-step approximate update of )\; instead of exactly solving the subprogram.

The stochastic variant. We employ a stochastic variant of Algorithm 2 based on the double sampling
techniques developed in the recent work [6]. The update is given by

9t+1 =0; + vat,l (Gt)AaTg)\t (3.4a)
A1 =g, 0,) (At — Y Vap(Ae; 6:)) (3.4b)
Va@(Ai; 0:) =AagVFe, , (0:)  VFe, ,(0:) Agghe — [07, enHe, , (6:) '] (3.4¢)

where V is the unbiased stochastic estimate of the gradient, and &; ; and &; » are two independent
stochastic samples obtained at iteration ¢.

The full description of the stochastic algorithms and their convergence guarantees are deferred to
Appendix G. Note that, compared to [6], we adopt a more efficient implementation that reduces the
per-iteration computational complexity.



Theorem 4 (Convergence of the stochastic FERERO algorithm). Suppose Assumptions 1, 2, 3 hold,
and My = 0. Let {0;},{\:} be the sequences produced by Algorithm 3. Suppose the variance

1

of VFe(0:), Vap(\i; 0;) are bounded. With properly chosen step sizes oy = a = O(T~3),
3 o
v = = O(T~2), it holds that

1

LS E[IVF@AT AL + IHO0IT] = 0(2%). (35)
t=0

'ﬂ \

Theorem 4 generalizes Theorem 3 to its stochastic variants, with a matching convergence rate to the
unconstrained stochastic MOO algorithms and stochastic gradient descent. This allows us to apply
the algorithm to large-scale machine learning problems, which we detail in Section 5.

3.2 Choice of relative preferences

As briefly discussed in Section 2.1, the ordering cone and the corresponding matrix A can be specified
according to practical needs. We first discuss how to obtain matrix A for the relative preference given
the set of improvement directions. Then we discuss how to choose the relative preference to allow
controlled ascent update, which is useful for touring the Pareto front [30].

Ordering cone generation. In practice, to obtain the polyhedral cone that defines the partial
order, one can usually first define the extreme rays of the polyhedral cone. We then show how to
convert the extreme ray description of the cone to the half-space description given by matrix A4, i.e.,
Ca = {y € RM | Ay > 0}, by showing how to compute A from the extreme rays.

LetY = [y1---ym] € RM*M be a matrix that contains all the extreme rays of Cy4 as its column
vectors, then Cy = {Y'\ | A > 0}. Leta,,, € R**M denote the row vectors of A for all m € [M].
Then all a,,, can be found by a that solves the following linear feasibility program
find st. Yi=g¢ cla= 0, Y'a > 0. (3.6)
a#0,A>0
Choice of C'4 for controlled ascent. If C4 is not pre-specified, and the decision maker wants
to choose C4 to allow controlled ascent, it can be achieved with the following procedure. Let
Fy = F(fo) be the objective of the initial iterate of the algorithm, and F, be the target function
value along the controlled ascent direction. To ensure F,, — Iy € —C4 for controlled ascent, we
include (Fy — Fyo) /|| Fo — Fyo|| in the set of extreme rays, then take the extreme rays of the convex
hull of the new set to form the columns of Y. Finally, we obtain C 4 by solving (3.6).

4 Related Works

To put our work in context, we review the most relevant literature in (preference-guided) multi-
objective optimization, constrained optimization, with a focus on gradient-based approaches.

Multi-objective optimization (MQOO). A straightforward approach of MOO is to use scalarization to
transform MOO into a single-objective optimization problem [32]. Another popular approach focuses
on finding update directions which avoid conflicts with the gradients of the objectives [40, 45, 25].
A foundational algorithm in this domain is the Multiple Gradient Descent Algorithm (MGDA)
[10, 26, 6], which dynamically weights gradients to find a steepest common descent direction for all
objectives. However, a single solution usually cannot capture different trade-offs on the Pareto front.
This motivates the development of preference-guided multi-objective optimization methods.

Preferences can be modeled through weights or thresholds assigned to different objectives [32]. For
example, scalarization-based methods use the ¢,-norm of the weighted vector-valued objective to
convert the vector-valued objective into a scalar-valued objective, e.g., Linear scalarization (LS),
Tchebycheff scalarization. Then the problem can be solved by single-objective optimization on
the scalar objective. The e-constraint methods enforce threshold constraints on different objectives,
then solve the problem by constrained optimization. More recently, preferences have been modeled
by preference vectors defined in the objective space. Then the problem can be formulated as
finding Pareto optimal solutions satisfying the constraints defined by the preference vectors [24], or
optimizing the distance to the preference vectors [30, 33]. The key difference between FERERO and
these works is that FERERO can capture more flexible preferences based on a general partial order.
Moreover, we provide non-asymptotic convergence guarantees for the proposed algorithms.
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Figure 3: Converging solutions (blue dots) and optimization trajectories (blue lines) on the objective
space of different methods on synthetic objectives given in (5.1). Dashed arrows represent pre-
specified preference vectors. The green dots represent initial objective values.

(a) PMTL (b) EPO (c) FERERO (d) PMTL (e) EPO (f) FERERO
Figure 4: Outputs (colored markers) and optimization trajectories (colored lines) of different methods
when initial objectives are near the Pareto front. Different colors represent different preferences.

Constrained optimization. Constrained optimization methods include primal methods, penalty and
barrier methods, and primal-dual methods [4, 28]. Our proposed method is related to the primal
method that finds a feasible update direction to ensure the models are feasible and improving along
the optimization trajectory. To address the limitation that it usually requires a stage-one procedure to
ensure the initialization is feasible, we use an adaptive approach to ensure the constraint violation is
decreasing and converging to zero. This idea can also be found in sequential quadratic programming
(SQP) [13]. However, compared to SQP, we use an identity matrix to approximate the Hessian of
each objective, and we use an adaptive approach that automatically adjust the descent amount of
objectives. Furthermore, existing SQP algorithms typically require an inner loop to solve the optimal
Lagrangian multiplier, resulting in double-loop algorithms. In contrast, we develop a single-loop
algorithm which is more efficient to implement.

Vector optimization. Vector optimization [11, 19] generalizes multi-objective optimization by
substituting the commonly used component-wise partial order with a more general partial order, such
as a general convex-cone induced partial order used in this paper. In the unconstrained setting, the
MGDA method is extended to a steepest cone descent method in the vector optimization setting
in [17]. Besides gradient-based vector optimization, another line of works focus on black-box
vector optimization with discrete design space [3, 2]. In the constrained setting, the first-order
optimality conditions are studied in [ 16, 43]. Algorithms based on projected gradient [9] or conditional
gradient [7] are developed to solve vector optimization with parameters constrained in a set, to name
a few. To our best knowledge, we are the first to design single-loop (stochastic) primal algorithms for
constrained vector optimization with convergence rate guarantees.

5 Experiments

In this section, we conduct experiments to verify our theory and show the applicability of the
algorithms to preference-guided multi-task learning, and multi-objective finetuning of large multi-
lingual speech recognition models. We use Linear scalarization (LS), MGDA [40], PMTL [24],
EPO [30], XWC-MGDA [33] as baselines for comparison.

Metrics. Objective loss and accuracy. We report the objective losses and accuracies in classification.
Relative loss profile. We use the element-wise product of the preference vector and the objective
values as a measure of the relative loss profile. Hypervolume. Let F' € RM denote a reference point,
and S denote a set of objective function values of the obtained models. Hypervolume measures the
size of the dominated space of S relative to F”, which can be computed by H(S) = A({qg € RM |
JF €S : F <q<F'}), where A(-) denotes the Lebesgue measure. For a fair comparison, we use
the Nadir point, i.e., the worst performance on single-task baselines, as the reference point F”.

Additional details. The implementation and additional experiments can be found in Appendix H.
5.1 Synthetic data

Following [24, 30, 33], the first objective we consider is
F(0) = (1—e 107 atls g _ om0+ 75105y (5.1)
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Figure 5: Training losses and accuracies of various methods with different preferences across three
image datasets. The horizontal and vertical axes represent results for objective 1 and objective 2,
respectively. Different colored dashed arrows indicate various preference vectors. Different markers
denote the solutions obtained by different methods, with marker colors matching the preferences.

The objective has a nonconvex Pareto front (PF). See the results of different methods in Figure 3.
With uniformly generated weights from a simplex, LS only finds extreme points on the PF with one
objective minimized. MGDA can only find points close to the center of the PF. PMTL can find points
in the subregions but not aligned well with the exact preference vectors. Similar to EPO, in Figure 3e,
our method finds points that align well with the exact preferences; and in Figure 3f, our method can
handle different definitions of preferences.

We conduct another experiment in a more difficult setting where the initial objectives are close to

the PF. In Figures 4a-4c, we consider a relatively easier case where the initial model is not too
: ! 1.2 2.1

close to the Pareto optimal. For our method, by solving (3.6), a; = [ﬁ’ %}, ag = [%, ﬁ] The

corresponding matrix A is given by A = [a;,az] . In this setting, all methods converge to the PF,
and our method takes the least number of iterations (PMTL takes 100, EPO Search takes 60, and our
method takes only 10 iterations). PMTL does not align exactly with the preference vectors, while
EPO and our method do. In Figures 4d-4f, PMTL and our method take 200 iterations, EPO Search
takes 80 iterations. Results show that for the green and yellow preferences, PMTL moves further
away from the PF in the first stage, and does not perform any update in the second stage. It converges
to the PF only in 2 out of 4 cases. In contrast, with controlled ascent updates, EPO and our method
can converge to the PF and trace the PF until the objectives align exactly with the preferences.

5.2 Real data

Multi-patch image classification. Following [24, 30, 33], we consider three datasets for image
classification, including Multi-MNIST, Multi-Fashion, and Multi-Fashion+MNIST. The two tasks or
objectives in all three datasets are to classify the top-left and the bottom-right images, respectively. For
a fair comparison, we use LeNet as the backbone neural network. The training losses and accuracies
of different methods given different preference vectors are plotted in Figure 5. Experiments for our
method are repeated 5 times. Hypervolumes with means and standard deviations are reported in
Table 2. The results for other methods in Table 2 are referenced from [33].

One limitation of EPO is that the preference is defined as a ray from the origin in the objective space,
whose corresponding objectives can be unattainable, e.g., the yellow preferences in Figure 5. As a
result, the losses of all methods are far away from the preference vectors. In this case, a more flexible
choice of preferences is helpful to ensure preference satisfaction. To demonstrate this, we conduct
experiments with more flexible preferences; see the results in Figure 6, where the obtained solutions
align better with the preference lines compared to those in Figure 5. Moreover, it can perform
controlled ascent updates during optimization, which cannot be achieved by PMTL or XWC-MGDA.



Table 2: Hypervolumes of different methods (x10~2)

Datasets \ LS PMTL [24] EPO [30] XWC-MGDA [33] FERERO
Multi-MNIST loss 1.68 1.41 1.35 1.42 1.97+021
Multi-Fashion loss 6.75 5.90 6.02 6.77 7.76+0.18
Multi-F+M loss 3.63 3.03 3.76 3.89 3.82+021
Multi-MNIST accuracy 0.19 0.15 0.15 0.16 0.24+0.04
Multi-Fashion accuracy 0.99 0.87 0.87 0.99 1.17+0.07
Multi-F+M accuracy 0.48 0.40 0.50 0.52 0.53+0.04
Emotion loss 0.0258 0.0230 0.0366 0.0348 0.0357+0.0006
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(a) Multi-MNIST loss (b) Multi-Fashion loss (c) Multi-F+M loss

Figure 6: Losses and preferences of FERERO when the initial objective is close to the Pareto front.

Emotion recognition. We apply our method to predict 6 types of emotions from 593 songs on
the Emotions and Music dataset [41]. We follow the experiment settings in [30], with more details
summarized in Appendix H.2. The hypervolumes are reported in Table 2.

Multi-lingual speech recognition. We fur- Table 3: WERs (%) on Librispeech and AISHELL v1.
ther apply the proposed method to the multi-

objective finetuning of pre-trained multi- Method | English  Chinese  Average
lingual speech models. We use the Lib- Komatsu et al. [20] 711 B, .
rispeech (100 hours) [36], and AISHELL w/o CPC [39] 11.8 102 11.0
v1 [5] datasets for multi-lingual speech recog- Tnit. (M2ASR) [39] 73 6.2 6.7
nition. A conformer with 8 blocks is used LS-FT 6.8 5.9 6.4
as the model architecture. The total number FERERO-FT 54 4.9 5.1

of parameters is around 64.5M with 58.4M
encoder layer parameters and the rest being the classification layer parameters. We consider the
objectives associated with the speech recognition Connectionist Temporal Classification (CTC) losses
in Chinese and English, denoted as f* and f¢", respectively. We also use the self-supervised
Contrastive Predictive Coding (CPC) loss f;, for representation learning; that is

min F(0) = (,(0), f(0), f0) T st [o(0) S i, [0 ~ fO) =2 (52)

where the first constraint ensures to learn a good representation with e; = 1.2, and the second con-
straint avoids one language loss dominates the other with e; = 0.5; see more details in Appendix H.1.

Results on the word error rate (WER) are reported in Table 3. The baselines include the state-of-the-art
result from Komatsu et al. [20] without an additional large language model, our own implementation
of training using only the sum of supervised CTC losses (w/o CPC), the initial pre-trained M2ASR
model [39] (init.), linear scalarization of all three objectives for finetuning a pre-trained model with
the CPC loss (LS-FT). Results show that considering CPC loss besides the supervised CTC loss
improves the average WER by 4.2%, and this can be further improved by 0.3% by finetuning with
linear scalarization. However, the LS-FT model has a much better performance in Chinese compared
to English. With our proposed approach, the performance gap between different languages is reduced,
and the average WER is further improved by 1.3%.

6 Conclusions

In this work, we frame preference-guided multi-objective learning as a constrained vector opti-
mization problem. Specifically, we introduce constraints and partial order to capture the absolute
and relative preferences. Under this framework, we develop algorithms to solve the constrained
vector optimization problem. Our proposed algorithms use a unified formulation without solving
different subprograms at different stages. And they enjoy the benefit of allowing controlled ascent
and escaping weak optimal solutions. Theoretical guarantees on the non-asymptotic convergence of
the deterministic algorithms and their stochastic variants are provided. Experiments on benchmark
datasets demonstrate the broad applicability of the proposed algorithms.
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Broader Impacts and Limitations

This paper casts the preference-guided multi-objective learning as a constrained vector optimiza-
tion problem and proposes an algorithm with stochastic variants and non-asymptotic convergence
guarantees to solve the problem. The proposed method is applied to image classification, speech
recognition, and emotion classification. The positive impact is that it is a principled method that has
broad applications across various domains. There is no negative social impact.

The proposed algorithm is able to model flexible preferences but at a cost of higher per-iteration
complexity compared to scalarization methods. The theoretical guarantees make standard assump-
tions that the objectives are lower bounded, Lipschitz continuous and smooth. These are common
assumptions in the optimization literature, and can be satisfied for neural networks with smooth
activation functions.
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A Notations

A summary of notations used in this work is listed in Table 4 for ease of reference.

Recall that given vectors v, w, we use v < w and v < w to denote v; < w; for all 4, and v; < w;
for all 4, respectively. We use v < w to denote v < w and v # w, and define >, >, > analogously.
In the proof, we use || - || to denote the ¢5-norm, and || - ||; to denote the ¢;-norm. We use | - |ap, to
denote the operator that takes element-wise absolute value of a matrix. We use 1 and 0 to denote the
all-one and all-zero vectors, respectively. Their dimensions are specified only when they are not clear
in the context. We use [v, w] to represent column concatenation of matrices or vectors, and use [v; w]
to represent row concatenation of matrices or vectors.

B Related Works and Comparison

In this section, we provide a detailed review and comparison of additional related works in multi-
task/objective learning, vector optimization, and Pareto front approximation.
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Table 4: Notations and their descriptions.

Notations ‘ Descriptions
0 € R? Model parameter, or decision variable
I3 Stochastic samples during training

A scalar-valued objective function evaluated on data point &,

Jem(0), fm (6) with fe n, : R? — R, or on dataset D, f,,, with f,,, = ﬁ deD fem(6)
V fm(6) Gradient of fp,(6), with V f,,, : R? — RY

A vector-valued objective function evaluated on data point &,

Fe(0), (6) with F; : R? — R™ or on dataset D, with F' := ﬁ > eep Fe(0)
VF(0) Gradient of F(0), with VF : R? — R?*M

@ Step size to update model parameter 0

ol Step size to update multiplier A

B.1 Extended discussion of related works

In this section, we provide an extended discussion of the works that are closely related to ours.

Pareto front approximation. Pareto front approximation aims to find multiple different solutions
whose objective values approximate the Pareto front. Scalarization-based methods can be used to
approximate the Pareto front by enumerating different weights of the objectives. However, they
cannot find solutions on the nonconvex part of the Pareto front [32]. Decomposition-based methods
partition the objective space into different subsets with constraints that represent different trade-off
preferences, and solve the constrained multi-objective optimization subproblems with gradient-
based or evolutionary algorithms [24, 15]. Probabilistic inference methods update a set of models
following a distribution that converges to Pareto stationary [27, 38]. The expected update direction
of the models typically follows the steepest common descent direction for all objectives. Pareto set
learning methods use a neural network to learn a mapping from user preferences to corresponding
models. The learned neural network is able to generate different models with different input user
preferences [34, 42, 21, 22].

B.2 A detailed comparison with existing works

Preferences as linear constraints of objectives. Different constraints S partition the objectives
into sub-regions, as shown in Figure 1. Many preferences can be modeled by linear equality or
inequality constraints [24, 30, 33]. For example, below we list different choices of C for different
methods in Figure 1.

(a) Bg = [0712:M]T S R]MXM7b = _[07627'-~7€]W]T;

(b) By, € RM-HxM 3 _ (.

In Figure 1a, the preferences are based on the function values of f; controlled by different thresholds,
corresponding to the inequality constraints defined by (a). In Figure 1b, the constraints are that the
objectives F'(#) should lie on one of the preference vectors v, therefore should satisfy the equality
constraint By, F'(6) = 0.

Detailed comparison with the most relevant works. Below we provide a fine-grained comparison
with some existing works in Table 5, as an extension of Table 1.

In terms of preference modeling, the scalarization-based methods such as Linear Scalarization and
Smooth Tchebycheff scalarization use weight of different objectives to model preferences. They
are not flexible enough to capture preferences illustrated in Figure 1. PMTL uses a constrained
multi-objective optimization formulation, with preferences modeled by inequalities. EPO models the
preference by an r~! ray, same as the example given in Figure 1b. (X)WC-MGDA uses a shifted
ray not necessarily from the origin to model the preferences. In all of these works, they only model
the absolute preferences that define the preferred objective values. In contrast, we also consider the
relative preference that define the relative improvement directions of objectives.
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In addition to the comparison in Table 1, our framework enjoys additional benefits including the ability
to escape weak optimal solutions and to maintain scale-invariance. These abilities are attributed to
the subprogram that is adaptive to the objective values, as detailed in Lemma 4.

Table 5: Comparison to existing PMOL methods, extension of Table 1.

Handle General Single subprogram Scale Escape weak Provable
Method N . A . . .
nonconvex PF partial order w/o computing active index invariance optimal cQ
Linear Scalarization X X v X X
(Smooth) Tchebycheff [23] v X v X X -
PMTL [24] v X X X X assume LICQ
EPO [30] 4 X X X 4 X
(X)WC-MGDA [33] v/ X X X v/ X
FERERO (ours) v v v v v prove calmness

i)

Below, we further summarize the reasons behind the benefits of our proposed method. We use “—
to indicate the reasons on the left and the corresponding benefits on the right.

relative preference
(by general — allow controlled ascent
Flexible partial order)
preference handle nonconvex Pareto Front
absolute preference . . .
X — ¢ equality constraints — align exactly to preference vector
(by constraints) ' 3 > F
constraints are linear functions of objectives — provable CQ

scale invariance
ability to escape weak optimality

single subprogram w/o
computing active indices

Adaptive

adaptive to objectives — {
subprogram

adaptive to constraints —> — non-asymptotic convergence

C Preliminaries

In this section we introduce preliminaries on the general cone-induced partial ordering and the
corresponding optimality conditions for completeness since we use these concepts in our proofs.
Then we discuss the relation between the Pareto optimality and the optimality induced by a general
polyhedral cone.

C.1 General cone-induced partial ordering

In this section, we introduce basic definitions, lemmas, propositions, and theorems in vector opti-
mization, including the cone-induced partial ordering, the minimum and weakly minimum associated
with the partial ordering in real linear space, and necessary conditions for minimum. These concepts
are defined in [19]. We restate them following our notations for completeness. We denote Z as a real
linear space, C, S as subsets in Z, and w, x, y, z as points or elements in Z, 0z as the zero vector in
the space Z.

Definition 3 (Cone). Let C be a nonempty subset of a real linear space Z.
The set C'is called a cone, ify € C,A > 0= \y € C.

Lemma 3 (Convex cone). A cone C'in a real linear space is convex if and only if C' + C C C.

Definition 4 (Partially ordered linear space). A real linear space equipped with a partial ordering is
a partially ordered linear space.

Theorem 5. (a) If < is a partial ordering on Z, then the set C := {z € Z | 0z < z} is a convex
cone. If, in addition, < is antisymmetric, then C' is pointed.

(b) If C is a convex cone in Z, then the binary relation <¢:= {(z,y) € Zx Z |y—x € C}isa
partial ordering on Z. If, in addition, C is pointed, then <. is antisymmetric.

Definition 5 (Ordering cone). A convex cone characterizing a partial ordering in a real linear space
is an ordering cone.
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Definition 6 (Cone-induced partial ordering). Let C be a closed pointed convex cone of RM, with
nonempty interior. The partial order in R™ induced by C, < is defined by

u<cw, if v—uecC. (C.1)
The relation induced by int(C) in RM, < is defined by
u<cwv, if v—u€int(C). (C2)

Definition 7 (C-minimum and C-weakly minimum). Let S be a nonempty subset of a partially
ordered linear space with an ordering cone C, then

(a) an element z € S is called a C-minimum of the set S, if ({z} — C)NS C {z} + C, in other
words, there exists no other 2’ € S with 2’ <¢ z and 2’ # z;

(b) an element z € S is called a C-weakly minimum of the set S, if ({z} — int(C)) NS = 0, where
int(C) # 0 is the algebraic interior of C, in other words, there exists no other z' € S with 2’ <¢ z
and 2’ # z.

Definition 8 (C-stationary). A point 6 € RY is C-stationary if there is no first-order common descent
direction d € R? that VF(0)"d € —int(C), i.e., range(VF(0) ") N (—=int(C)) = 0.

C.2 Necessary and sufficient conditions for C'-optimality

Note that, when C = RY := {z € R™ | 2,,, > 0 forall m € [M]}, C-minimum and C-weakly
minimum in Definition 7 are Pareto minimum and weakly Pareto minimum, respectively. Recall
that F : R? — RM is a continuously differentiable function. The problem we consider is to find
the unconstrained C-minimizers of F, denoted as ming F'(#) with 6 € R?. We then proceed to
introduce the relation between C'-stationarity and Pareto stationarity in this section.

Proposition 1. Let C' be a closed convex pointed cone.

1) Suppose C C Rf . If 0 is Pareto stationary, 0 is C-stationary. In other words, C-stationarity is a
necessary condition for Pareto stationarity.

2) Suppose Rf C C. if 0 is C-stationary, 0 is Pareto stationary. In other words, C-stationarity is a
sufficient condition for Pareto stationarity.

Proof of Proposition 1. 1) By definition, if # is Pareto stationary, then range(VF(6)') N
(—int(RY)) = 0. Since C C RY, then —int(C) C —int(R%!), and we have

range(VF(0) ") N (—int(C)) C range(VF(0) ") N (—int(RY)) = 0. (C.3)

Therefore, 6 is C-stationary.

Following similar arguments, 2) can also be proved. O
D Proof of Auxiliary Lemmas
In this section, we provide proof of the main theoretical results in this paper.
D.1 Lagrangian of the subprogram
Proof of subprogram reformulation. Define the Lagrangian function
1
L(c,d, Ap, Ay, An) =c + 5|\d||2 + A (AVF(0)"d— c(1TAF(0)) " AF(0))
+ Ay (ByVE(0) " d+ c,G(0)) + Ay (BAVF(0)Td+cpH()) (D.1)

where Ay € Rﬂ‘f s Ag € ng, Ap, € RMn, By the first-order optimality condition w.r.t. d and ¢, we
can obtain that

d* + VF(0)(ATX} 4+ BJ Xl + By M) = 0; (D.2)

1TAF(0) — N; TAF(0) = 0. (D.3)
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Combining the last equation with Ay € R}, we obtain A} € Q. Plugging the above results into
the Lagrangian function gives

1
s Al Apl € argmin < |[VF(0)(ATAf + By Ay + By, A
A fiXgiAR]€QA

—¢gAy G(0) — cp A H(0) (D.4)
which leads to the dual form in (2.3). Since (2.1) is a constrained convex optimization problem where
Slater’s condition holds, therefore, the duality gap is zero. O

D.2 First-order necessary optimality conditions

We then discuss the first-order necessary optimality conditions for problem (PMOL). We begin the
discussion with the geometric notions of improving and feasible directions.

Improving directions. The improvement directions are defined as generalized common descent
directions so that the iterates strictly improve or dominate the previous iterates based on Cy, i.e.,
F(0;) — F(6t41) € int(C4). Denote d; € R? as an update direction at iteration ¢, and oy > 0
as the step size at the ¢-th iteration. The general update equation given update direction d; is
0:+1 = 6, + ad;. Based on first-order Taylor expansion, the amount of improvement at iteration ¢
can be approximately expressed as F(0;) — F(0;41) ~ —a,VF(0;) "d; € int(C4). We term such
directions the general C4-improving directions. The cone of C 4-improving directions at x is

Do, ={d€R?|VF(0) d e —int(Ca)}. (D.5)

When A = I, they are common descent directions.

Feasible directions. Similar to the concept in constrained single objective optimization, the feasible
directions are those that ensure F'(6; + a:d;) € S. We rewrite problem (PMOL) with explicit
C 4-induced partial ordering as

min ¢, F(6) s.t. G(#) <0, H(#) =0. PMOL

where G : R? — RMs H : R? — RMr are linear functions of F, and are differentiable. Let
I = {i | G;(#) = 0} be the index set of the active inequality constraints in G(6), and G(0) =
[-+,Gi(0),---]T fori € I. A subset of the feasible directions described by the gradients of the
equality and active inequality constraints at  is given by

D,={de€R?|VG[(#)'d <0}, Dy={decR?|VH(9) d=0}. (D.6)

A necessary optimality condition is that there exists no feasible and improving directions at 0, i.e.,
D¢, N Dy N Dy, = (. An algebraic description of the necessary optimality conditions for (PMOL)
is summarized below.

Proposition 2 (First-order necessary optimality conditions for (PMOL)). Let C4 = {y € RM |
Ay > 0} that satisfies int(Ca) # 0. If 6 solves (PMOL) locally, then there exists Ay € ]Rf,

Ay € RY7 NpiAg] # 0, and A, € RM» that
VF(0)ATAf + VG(O)Ag + VH(O)Ar =0, and X\ [-G(0)]+ =0 (D.7)
Proof of Proposition 2. The geometric description Do, N Dy N D), = () is equivalent to that the
linear system below w.r.t. d is inconsistent
AVF(6)T
VG (0)T

By the Motzkin’s transposition theorem, system (D.8) being inconsistent is equivalent to that the
following linear system w.r.t. p, A;, has a solution with p > 0

[VF(0)AT VG(0)]p+ VH(O)\, = 0. (D.9)

] d<0and VH(#)"d=0. (D.8)

Letting p = [Af; Ag 7], where Ay 1 = [ -+ ; Ags3---],4 € I, and Ay i = 0, for all 7’ ¢ I completes
the proof. O
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Remark 6. Notice that, Proposition 2 provides a Fritz John (FJ)-type first-order necessary optimality
condition, which has been discussed in prior works such as [43, Theorem 1.2] with additional
variational inequality constraints, and [ 106, Section 3, (2)-(5)] with inequalities constraints only. In
the FJ-type necessary optimality condition, the multiplier \; associated with the objective F(0) can
be zero if |I| > 1, which is undesirable. We need additional constraint qualifications to ensure the
condition in (D.7) with Ay # 0 is also a necessary optimality condition, i.e., the KKT condition,
which is equivalent to pg = 1, and without considering the variational inequality constraints in [43,
Theorem 1.2]. The constraint qualification is discussed in detail in Appendix D.3.2.

D.3 Properties of PMOL

In this section, we discuss the properties of PMOL and their proofs. These include the properties of
the subprogram in Lemma 1, and the calmness CQ of PMOL in Lemma 2.

D.3.1 Proof of Lemma 1: properties of the subprogram

Lemma 4 (Additional properties of the subprogram). For the subprogram (2.3), the following
properties hold:
1. The solution d*(0) is unique.
2. If 0 is a local weak optimal solution with AF(0) > 0, then d*(0) = 0, ¥(0) = 0. Otherwise, if 6
is not a local weak optimal solution, then d*(0) # 0, 1¥(0) < 0, and when 0 is feasible,

2(0) < —||d*(0)||* < 0. (D.10)
3. (Ability to escape weak optimal solutions). Let 0 be a weak optimal solution, with (AF(0)),, =
0 for some m € [M]. If there exists feasible and non-strictly improving directions at 6 with
AVF(0)"d <0, then d*(0) # 0, 10(0) < 0. Otherwise, if there exists no feasible and non-strictly
improving directions at 0 with AVF(0)Td < 0, then d*(6) = 0, 1(6) = 0.
4. (Scale invariance) Suppose there are only equality constraints, i.e., My = 0, and My, = M — 1,
By, is full row rank and is selected such that By, (F(61) — F(02)) = 0 with F(0,), F(02) being two
different reference points in the objective space. For all € RY that are feasible, i.e., H(f) = 0,
when A = I, the normalized solution d*(0)/||d*(0)|| does not change when the objective F(0) is
scaled by an arbitrary positive diagonal matrix.

Proof of Lemma 4. For Property-1, the uniqueness of d*(6) follows from the strict convexity of the
objective function w.r.t. the direction d.

For Property-2, in the first case if 6 is a local optimal solution, by definition, there exists no feasible
and improving directions d such that AVF(0) "d < 0. Let Q4(6) be the set of d € RY that satisfy
the constraints in (2.1), i.e.,

Qa(0) = {d € R | B,VF(0)"d + c,G(0) < 0,B,VF(0)"d+ cp, H(0) = 0}. (D.11)
Then, since AF(0) > 0, for all d € Q4(6),

max (AVF(0)"d),, >0 (D.12)
me[M]
and m?ﬁ](AVF(G)Td)m/(AF(O))m20. (D.13)
me
And since AF'(6) > 0, it holds that
— - Lo
P(0) = oty 2T el
1
- mi AVF(0)'d),(1T AF AF(0))m + =||d||? > D.14
délz%mné?i}]( VE(0) d)m( (©)/(AF(©))m + 5 l1dlI” 2 0 (D.14)

with ¢(6) = 0 attainable by taking d = 0 € Q4(6). The first case of Property-2 is proved.

In the second case, if € is not a local weak optimal solution, then there exists d € Q4(6) such that
AVF(0)"d < 0. Taking 0 = — max,e(nm](AVF(0) " d)m (1T AF(0))/((AF(0))m||d||?), and
d, = od, then

0(0) = e+ 5l

min
(d,c)€Q4(0) xR
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. 1
= Jin mfg‘c[xﬁ](AVF(G)Td)m(lTAF(H))/(AF(@)m + 5 lldll®

= mix (AVE(0) d"(6)).,(1T AF(6))/(AF(9)) +gllar @)
< max (AVF(0) dy)., (1T AF(6))/(AF(6)),, + Sl P

—o max (AVF(0)Td)u(17AF(0))/(AF(0)) + Sl =~ Lo?ldl? < 0. .13)

Thus d*(#) # 0. Recall that

d*(0) = —VF(9) (AT)\f + BN+ B,IA;;) (D.16)
where by the feasibility and optimality conditions,
An T (BRVE6)Td*(0) + cp, H(9)) =0, (D.17a)
X T(ByVE(9)"d* (0) + ¢,G(8)) =0, (D.17b)
XiT(AVE(0)Td* (0) — ¢* (11, AF(0)) "L AF(6)) =0. (D.17¢)

Combining the above with (D.16), we have
la* @)1 = — a*(6) "V F(©) (AT} + BJ Ay + BI ;)
=—d*(0) ' VF(O)AT X} + e\ TH(0) + cgA; G (6)
<- c*(&)(lTAF(O))*l)\}TAF(O) = —c"(9) (D.18)
where the last inequality uses the fact that 6 is feasible, and G(0) < 0, H(#) = 0.
Then it holds that
20(0) = 2¢*(0) + || (O)[|* < —[ld"(0)[|* < 0. (D.19)

Therefore, Property-2 holds.
For Property-3, let I C [M] be the set such that (AF(0)),, = 0 for all m € I, then (2.1) is
equivalent to
Lo
= i = Pl
v(0) =, min et sld| SPlw
st. (AVF(0) d)p — c(1TAF(0)) " (AF(0)),, <0, forallm € [M]\ I

(AVF(#)"d),, <0, forallm e I

ByVF(0)"d+c,G(0) <0

ByVF(0) d+ c, HO) =0
In the first case, if there exists feasible and non-strictly improving directions at § with AVF(0) "d <

0, then such d # 0, d € €4 Following similar arguments as (D.15) by taking ¢ =
— maxme[M]\I(AVF(O)Td)m(1TAF(9))/((AF(9))mHd||2), and d, = od, then

1
() = min c+ §Hd||2

(d,c)eQq(0) xR

_ T T 1 2
=, o mg%\l(AVF(@ )i (17 AF(9))/(AF(9))m + 5Id]

<, max (AVE(0)"dy)m(1TAF(0))/(AF(0))m + %IIdJHQ

= n[I%\I(AVF(e)Td)m(fAF(e))/(AF(e))m + %az||d||2 = —%a2||d||2 <0. (D.20)
me
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And the corresponding d*(6) # 0.

In the second case, if there exists no feasible and non-strictly improving directions at 8, then for all
d e Qq(0),

AVF(0)"d),, >0 D.21

mrer[%\l( VF(©) d)m > (D21

and max (AVF(0)"d)n/(AF(6))m > 0. (D.22)
me[M\1

And since (AF(0))y, > 0forall m € [M]\ I, it holds that

1
V() == mi c+ §||d||2

= n
(d,0)€Qq(0) xR

1
— o T T 1412 >
dgzﬂ?e)mgfﬁﬁ\f(AVF(a) d)m (17 AF(0))/(AF(0))m + S ]ld]” 2 0 (D.23)

with ¥(0) = 0 if and only if d = 0 € Q4(6).
Combining the above arguments, Property-3 is proved.

For Property-4, let d* (6) be the solution to the original problem (2.1) without inequality constraints.
Using the fact that H(#) = 0, and letting A = AT \; + B,) A, = A\ + B, Ay, then the original dual
problem can be written as

d*(0) = —VF(0)\*

1
s.t. A* € argminp(\; 0) == = ||[VF(9)\|? (D.24)
AEQ; (0) 2

where Q5 (60) = (2, (0)) + B} (RM»), and Qy,(0) = {\; e RY | \;TF(0) = 1TF(9)}.

Suppose the objective is scaled by a positive diagonal matrix A € R > then the scaled subprogram
has a dual given by

d*(0) = —VF(0)AN"

1
s.t. A" € argmin @(\;0) = = ||[VE(0)AN|? (D.25)
AEQ; (6;A) 2

where Q5 (6;A) = (Q,(6;A)) + B, T (RMn), and Qy,(6;A) = {A; € RY | \;TAF(9) =
1TAF(0)}. Letting \ = A\, then
d&*(8) = —VF(6)N"

1
st. A€ argmin p(\;0) = =||[VFO)N|? (D.26)
NEQs, (B;A) 2

where Q5,(0; A) = A, (6; A)) + AB;T (RM»). The set A(€2x,(f; A)) can be written as
A, (0; 1)) ={ANs [ A e RY N, TAF(0) = 1TAF(6)}
={N; eRY | F(0)T A =1TAF(0)}. (D.27)
Notice that,
FO)" A/ =1TAF () =1"F(0)cs (D.28)
where ¢, = 1TAF(0) /(17 F(6)). Therefore, A(Qx, (65 A)) = ¢ (Q2x,(6)).
Also note that, B, € RM—D>M jg fyll row rank, and is selected based on F'(6), which satisfies
Bu(F(01) — F(62)) = 0 (D.29)

where F'(61), F(62) are two reference points which fully defines the kernel of Bj,. Similarly, when
F(0) is scaled by A, the corresponding B, satisfies

B A(F(61) — F(6,)) = 0. (D.30)
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This further implies

AB, " (RM") = range(AB), ') = ker(BA)* = ker(B;,)* = By(RM") = ¢, B, (RM"). (D.31)

Combining with A (2, (6; A)) = ¢, (0, (6)), it holds that
Q;\,(G;A) = CSQS\(G). (D32)

Therefore, the solution of A and \’ is only subject to a scaling factor, which does not change the
direction of d* (). This proves Property-4, the scale invariance. O

D.3.2 Proof of Lemma 2: calmness of PMOL

Example 1. Let F : RY — R2. Consider the problem below as a special case of (PMOL), given by
ming> F(0) s.t. f2(0) = min f(6). (D.33)

For § = argmingera fo(6), we have V f2(0) = 0, and 0 satisfies (D.7) with A = [0,1]7 # 0 and
An = 1. However, VH (6) = V f2(0) = 0 violates the LICQ, the Slater’s CQ, and the MFCQ.

Below we restate the definition of the Calmness condition for PMOL [43], which generalizes the
calmness condition in single-objective optimization.

Definition 9 (Calmness condition for PMOL [43, Restatement of Definition 4.5]). Let 0 be a local
solution to (PMOL). We say the PMOL problem satisfies the calmness condition at 0 provided that
there exists € > 0 and a Lipschitz function ¢ : RMstMn — RM satisfying ¢(0,0) = 0 such that
there exists no (0,p,q) € [(6,0,0) + eB]/{(0,0,0)} satisfying

G@O)+p<o, (D.34a)
H(0) +q=0, (D.34b)
F(0) — F(0) + ¢(p,q) € —int(Ca). (D.34c)

Our proof relies on the following general version of Hoffman error bound, which bounds the distance
of a point to a nonempty solution set defined by constraints by a measure of the constraint violation
of the point.

Lemma 5 (Relative form of Hoffman error bound [37, Proposition 5]). Given B, € REaxM p, <
RFi, B, € RFeXM p c R*G, define $(p, q) == {y € RM | Byy + b, < p, By + bp, = q}, and
dom ¥ := {(p,q) | B(p,q) # 0}. Let Qr C RM be a reference polyhedron (e.g., one defined by
the intersection of half-spaces). Then for all w € Qg, and (p,q) € dom X, there exists a relative
Hoffman constant cyor depending only on By, By, Qg such that

. B by, —
s 3(,0) N1 20) < cna(Bp B | )| |00y 0]

‘ (D.35)

where (Bgu + by — p)+ = max{0, Byu + by — p} which replaces each negative component of

Bgu+ by — p by zero, and dist(u, Q) :=inf,cq |lu — o]

Proof of Lemma 2. We first construct ¢(p, ¢) = rot||[p ", ¢ "] " ||A~* 12, where Cpor is the Hoffman
constant upper bound in Lemma 5. Then ¢(0,0) = 0, and ¢(p, q) is Lipschitz because

lotora) — ot <snaia i | 2] - | 7]

o
<aaM A~ | [P

’ , (D.36)

Next we prove the PMOL calmness condition holds by contradiction. Suppose for every € > 0, there
exists (0, p,q) € [(8,0,0) + eB]/{(8,0,0)} satisfying (D.34).

Define Qp, = {F(0) € £(0,0) | 0 € R} # 0, there exists § € R? such that () € Qp, and
[|IF(0)]] < oco. We then consider the following two cases:
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Case 1: F(f) € £(0,0). In this case, (6,p,q) = (6,0,0) # (6,0,0), thus 6 # 6. Take § = 0 # 0.
Case 2: F(0) ¢ 3(0,0). Take 6 such that F'(6) € Qp,, then F(6) # F(6).

In both cases, let Q25 be the convex hull of {F(0), F(0)}, i.e., Qr = conv({F(0), F(9)}). Then
Qp is a line segment (or reduces to a point in case 1), thus a polyhedron. Since (0, 0) is a line,

F(0) € £(0,0) N Qg, thus $(0,0) N Qg = Qr = {F()} in case 1, and (0,0) N Qr = {F(A)}
in case 2. Therefore, in both cases,

IF(6) — F(9)|| = dist(F(6), (0,0) N Qp) (D.37)
where dist(F, Q) = infpcq ||F — F'||.

‘We also have
By F(0) + by,
(—p)+ p
S B 1] @)

where (a) follows from Lemma 5; (b) follows from (D.34) that 0 < (B,F(0) + by)+ < (—p)+,

By F(0) 4 by, = —q, and that ¢,,0t(Qr) < ot for different bounded Q . Multiplying || A||1, on
both sides of the above inequality yields

R (a)
dist(F (), £(0,0) N Qr) <cnot(Qr)

‘ [(BQF@ + bg)+]

(b)

<Chof < Chof

| Alldist(F(0),2(0,0) N Qr)1ym < Ag(p, q). (D.39)
It can then be derived that
AF(0) — AF(0) <[|AF(0) — AF(0)[|1a < [[A[|[[F(0) — F(0)[1n

<[|A[|dist(F (), 2(0,0) N Qr)1y < Ad(p, q). (D.40)
By rearranging the above inequality and applying (D.34c), we have that
AF(0) < AF() + Ad(p, q) < AF(H) (D.41)

which contradicts to that 6 is a global solution to (PMOL).
Therefore, the PMOL calmness condition in Definition 9 is satisfied. O

E Proof of Theorem 1: convergence of Algorithm 1

Recall that, we let A = [Af; A\g; Ap] € RMFMatMu 4 = [A; By; By, € RMFMa+Mu)xM and
use the following concise notation

d*(0) = =VF(0) Az, \"(0)

s.t. A*(0) € argmin p(\; 0) == 1HVF(Q)A;'—g)\HQ = cg)\;—G(Q) —cp) H(9) (E.1)
AEQ(9) 2
where Q5 (6) = Qy, (6) x RY” x RMr and Qy, (0) = {A; € RM | \; T AF(0) = 1T AF(6)}.

In the following discussion in this section, we first present the supporting lemmas and their proofs,
then provide the proof of Theorem 1.

E.1 Auxiliary lemmas

Lemma 6 is a result from the smoothness of F'(#), and thus the smoothness of G(6) and H (¢), whose
smoothness constants depend on B, and B}, respectively.

Lemma 6. Suppose Assumptions 1, 2 hold. Then for all 0,0' € R, and all \; € RM, we have

Cral AT
AfAF(0;41) — Af AF(6;) <auA [ AVF(0;) " dy + M&?Ildtllg (E.2)
0
G(0r1) — G(0:) <0 VG(0) " dy + 5207 | B [|ow.r[1dr]|1 (E.3)
0
H(brs1) = H(60,) <oaVH(0,) i+ =507 | B oo | de*1. (E4)
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Proof. By Assumption 2, it holds that \; AF(6) is [|A As||1£f,1-smooth. By the definition of
smoothness, we have

CrallATAs |

AfAF(0111) < AfAF(6) + oA j AVF(6;) " dy + 5

aflldel*. (ES)
Let By ., and By, ,, be the m-th row of B, and By, respectively, then by the £ ;-smoothness of
F(0), BgmF(0) is 1] Bg,m||1-smooth for all m € [M,]. Also because || By |1 < ||B;—||0071
where || B] [|oo,1 = maxmens, ||| Bg,mll1lls gm(0) is £7.1] By [|o,1-smooth for all m € [M,]. By
the definition of smoothness, it holds that

e
G(0r1) = G(0:) <0 VG(0) "dy + 5207 |1B [l oo, [1dr]|*1. (E.6)

Following similar arguments as the above for G(6), (E.4) can be proved. O
Lemma 7. For the subprogram (2.3) or equivalently (E.1), it holds that for any \ € Q,(0),

(VE0)A A\ VEO)A N (0)) = [07,¢,G(0) ", cn H(O) I(A — A*(0)) = [[VF(0) A, A" (0)]%.
(E.7)

Proof of Lemma 7. Since p();0) is a convex function w.r.t. A, by the first order optimality condition,
it holds that for all A € Q,(6)

(Vap(A*(0);0), A = A*(0)) > 0 (E.8)
which can be further written as

AT AggVE(0)TVF(0)Ag A (0) — [07,¢,G(0) T, cn H(0) TJ(A = X*(0)) > [|[VF(0) A, A" (0)]|°.
(E.9)

This completes the proof. O

We next prove Lemma 8, which can be viewed as a descent lemma for [G(6)]+ and | H ()1, based
on the smoothness of G(#) and H (), as well as proper hyperparameter choices. This is crucial for
proving the convergence result in Theorem 1. One key technical challenge in proving the lemma is
that even though G(6) and H (6) are smooth, [G(0)]+ and | H () 1, are not. We address this challenge
by exploiting the fact that VG(0;) " d* (0;) < —c,G(6;) and VH (0;) " d*(0;) = —c,H (6y), as well
as choosing «; properly depending on ¢, and cj,.

Lemma 8. Let ¢ > 0 be a constant. Define [y]+ = max{y, 0} which replaces each negative
component of y by zero, and |y|.p replaces each component of y by its absolute value. Let {0,}
be the sequence produced by Algorithm 1 with the update 0,11 = 0; + audy, where d; satisfies the
constraints of the subprogram (2.1) up to an error of ¢, i.e.,

[VG(0:) " dy + cyG(0:)]4 < el, (E.10)
IVH(6y)"dy + cn H ()b < €l. (E.11)
Ifoay <min{c, ', c; '}, then it holds that

L
(GO1)]s = GO+ < = ncg[ GO+ + 5-aF B oot el 1 + €1 (E.12)

/
[H (Bl = [H (0| < — cven  H)la + 507 B oo lde] "L+ el (B13)

Proof. By the smoothness of G(6) in Lemma 6 and VG(0) T d+c,G(0) < [VG(0) Td+c,G(0)]+ <
el, it holds that

14
G(0r1) = G(6:) VG (0:) " dy + 5507 | By oot el "1 + €1

lra
2

< — cgG(0:) + 2207 | By lloo,1llde |1 + €. (E.14)
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For all m € [M], since G(0;) < [G(6:)]+, it holds that

Y4
Im (Or11) = [9m(00)]+ <gm(0:) — [gm (01)]+ — ecggm(0:) + gla?HB;Hoo,lHdtHz +e€ (E.15)

14
<~ (O] — arcogm(0) + L2a?|B] |ooa|di]® +e. (E16)

It can be further derived that

_ _atcggm(et)vgm(et) >0
(8] — cucogm(6e) = { PR A

< — aicylgm (0)]+ (E.17)

where the last inequality holds since 1 — azcy > 0. Plugging this inequality back into (E.16), yields
that when g,, (6;4+1) > 0,

14
[9m (Or+1)]+ = [9m (0)]+ < —cucy[gm (0r)]+ + %Q?HB;HwJHdtHz +e. (E.18)
When g¢,,,(0;:+1) < 0, we have
[9m (Or+1)]+ = [9m (0)]+ < = [gm (0)]+ < —cvucylgim(61)]+

14
< — g lgun (00 + ~SE 3| BS [lsc.1llde]|* +e. (E.19)

Combining (E.18) and (E.19) proves (E.12).
By the smoothness of H(6) and [VH (0)"d + c;H(0)]an < €1, we have

Lra

[H (0t41)[ab <|H (6:) — arenH (0¢)an + 704?||B;||oo,1\|dt\|21 el
l
=(1— xgen) [ H(80)lab + =507 | B [loc. [de*1 + €1 (E.20)
where the last equality holds because 1 — a;cp, > 0, which proves (E.13). O

E.2 Proof of Theorem 1

Proof of Theorem 1. To consider both objective function minimization and constraint satisfaction, we
define a Lyapunov function below with a constant vector A = (Af, Ay, Ap) € Q1 (6), where Ay =1,

Ay € RY N, € RMe and Ay > A2 (6,), A, > j,(8,) forall ¢ € [T].

Vi = Af AF(0;) + Ay [G(61)]+ + Ay [ H (61)]ab - (E.21)
T T T L
fit gt v, t

Note that V; > 0 for all ¢ since AF(§) > 0, A\; > 0.

For notation simplicity, we let d; = d*(6;). From Assumption 2, the smoothness of the objectives,
and Lemma 6, based on the update 0; 1 = 0; + «a.d,, it holds that

(a) 12
Vit — Vi < @A JAVE(0,) d, + %af||AT||oo71||dt||2)\}1

(b) V4
<aAJAVF(0,)Td; + %@HATHOC,1 d|PAT1+ el

(c) V4
< — a1 + o (cgAg(6) TG (8:) + enii(6) TH(0) + L | AT + €1 (E22)

where (a) follows Lemma 6; (b) follows from that d; is an e-optimal solution to the subprogram; (c)
follows from Lemma 7 by setting A = [17,07,07]T € Q,(8).

From Lemma 8, for oy < min{c; ", ¢, '}, it holds that

L
Vorer = Vor < = aueghg (G004 + 5E ]| B [l

d|PAJ1+en)1 (E.23)
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Ly
Viee1 = Vag < — aseny [H(0:)]an + 704 1By llooalldel*Ag 1+ ey 1. (E.24)

Combining the above inequalities for V¢,V ¢, V}, 1, we have

Vipr =V <= Olt||df||2 +ai(egy (6:) T G(8:) + en Xy (6:) T H(6:))

E
+L22 | AL dF 12 — aregh) [G(0)]4 — cwcndy |H(6:)|ab + €A1
<—at||d 12 = areg(Ng — X5(00) TIG(0:)]+ — arcg i (6) T [-G(6:)]

V4
—aven(n = N (0)) T[H (Bl + -SroF [ AL A 1d;* +eA™1 (B25)

where the last inequality holds because A} (6;) T G (0;) = X;(64) " [G(0,)]+ — A (0,) T [-G(01)] .

Taking telescoping sum of the above inequality from ¢ = 0,...,7T — 1 and rearranging, we have
T-1
* * T
S e (1= S IAT A a0 I + auey (g — X3(00) TGO + e, Ay (6 =GB
t=0
+ azen(An = A (00) T TH(0) |ap < Vo =V +TeXT1 < Vo + Te|| A1 (E.26)

Recall that oy < 1/(£51[|AJ,All1). Plugging this into the above inequality yields

T—-1
1 * * *
> el di1” + aveg(Ng = A5(00) TIG(0)]1 + g Ny (6:) T [=G(0,)]+
t=0
+ aen (M — N (00) TITH(0) |ap < Vo + Te|| M| (E.27)

Taking o, = ©(1), then
1, ) .
T Z SN @I + ¢ (g = X5 (0) TGO+ + X5 (0) " [-G(00)+

1
+ enOn = M (0) T TH (0] = O +€)- (E28)

The proof is complete. O

Next we show that the subprogram converges with a projected gradient descent (PGD) algorithm on
A with K iterations.

Lemma 9 (Convergence of the subprogram with projected gradient descent). At the t-th iteration,
given 0y, let {\ . }1, be the sequence generated by the projected gradient descent algorithm to solve
the subprogram minycq, (g,) ©(A; 04), then

Ao — A (0,)]?
@(/\t,K;(gt) min (A 6;) < M.

E.29
AEQ(0:) 29K ( )

Proof. The result follows from the convergence result of projected gradient descent for convex
objective functions. Note that at each iteration ¢, given 0y, Q(0;) is fixed. O

Lemma 10. Suppose Assumption 3 holds. Due to the {, 1-smoothness and the convexity of the
subprogram, it holds for all \ € Q1 (0) that

IV (A:0) = Vap(A(0):0)[17 < 26y, 1 (9(A;0) — (A*(0):0)). (E.30)

Proof. Since the objectives f,,(6) are Lipschitz continuous for all m € [M], the subprogram
objective p(A; ) is £, x,1-smooth w.r.t. . By Proposition 1 (b) in [44], it holds that

IV (A 0) = Vap(AV(0): )17 + (Vap(A"(0):0), A = X*(0)) < 9(X;0) — o(X*(0);6).
(E:31)

2£$0x,1
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By the convexity of p(); 0) w.r.t. A, for all A € 2,(6),
(Vap(X* (8); 0), A — N*(6)) > 0. (E32)

Combining the above two inequalities proves the result. O

Corollary 7 (Convergence of Algorithm 1 with K-iteration PGD for the subprogram). Suppose
Assumptions 1, 2 hold. Let {0;} be the sequence produced by Algorithm I with the update 0;,1 =
0; + ady, where d; is the e-optimal solution to the subprogram (2.1) obtained by K -iteration PGD
for the subprogram on \. Define \ := (\y, Mg, An) € Qx(0) with Ay > \;(0), A > A} (0) for all
0 € R If the step size oy < 1/(C1||AJ A1) and oy = O(1), then

T-1

) %Hd;‘IIQ +¢g(Ag = A5(00)) T[GO] 4 + en(An = A (00) T [H ()] = O(1). (E33)
t=T

Proof. Fort =0,...,T — 1, we take K = T?, applying Lemma 9, we have

Ao — N(0)]1?
(A k3 60) — min (X 6) < M

E.34
AEQN(0r) 2’7T2 ( )

From Lemma 10, the above inequality implies

14 X1 — N (0:)]2
19000 0) — V(A (00): 01 < 2y 1 (9 (03 00) — 9(3*(6,);0,)) < Leatlhimt = X O)IT

VT2
(E.35)
Plugging in the gradient Vpo()¢; 6;), we have
IAVE(6:) " (de — d})|I” + VG (0:) T (de — d)||> + [VG(6:) T (de — )|
CLoallMi—1 = X (0] _ 4Ly, 0%
<o T < VAT‘Z . (E.36)
4&‘0 JC%\ .
Lete = ,YATQ , from Theorem 1, it holds that

Visr = Vi < = |12 + ey (Ny(00) = A)  [GO)]+ + cuen (N5 (6) = M) T TH (O], + €3

1 14 %
+ 570l Vaee 00)[° + =S af Al Al ;1% (E.37)
Taking telescoping sum of the above inequality from ¢ = 0,...,T — 1, rearranging, and letting
ar < 1/([IMl1ls1[lAdyllo.1), we have
-1,
1
S el I+ aucg (g = X (00) IGO0+ + aren (O — N (60)) TIH (B0 |ap < Vi + T
t=T
(E.38)

Letting oy = ©(1),v = O(1) yields

T-1

1
D a1 4 eg(hg = XD TGO + en(n = X (00)) TTH (@) = O(1).  (E39)
t=T
The proof is complete. O

F Proof of Theorems 2 and 3: convergence of Algorithm 2

F.1 Auxiliary lemmas

Lemma 11 (Smoothness of ). Suppose Assumptions 1 and 3 hold. p(X; 0) is Ly, 1-smooth w.r.t. A,
withl,, 1 = MHAagHQE} .
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Proof. The Hessian of ¢(\; 0) w.r.t. A can be computed by
Vie(Ai0) = A VF(0)TVF(0)A,,.
By Assumption 3, the Lipschitz continuity of F', it holds that
V3o 0| < |AagVE(O) T VE(0) Agyll < [[VF(0)Aqyll* < M| Aqgl*¢5.
The result is proved. O

Lemma 12 (||V,p()s; 0;)|| bounded by ||d¢||). Suppose Assumptions 1 and 3 hold. For {0}
produced by Algorithm 2, we have

V5,065 00)[| < [ AT [|oo,1Elde |- (F.1)

Proof. The gradient of ¢(\¢; 0;) w.r.t. Ay can be computed by

VoA 0;) = AVE(0,) "VF(0;) Ay A = —AVEF(6,) " dy. (F2)

By Assumption , it holds that
15, 0(Ae; 00) || < 1A [loo 165 1de - (F3)
O

Lemma 13. Let \; = [\;4; A ). Consider the sequence {\;}I_, generated by the update (3.1).
Then for all A € Q(0;) with X = (Ag, Ap), it holds that

29N = Aps Va0 00)) < Az = AplP = 1A g 01 = Afl1? + 971V, 000 00) 1%
29 (At = My Vo @A 00)) = At — All? = IAes1 — Ml #2921V oM 00) )17 (F4)

Proof. By the update of A ;, and the non-expansiveness of projection, let A\ = 1 € €2, (6) for all
f € R?, we have '

[Afis1 = AP < I Age — 1V, 0(A 00) — Af)?
= = AP = 29N re — Ap, Vi, 0(Ass 00)) + 2211V 0 (A 00) |1 (F.5)

Rearranging the above inequality gives
27¢( Mgt — Mg, Vi, 0(Ae; 01))
<IApe = Afl? = 1A rer1 = Af P+ IV 0 (N3 00) 112 (F6)
which proves the first inequality.
By the update of )y, ¢, for all constant )\;, € RM= | we have
Aner1 = Mall* = 1At = 7V, 0(Ae5 00)) = Anll?
=Xt = Anl® 71V 03 0117 = 29 (e = Ay V(A 60)). (E7)
Rearranging the above inequality gives
27 (An,t, Va0 Ae5 01)) — 276(An, Va, 0(As; 01))
=[Ane = Anll® = [Anerr = Anll? + A2V 0 (05 6) 1. (F.8)
O

Corollary 8. Let \; = [Af¢; Ay t]. Consider the sequence {\:}}—, generated by the update (3.1).
Then for all A € Q(60;) with X = (Ag, Ap), it holds that

29 (9 (M5 06) — 9(X;00)) < [IAe = Al = [Aen = A + 221V ae(Ae; 60) |17 (F9)

Proof of Corollary 8. The result follows from combining the two inequalities in Lemma 13, and
applying the convexity property of ¢ w.r.t. A. O
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F.2 Analysis with the same merit function: proof of Theorem 2
In this section, we provide analysis with the same merit function as Theorem 1. The proof follows
similar ideas of the proofs of Theorem 3 and Theorem 5 in [6].

We first define the following auxiliary functions to assist our analysis. Note that the functions are
only used for analysis but not for the algorithm update.

2(30) = p(3:0) + ZINJZ, X3(6) = argmin g, (1:6). (E10)
AEQA(0)

We then present the following Lemmas that are useful for the proof of convergence of Algorithm 2.

Lemma 14. Suppose Assumption 3 holds, and \*(0) and \},(0) are bounded for 6 € {6, P
produced by Algorithm 2, i.e., | \*(0)[| < cx, [|A5(0)| < cx. Then on the trajectory of Algorithm 2,
with 0 € {0, }]=.', we have

(A (0);0) — p(A"(0);0) <

l\ﬂb

o5 (F.11)

Proof of Lemma 14. The proof follows the proof of [6, Lemma 13]. O

Corollary 9. Suppose Assumption 3 holds, and \*(0) and \;(0) are bounded for 6 € {0, P
produced by Algorithm 2, i.e., | \*(0)| < c5, [|IA5(0)]| < cx. Then on the trajectory of Algorithm 2,
with 0 € {0,}7—', we have

IV, 0N 0)[12 < 204, 1 (0(X;0) — @(X5(0);0)) + Loy 1005 (F.12)

Proof of Corollary 9. By applying Lemma 10, and that V5, po(A*(6); 0) = 0, we have

IV 017 =V, 0(X0) = Va0 (A (0);0)[1* < [Vap (X 0) — Vap(A*(6): )]
Lemma 10

< 2, (0N 0) - JJain o ;0)). (F.13)

Applying Lemma 14, we can further derive
P 0) = min o(X;0) =p(X0) = p(N(0); 0) + £ (N, (0):0) — o(A5(0):6)
A

Lemma 14

< (X 0) — (A (0);0) + Sex (F.14)

[NV] Iast

Combining (F.13) and (F.14) yields the result. O]
Lemma 15 (Continuity of A} (6)). For A} (6) defined in (F.10), and Q5(0) = Qy, the following holds

IA5(0) = A0 <p~HIVRL(AL(0):0) — V3 (A (0);0)]]
<2p"UpalylAggllZe 116 = Ol (E.15)

Proof of Lemma 15. The proof follows the proof of [6, Lemma 12]. [

Lemma 16. Suppose Assumptions 1, 2, 3 hold. Let {6:},{\:} be the sequences produced by
Algorithm 2 with step sizes ay = a > 0, v = v > 0. Assume [|[X*(0,) |, [\, (00) ||, [[\e]| < e Then
for any p > 0, it holds that

T—

(142~ 'aTts 2] AL, % 1V x0(Ae; 0)]|2-
t=0

,_.

2c
v

>/\l\’>

= Z ©(Ae;6;) — )\*(et) ;) <

N

(F.16)
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Proof of Lemma 16. The proof follows the proof techniques of [6, Lemma 15].
First, applying Corollary 8 and v, = +y yields
29( (5 00) — (A5 (00);00)) < 1A = Ap (011 = A1 = AL (O)II* + 2V ae(es 00) 1.

(F.17)
Taking telescoping sum of the above inequality and rearranging, we have
= =
7 2 #0600 = ;00300 <5z (30 e = @017 = s = X001 )
t=0 t=0
I
5 T—1
I Vo 0.)|? F.18
+ QT;H Ap(Aes 04| (F.18)
where I; can be further bounded by
T-2
L <[Ao = Ap(00) 17 = 1Az = X070 1* + D 12041 = A5(B41) = A () 1145 (Be1) — A (60)]
t=0
T-2 T—2
<Ack +4ex Y N (0err) = (00| < 4k +8ex D p anlyaly || AagllRo 1 lldell
t=0 t=0

where the last inequality follows from Lemma 15 and the update of 6;.
Finally, taking vy = «, plugging the above bound for I; back into (F.18), and bounding ||d;|| by
Assumption 3 and that || \;|| < cx prove the result. O

Proof of Theorem 2. We consider the following Lyapunov function with a constant vector A =
[/\f; >\h] S Q,\(e), where )\f =1, )\ € RMn,

Vi = X[ AF(0;) + Ay H(0;) + v, [|H(0y)])1 - (F.19)
—_— Y Y
Vi Vi1, Vh,3,t
A\

Recall that A, = [Af¢; Ap,], and the algorithm takes the update 6,11 = 6; + oud; with d, =
VF (Gt)A;rg A¢. From Assumption 2, the smoothness of the objectives, and Lemma 6, the function
)\}—AF(G) is smooth, thus

l
Vi = Vi S(VEO)ATNp b1 = 0) + -S| ATAL 11601 — 641
l
=y (VE(B)ATAp.dy) + =5 a | AT\ plla] . (F.20)
By Lemma 13, taking v, > 0 and rearranging, we have
1
(VE(0,)A s, dy) ST%(ll/\f,t = Al = A1 = Ar)1?)
1
+ §7t||v/\f80(>\t§ 00)11* — (Age, Va, 0(Ae; 04)). (F21)
Combining (F.20) and (F.21), we have
O 2 2 Cra oy, 2
Vit = Vi ST%(H)\N = Al = g = AplP) + —o i [A7 Arllalide]
1
+ §Oét%||vx\f¢(>\t; 0017 — (Ao Va,0(Ae; 64)). (F.22)
By the smoothness of A\ H(6), and V, ¢(A\¢;0;) = =V H(0;) " d; — e, H(6;), it holds that

I4
Vhsirr = Viae SaA]VH(0) de + =55 0f | B Al l|d, |
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4
= — aweny H(0:) + =507 | B Al [lde]|”
— at<)\hvv)\h¢(>\t;9t)>- (F23)
Bounding the last term in the above inequality by Lemma 13, and taking -, > 0, we have

lra
2

(6%
= ar(Ant, Vo, 0(Ai; 01)) + 72; (IXne = Anll? = [[Anes1 — Anll?). (F24)
t

1
Vi1 — Vare < — awendy H(0y) + 20| By Al lldell® + §Oét“/t||V/\h<P(>\t§ 0:)|1?
Adding up (F.22) and (F.24) yields
1
Vf,t+1 - Vf,t + Vh,l,t+1 - Vh,l,t < _at<)\t7 VASD()\t; 9t)> + §7tatHv/\S0()\t; Ht)HQ

@ 14
= vy H(O) + 5 (12 = AP = e = M) + =5l 4G AL ]

(0%
< — agllde)l® + cven(Ane — An) TH(0y) + j(\\)\t = AP = A1 = AIP)
t
1 Y4
+ 5l Vape 00)1° + ~Lraf [ AL Al e (F.25)

where the last inequality uses the fact that (\;, Vap(Ag; 6;)) = ||de||? — ch)\;tH(Gt).

Using the fact that Vy, p(A\s;0;) = —VH(6;) " d; — c;, H(6;), and with similar arguments as (E.20)
in Lemma 8, we can further derive that

14
|H(Or11)|ab <[H(0;) — aren H(0r) — eV, 0(At; 0¢)[an + J;lo‘?”B;LrHoo,l”dt”Ql

V4
<(1 = aen) H Ol + LB et |401°1 + e Do, 903 00 (F26)

Therefore,

l
izt — Viae € —auenev [HO) 1 + Loy, MuoZ | B ool + vev, V2,000 60) .

(F27)
Combining (F.25) and (F.27), and by choosing step sizes o, 7, parameter cy,, such that
14 4 1
e MuoF B sex + =5 Ag Al < 5, (F28)

we have

1
Vers = Ve < = gl — aven(ev, — M= Ml DIE @) + 5 (= NP = xes =A%)
t

1
+ vl + nev, 1V, (0 00) 1. (F29)
Taking telescoping sum of the above inequality over ¢ = 0,...,T7 — 1, and applying that
[V, oA ) llr < VM|V, 0(As; 61)]], we have

T-1 T-1

1 1
> Vi Vi< > —goztlldtll2 — acn(ev, = [[An = Anell)[[H (6)]l1 + 5%%&%
t=0 t=0

o
+ T,}Z(H)\f - )\"2 - H>\t+1 - )\||2) + aycy, \/EHVAh@()\t;Qt)” (F.30)

where ZZ:Ol IV x, ©(At; 0:)] can be further bounded by applying Lemma 16 and Corollary 9 along
with Jensen’s inequality as follows

T-1

T-1
1 2 1
(7 22 Va0 00l) < = 3 Va0 (A 0012
t=0 t=0
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Corollary9 1
22&0)\ 1 )‘hat) (/\r)(et)’et)) +€<P>\71p67

T-1
g
01— (127 T BAL I, D+ 5 2 19360 )P + pliacs

(F31)

where [[Vap(Ae; 00)[12 = IV, (A 00) 12 + [V, 0N 00) 12 S [V, 0(Ae 00)[1* + [|de|*. Plug-
ging the above inequality back into (F.30), choosing p = © ((%)%) and rearranging yield

Lemma 16

T-1

1 1 1 a1

— A+ |H )| =0 —= + + (=) +7). F.32

7 2 Wl + 1 @)1 = (7 + op + (D) +9) (F32)
Choosing o« = O(T~6), v = (T~ ) proves the result. O

F.3 Sharper analysis with a different merit function: proof of Theorem 3

Lemma 17. Suppose Assumptions 1, 2, and 3 hold. If at||H(6)|| < ca,n, and oy||di|| < cq for all
t € [T), then for all {0,}1_, produced by Algorithm 2, it holds that

1
[H(Ou1)1? = |1H (001> < c2H (6,) T VH(6,) " dy + 50435H2,1Hdt|\2

with L2 1 = 2M 03+ 2(a; ' + L )eanV MUy .

Proof. By the mean-value theorem, for all ¢ € [T, there exists 6 such that

1H (G )II* = |H (001 < c2H (6,) "V H (6:) " dy + aIIVZH() HO)lld]*.  (E33)

The Hessian of || H(6)||? can be upper bounded by

IV2H(O)TH(O)I| < 2VHO)VHO) || + 2| V*H@)|[I|H (8)|| < 2M€F + 2| H(6)||VMEy,1.
(E34)

Since H (f) is £-Lipschitz continuous with £z = || B,||¢, and @ lies on the line segment of 6, and
0i11 with |01 — 0;]| = ay||dy||, therefore,
IH @) < | H(O0)]| + wlrlldi] < [|H(60)|| + Crrca- (F35)

Plugging the above inequality into (F.33) yields
1 ~ -
1H @i )II* = THO)1* < 0, 2H (00) TV H (0:) " dy + 50 [V2H(0) T H(0)][]1d |*
1
<ai2H(0) VH(0) " di + 50F (2M6 +2(07 " can + Lrea) VM Ly, ) i

The proof is complete. O

Lemma 18. Suppose Assumptions 1 and 3 hold. For {0:}, {\:} produced by Algorithm 2, choose Ao
to be bounded. Choose o such that oy ||H (04)|| < co n, and ou||de|| < cq forallt € [T), and choose
Yt = O(F). Then || \¢|| is bounded for all t € [T']. Consequently, ||d;|| is bounded for all t € [T'. If
we further have || H (0,)|| bounded for all t € [T, then ||V x, p(A¢; 01)|| is bounded for all t € [T).

Proof. By choosing 7; = ©(5+), and || \g|| to be bounded, then for all 7 € [T'], we have

T—1 T—1
A <ol + D~ IVaeh: 80l = Ioll + D %l Va0
t=0 t=0
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T—1

1
Sloll + 7 > ailIVE@)Adllldell + call H (6:)11)
t=0

SH)\()H + £F||Aag||cd + CchCan = @(1) (F.36)
This proves that || A¢|| is bounded for all ¢ € [T].
Since d; = VF(6;)AsgA+, consequently we have
[de|l = [[VF(0:) Aage]| = O(1). (E.37)

Furthermore, if |[H (60;)|| < cp; for all t € [T, invoking that Vy, o(\s;0;) = —VH(0;)"d; —
cnH(0:), we have

IV, 0(Nes 0) | =IVH (60) T de + cn H (60) || < [VH (G0l dell + cnl H (82
<Llr||dil + cnl H(0:)] = ©(1). (F.38)
The proof is complete. O

Lemma 19. Suppose Assumptions 1, 2, and 3 hold. For {0,},{\:} produced by Algorithm 2, suppose
[IAnill < ex < oo is bounded for all t € [T), and Ta—% = Cq < 00. Choose oy such that
a|[H(O)| < can forall t € [T), and suppose ||H(0,)|| bounded for all t € [T]. Define St as
follows

T-1
2 o
Sr=r% ; a(en AL H(01) = Vo 00) THO0) + - (narll® = nol®): - (B39)

Then we have that ||St|| = ©(1) is bounded.

Proof. By the definition of S, Cauchy-Schwartz inequality, we have

T-1

2 Qo
IS7ll <7 > avenl Ml H O] + e[V, 0(Aes 0)[[[|H (6:)]] + T%OIIM,T
t=0

2. (F40)

By Lemma 18 and that ||H(6;)|| is bounded, ||A¢|| and ||V, ¢(A+; 6;)] are both bounded for all
t € [T, therefore, ||St|| = ©(1) is also bounded. O

Proof of Theorem 3. We consider the following Lyapunov function with a constant vector A =
[)\f; >\h] € Q,\(Q), where )\f =1\ € RMn,

1
V= NJAF(0) + MH(0:) + | H(6,)]. (F41)
—_— ——
Vi Va1 Vh,3,¢
Vit

Following the same arguments from (F.20)-(F.25), we have

«
Vit = Vi 4 Vit — Vi < — aelldel)® + asen(Ane — An) T H(6:) + ﬁ (A = Al = A1 = AlI%)
t

1 L
5[ Vapes 0|17 + 5507 [ Aag Al el (F42)

Next we proceed to bound V3 411 — Vj, 3 ;. By Lemma 17, it holds that
1
Vhaitr — Vaze < o H(0)TVH(0,) dy + Zc>z§elL,271||dt||2 (F.43)

where (2 1 = ZME? + Q(at_lca,h + Crca)V' MUy . Because Vy, o(\;0;) = —VH(0;) dy —
cnH(0;), the term H (6,) T VH (6;) " d; can be further written as

H(0;)"VH(0;) dy = — H(O) " (Va,0(Ae; 01) + cn H(6;))
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== cn[H(O)I* = H(0:) "V, 0(Ae; 01). (F44)
Plugging (F.44) into (F.43) yields
%HH(@H)H2 - %HH(@)H2 < —agen|[H(O)|P — acH(8:) TV, 0(Ai; 6) + iaffH%lHdtH?
(FA45)
Letting £, , 1 = {51 ||Agg/\|| 1, and adding up (F.42) and (F.45), we have

.
Vi = Vi < —aulldil? = uenl HO) 2 + ar (n i = ) = Fnu0(0is00)) H(0)

1+ L2 1) |lde )
(F.46)

e 1 1
+ T’;(HAt = AP = A1 — )\||2) + §7t0ét||VA<P(>\t;9t)||2 + Za?(%Fag,

where ||V x@(A¢; 0;)||? can be further bounded via triangle inequality and Cauchy-Schwarz inequality,
given by
Va0 00)° =[|AagVF (60) " dy — cn H(8)|)?
<2||Aag VF(6:) " dil|” + 2ljcn H (6,)
2| Aqg||* MG du[|* + 26511 H (6,)]|*. (E47)

Plugging (F.47) back into (F.46) yields
§
Vit = Vi < = aglldel|? = auenl H(O) 2 + a0 (n O = An) = (05 60)) - H(0)

a 1
g (e = Al = v = AIR) + 02201+ )

4 ag:s
J1

20192 2 2 2
+vear || Aag T M ||de]]” + yeowey | H ()] (F.48)

—_—

Ja J3
where by choosing the step sizes a; < W, v < min {W7 ﬁ}, it holds that
ag:1ttm2 1 ag r

1 1 1

J1 S Zat||dt\|2, J2 S ZOét”dt”Q, J3 S iatCh||H(0t)||2. (F49)

Plugging (F.49) into (F.48), choosing % = % for all t € [T, and rearranging, we have

1 1 T
Vt+1 -V, < - iatHdtHQ - *OétChHH(et)HQ + oy (Ch()\h,t - )\h) - V)\hSDO\t;et)) H(et)

2
o)
5o n (e = AP = [Aesn = AIP). (F50)
7o
Taking telescoping sum of the above inequality over ¢t = 0,...,T — 1 yields
T—1 T—1 T
> a(lldill? + el HODIZ) = > 201 (en(ne = An) = oA 00)) H(0:)
t=0 t=0

«
<2(Vo — Vr) + 7§<||Ao A2 = [Ar = A2
(07
<2Vyo+2X; (H(0) — H(07)) + [|1H(60)||” + 7§<||Ao = A2 = IAr = AP (E51)

where the last inequality uses the definition of V; and that V¢, > 0.

Choosing Ay o = Ay, and rearranging the above inequality, we have

T-1

«
> an ([l + enll H@I?) < 250+ IH @I+ 22 (A0 = Al = Az = Al
t=0
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T-1 T-1

+ 37 200 (endne — Va, oA 60) H(G) +2)] (H(eo) — H(0r) —cn > :atH(Qt)).
t=0 t=0
(E.52)

Note that (F.52) holds for all \;, € R™». And )\, here serves as an auxiliary multiplier to prove
the convergence in Theorem 3. We then discuss how to choose a bounded )\, such that the desired
convergence result holds. A simple choice is that the additional terms related to A;, and Ay, ; on the
right hand side of (F.52) amount to a value greater than zero, i.e.,

T—1
(6%
2T (= en Do B (80) = (o = Ml = [An = Alf)

— 2(An, Ano — A1)

T-1
=20 (= en 3 (@) = 22 (Anol?
t=0

T-1

> 23" ay(enhne — Vo, oA 6))  H(9)), (E53)
t=0

which is a linear inequality w.r.t. Ay,.

Next we discuss when (F.53) has at least one bounded solution w.r.t. ;. Rearranging (F.53) yields

QAh(T (Ano — )\hT)—Ch Zat ))

t=0
2 — o
0
-z S e — Vi olnit)) 10 + T (rlP? = dnol?). E54)
t=0
For notation simplicity, define the following
2a
Sp = 2ch— Z a H(0;) — %(Ah 0= An1); (F55)
2 o
Sp=77 ) o (eni H(0:) = Vi, 0(Mi; 60:) T H(6:)) + Ti,;)o(”)\h,THz —Anol?).  (E56)
t=0

|| is bounded. In general, S; # 0 and with proper A o, ||S1|| = €2(1). Then there
exists bounded \, € RM» with ||A\,]| = O(1) such that (F.54) holds, thus the last three terms in
(F.52) amount to a value no greater than zero, which yields

T-1

> (el + enl H@)IP) < 2V 0+ | H(60)]* (F57)
t=0

Since || H (;)]| and ||d;|| are bounded for all t € [T'], we can choose a; = O(1), v, = O(T 1), and
it holds that

: Z (1l + enllE@)12) = O %), (F58)

We then summarize the best possible choices for av, v¢. Choosing 6 such that 2V ;o + || H (6)]|* =

co < co. Recall that we require ay < 57———7——. Rearranging this inequality with Ly =
ags H2,1

2M UG + 2(oy can + Lrca)V MUy yields

(205

ags

L+ L) =200l 1 | AT AL+ 20 MO+ 2(con + aplea)VMEs, < 1. (F59)
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Recall that we choose «; such that o ||d;|| < ¢q and oy || H (6;)]| < ca,n- We can choose the following
specific constants to ensure the above inequality holds

1 -1
Cd = Cah =—F7——5 Ch = CypC0;
T a Mg, o
which implies that

1
(CrallAJgAll + M) + Ly

Note that A = [Af; Ap], with Ay = 1, and )\, satisfying (F.53). If || Ay, ||1 is bounded by a constant,
then || A All1 < [[AZyll1[|All1 is bounded, and we can choose oy = (1), i.e., a is lower bounded
by a constant.

To summarize, the following inequalities should be satisfied by the step sizes
1 1

0 = min {co, : } (E61)
4V MUy max{1, [ H (@), e} 4(Crall AggAll + MEF) + i
. Qg 1 1 Yo
Vt_mln{ T’4||Aag||2M€§c,20h}7 and v Ctoat’ ( )
where £p,, 1 = £5,1]|Aj,Al|1. The proof is complete. O

G Stochastic Algorithms

In this section, we discuss the stochastic algorithms and their convergence guarantees.

G.1 Algorithm summary

The stochastic algorithm is summarized in Algorithm 3. Note that, instead of computing
VFe, (0:),VFg, ,(0;), which requires 2M gradient computation at each iteration, we compute
VFe,,(0:),VFe,,(0;)A], N, which requires M + 1 gradient computation per iteration. This saves
nearly half of the per-iteration complexity compared to the most relevant existing stochastic algorithm
for multi-objective optimization [6].

Algorithm 3 Preference-guided multi-objective algorithm with approximate update

1: Initialize ¢t = 0, Oy, step sizes oy, V¢, define A

2: fort=0,...,T—1 do

3: Compute stochastic gradient VFe, , (6;), VFe, ,(0:) A A
4: Compute an update direction dy = VF, | (6;)A],\;

5: Choose the step size o by a predefined schedule;

6: Update 6, by 0,41 = 0¢ + ady;
7: Update )\ by (3.4);
8: end for

G.2 Proof of Theorem 4: convergence of Algorithm 3

We first introduce the supporting lemmas, and then present the main proofs. Denote F; as the
o-algebra generated by V Fe, (6p), VFe, (61),..., VFe, (6;), where § = {&.1, & 2}. For simplicity,
we let E,[-] := E[- | F] in the proofs.

Lemma 20. Let Ay = [Af4; A ¢]- Consider the stochastic sequence { )\ }1_, produced by Algorithm 3.
Then for all A € Q(0,), it holds that

2%E (Mgt — Ar, Va0 (A 00)] < BalllAre = Arll? = IAreer — Apll? + 97211V, 05 00) 1175

2%E (At — An, Va0 00)] < Eell[Ane = Anll? = [Ansesr — All® + 921V, (A 00)]].
(G.1)
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Proof. By the update of ), it holds that
INpeer = Apl® < Az = 76V, 003 06) = Ag?
=z = Al = 27 g = Mg, Vi, 0(A00)) + 7711V, 0 (A 0017 (G.2)
Taking expectation over the stochastic samples and rearranging the above inequality, we have
2Bt [(Age — Aps Vap 0(As 00))] = 27 Be[(Ape — Ap, Vi, 0(Ae; 61))]
<Bill[Ar,e = Apll? = IAg .01 = AP+ 271V o, 00 0017 (G3)

Following similar arguments, it holds that

Q’YtEtK)\h,t — A, VAh,SO()\t; 9t)>]
<E[[[Anyt — Al = [Ans1 — Anll? + 2721 Va, (A 0)[]). (G4)
The proof is complete. O

Proof of Theorem 4. Define the following Lyapunov functions

1
Vi = Ap AF(0;) + Ny H(6:) + §|\H(0t)H2 . (G.5)
\%
fit Vit

Let Ay = [Af,4; An¢]. The algorithm takes the update 011 = 0; + a;dy with dy = VF(0,) A A
From Assumption 2, the smoothness of the objectives, and Lemma 6, the function /\;AF(H) is
Cap1-smooth with £ 41 = £f1]|AT Af||1, thus

Ei[Viip1 — Vel <E[(VF(0:)ATAp, 0041 — 0:) + EAQFq 101 — 64]1%]
=B [(VF(0:)AT A g, dy)] + g“gvl ARy [||de]|?). (G.6)
By Lemma 20, taking y; = -y, and rearranging, we have
BV A Ar,di)) <5 (Bill s = Ml = BelllAgass = A7)
+ S0, 000017~ s, Va0 (G
Combining (G.6) and (G.7) and taking total expectation, we have
BV ] ~ BV ) SBIAe = M1 = Wi = A1)+ AE2aE]|d, )
+ 30 BlITx, @06 0017 - Bl re Va, o6} (GB)

Following similar arguments from (G.6)-(G.8),

4
B[\ H(0r41)] = ED H (0)] < BN VH(0,) " di] + =3 afE[||dy ]

Y4
< — arcnBIN H(6y)] — B [(An, Via, 0(Ae; 0)] + I;l afE[||de||?]

4 1 ~
< — avenE[N, H(0:)] + g’l B[ de]|*] + SB[ Va0 (i3 )]

Q
— o E[(Ane, Va,0(Ae:00))] + Q*;E[H)\h,t = Ml = [ An1 — Anll?]- (G.9)

Adding up (G.8) and (G.9) gives
E[Vy 1] = B[V + BNy H(0:11)] — B[\, H(6:)]
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1 -
< — aE[{Ar, Vap(A; 00))] — caven B[N H(6;)] + S E[Vae(A: 0,)]7]

lE, 1 a
+ 5= oZEd ) + B[l = AP — A = AP

= — aE[[|[VF(0:) Ag Mel|”] + cecnBIN, H (0:)] — cvecn B[N

lr

1 ~
H(00)] + 5ol Vap(Ae: )]
(%
+ =5 aF Bl + B[ = AP = e = A

(G.10)
By Lemma 17, and that E[V 5, ¢(\¢; 0;)] = E[-V H (0;) "d; — c,, H(6;)], we have
1
§E[||H(9t+1)||2] - §E[||H(9t)||2] < uE[H (9t)TVH(9t)Tdt] + 04 Pl 1 B[l di 1)
< — aehE[|[H(0,)]1°] — aEB[H (0:) "V, 0(As; 01)] + O‘tfHQ L E[[[de]|)- (G.11)

Adding up (G.10) and (G.11) yields

E[Vi1] = E[Vi] < —B[|VF(0:) AggAe|?] + arenE[N, H(0:)] — cvenB[A

1 - 2lp,,1+LH2 0
+ 5 E[[Vae(As 0:))1°] + ‘TQEE[HMF]

~ @ enE[IH (O] = o BIH(6)T Va0 00;00] + 3 E [l

H(6)]

— A2 = [[Aes1 = AP] (G.12)

Taking telescoping sum of the above inequality, choosing «; = « and rearranging, we have
T—1

S” a(BIIVE@) AL + Bl (6:)]))

t=0

T-1

<E[Vo — Vel + o Blldo = M~ Ar = A = o B[ (en(ne = An) = Vauolhei 60) " H(60)|
t=0
T-1 T-1
1 ~ 20 +/
+§avf§_;En|w<At;et>||21 F—HaZE lde] ). (G.13)

We choose Ay g = Ay, and Ay, satisfying the following equation

2 B0 = Al = e = M) —aZ [(en(ne = Mn) = Va0 00) H (6]

+ M\ E[H (6y) — H(67)] = 0. (G.14)
Plugging the above equation into (G.13), it holds that
T-1 1
>~ a(EIVFO) AL + cnBIIHO)I]) < EIV 1] + ZEIIH(00)])
t=0
T—

,_.

1 Wp, 142y o
+ 3% L EIVe0 001+ e e Y E ) (G.15)

0 =0
where E[||Va@(Ar; 0,)]12] = E[E[|| Va@(Ae; 0;)]|?]] can be further bounded by
E[E [ Vag(Ae; 60)[7]] S2E[||Aag VE(8:) ' VE(8:) AggAell®] + 262 E[[H(8:)[1%] + E[Var[Vag(As; 6,)]]

<2 Aag | MEGE[||VF (0:) AggMe|1*] + 25 B[ H (6:)[°] + 0 (G.16)

Similarly, E[||d||?] can be further bounded by

Elllde]|?] < E[|VF(6:)Ag A\el?] + 0* (G.17)
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Plugging (G.16) and (G.17) back into (G.15), and setting o < 1/(2¢g

ag»
ind —1_ 1
min { M Awg IFME* Zer } we have

1+ ly2q), v <

3" o (BIIVF@) AL + cB{LH @) < BVl + SEIH (@)

2lp, 0+ lE2 )

ag»

4

| = 2

+ —aTo? + o*To? (G.18)

Following similar arguments as (F.61) - (F.62), we require the step sizes

1

a< G.19
T Al | AgAll + MET) + Ly (G.19)
a 1 1
<minqg—, —--—— — 2
= mm{T’ A Agg|PME 2ch} (G.20)

where £, 1 = £51]|A 4 All1. This ensures )y, is bounded and then one can choose v = ©(T~2),

v = ©(T~3%) to obtain

~

1

E[IVE@)AL NI+ H @] = 0(T 7). (G21)

Nl =

t

Il
=}

H Implementation Details and Additional Experiment Results

In this section, we report the additional implementation details omitted from the main text in
Appendix H.1 and the additional experimental results in Appendix H.2.

H.1 Implementation details

Computation. All experiments were conducted on a server with an Intel i9-7920X CPU, two
NVIDIA A5000 GPUs and two NVIDIA A4500 GPUs.

For all the experiments reported in the main text except for the multi-lingual speech recognition
experiment, we exactly follow the settings from [30]. The implementations of the baselines including
LS, PMTL, and EPO are from the official code of the EPO paper in https://github.com/dbmptr/
EPOSearch with their default hyperparameters. The results of XWC-MGDA are directly referenced
from the paper due to lack of official implementation.

Synthetic data. For the results in both Figure 3 and Figure 4, the model parameter 6 has dimension
g = 20, the number of objectives is M = 2. The angles between the preference vectors and the
horizontal axis are generated between [%w, 2%w] with equal angular distance. This experiment does
not involve stochastic optimization. For our method, we solve the subprogram using PGD with a step
size 0.1 up to an error of 10~° or with a maximum of 250 iterations. In the experiments, we set the
parameter ¢, = 1 for the subprogram if not otherwise specified.

In Figure 3, for all preferences and all methods, the initial model parameter 6 is randomly generated
from a Gaussian distribution A'(0, 1) for each dimension. In Table 6, we provide a summary of the
hyperparameters for the baselines and our methods for the experiments in Figure 3.

Table 6: Summary of hyper-parameters for the synthetic data experiments in Figure 3.
| LS MGDA PMTL EPO Ours Figure 3¢ Ours Figure 3f

step size oy 0.1 0.2 0.2 0.1 0.05 0.05
max iterations | 150 150 150 100 100 100
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In Figures 4a-4c, the initial model parameters are randomly generated from a uniform distribution
between [—0.3, 0.3] for each dimension. In Figures 4d-4f, the initial model parameters are randomly
generated from a uniform distribution between [—0.5, —0.15] or [0.15,0.5] for each dimension.
Table 7 summarizes the hyperparameters for the experiments in Figure 4.

Table 7: Summary of hyper-parameters for the synthetic data experiments in Figure 4.

\ Figures 4a-4c Figures 4d-4f
PMTL EPO Ours | PMTL EPO  Ours

step size ay 0.25 0.10 0.60 0.50 0.20 0.60
max iterations 100 60 10 200 120 200
ch - - 1 - - 0.01

Multi-patch image classification. For a fair comparison, we follow the same data splitting and
processing procedures as [30] using their official code. In each of the three datasets, there are 120k
samples for training and 20k samples for testing. There are two tasks on each dataset: 1) classifying
the top-left image, and 2) classifying the bottom-right image.

For all methods, we use the SGD optimizer with batch size 256. Note that, for our stochastic method,
we use batch size 128 for each batch in the double sampling. Thus the total number of samples
taken at each iteration is also 256. The hyperparameters are summarized in Table 8. The results of
XWC-MGDA are directly referenced from the paper.

Table 8: Summary of hyper-parameter choices for multi-patch image classification experiments.

‘ Multi-MNIST Multi-Fashion Multi-Fashion+MNIST
| LS PMTL EPO Ours | LS PMTL EPO Ours | LS PMTL EPO  Ours

step size ay | 1E-3 1E-3 1E-3  1E-3 | 1E-3 1E-3 1E-3  1E-3 | 1E-3 1E-3 1E-3  1E-3

step size vt - - 1E-4 - 1E-4 - - - 1E-4
epochs 100 100 100 100 100 100 100 100 100 100 100 100
ch - - - 0.5 - - - 0.5 - - - 0.5

We use the Pymoo 0.6.1 library to compute the hypervolume. The Nadir points, i.e., the worst
performance on single task baselines, used for the hypervolume computation are given in Table 9. For
a fair comparison, the Nadir points we use are the same with [33] inferred from Figure 4 in the paper.

Table 9: Nadir points for the hypervolume computation

Dataset and metrics | Nadir points, metrics on objective [1,.. ., M]
Multi-MNIST loss [0.500, 0.450]

Multi-Fashion loss [0.840, 0.800]

Multi-F+M loss [0.625, 0.575]

Multi-MNIST accuracy [0.830, 0.848]

Multi-Fashion accuracy [0.840, 0.800]

Multi-F+M accuracy [0.790, 0.785]

Emotion loss [0.551, 0.636, 0.690, 0.539, 0.603, 0.570]

Multi-lingual speech recognition. We use two datasets, Librispeech and AISHELL v1. Librispeech
is an English speech dataset that consists of 960 hours of labeled audio data. For our experiments, we
use the "train-clean-100" subset of the Librispeech dataset for supervised training, which contains
100 hours of clean training data. Additionally, we use the full 960 hours of data for self-supervised
training. AISHELL vl is a 178-hour Mandarin speech corpus designed for various speech and speaker
processing tasks. We use the full AISHELL v1 dataset for both self-supervised and supervised training.
We combine these two datasets for our multi-lingual speech recognition experiments.

We use the conformer [ 18] model with 8 conformer blocks as the encoder. Each block contains 512
hidden units and 8 attention heads. Each attention head has dimension 64. The convolutional kernel
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Figure 8: Synthetic experiment results with Algorithm 2.

size is 31. Two classification heads are used. They contain two linear layers, one with 1000 output
size for English, and another with 5000 output size for Chinese.

The loss functions we use include the Con-

trastive Predictive Coding (CPC) loss, and < 24

the Connectionist Temporal Classification o Lo

(CTC) loss. The CPC loss [35] is a self- o 12

supervised loss to learn robust representa- Zj _ o8

tions from unlabeled speech data. The CPC o / »

loss is designed to maximize the probabil- wd o

ity of a future sample given a contextual J0 0z 04 0s os 1o A o0 02 04 ve on 10 i
representation generated from the current . i

(a) Without scale (b) With scale

speech sequence. The CTC loss is defined
as the negative log-likelihood of the model Figure 7: Scale invariance verification.
parameter given the input sequence and the

label sequence.

For all methods including the baselines, we use the step sizes a1 = 5 X 10~ for training backbone
conformer parameters and ;5 = 5 x 107> for training classification head parameters. The step size
~¢ = 0.1 and the parameter c;, = 0.5.

H.2 Additional experiment results

Synthetic data. We conduct several additional experiments on the synthetic objectives to further
verify our theory. First, we conduct all the experiments on the synthetic objectives reported in the
main text, using the single-loop approximate algorithm described in Algorithm 2. The results are
plotted in Figure 8. The hyperparameters are the same unless otherwise specified.

From Figure 8a, we can see that Algorithm 2 with a one-step approximate update of \; also leads
to convergence and preference alignment. However, different from the results obtained by exactly
solving for A*(6,) at each iteration, the models on the optimization trajectories do not align exactly
with the preference. Similar observations can be found in Figure 8b. In Figure 8c, which is a difficult
case due to the initialization, A = I; does not work since it does not incorporate more general
relative preference to allow controlled ascent update. This is addressed in Figure 8d, where a general
A (the same as in prior experiments) is used. Compared with exactly solving for A*(6;) at each
iteration, the approximate algorithm takes more iterations to converge, but has smaller per-iteration
complexity, and smaller total time complexity.

Table 10: Summary of hyper-parameters for the synthetic data experiments in Figure 8.

| Figure 8a  Figure 8b  Figure 8c  Figure 8d

step size ay 0.10 0.06 0.15 0.15
max iterations 100 100 250 250
ch 6 6 0.1 0.1

We conduct another experiment to verify that the scale invariance can be preserved. We use the same
objective as above, but scale the second one by 2. We use a fixed initialization 6 = 0.3-[1,, /25— 1y /2]
for this experiment. The other hyperparameters are the same as the default. We use both F'(6y) and
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F(0) as the reference points and choose By, such that By, (F(6y) — F(0)) = 0. Results in Figure 7
show that for different scales, the trajectory and the converging solution are the same.
V.20 1 +EPO
——PMTL
—%—Ours
T Baseline

0.20 4
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Relative loss profile
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Figure 9: Relative loss profile for all methods on Emotions and Music dataset.

Table 11: Summary of hyper-parameter choices for emotion recognition experiments.
‘ LS PMTL EPO Ours

step size a; | 1E-3 1E-3 1E-3 1E-3

step size ¢ - - - 1E-4
batch size 50 50 50 50

epochs 200 200 200 200

Table 12: Summary of average run time in seconds (s) or minutes (m) and number of iterations or
epochs of different methods on different datasets. We use Algorithm 1 for the synthetic experiments,
and Algorithm 3 for the other two experiments.

Datasets | Metrics | LS PMTL EPO FERERO
Synthetic, Figures 3(a-c) Iterations 100 100 60 10
Per-iteration run time | 3.50E-4s 7.67E-4s 4.93E-3s  7.50E-4s
Total run time 0.035s 0.0767s 0.296s 0.0075s
Synthetic, Figures 3(d-f) Iterations 100 200 80 200
Per-iteration run time | 3.10E-4s  7.65E-4s 4.93E-3s  7.30E-4s
Total run time 0.031s 0.153s 0.394s 0.146s
Multi-MNIST/Fashion/F+M Epochs 100 100 100 100
Per-epoch run time 3.54s 11.88s 9.66s 7.02s
Total run time 5.9m 19.8m 16.1m 11.7m
Emotion Epochs 200 200 200 200
Per-epoch run time 9.5E-3s 0.496s 0.238s 0.039s
Total run time 1.9s 99.1s 47.6s 7.70s

Emotion recognition. The task is to predict 6 types of emotions from 593 songs based on the Telle-
gen Watson-Clark model of affect. The 6 emotions include: amazed-surprised (E1), happy-pleased
(E2), relaxing-calm (E3), quiet-still (E4), sad-lonely (ES), and angry-fearful (E6). Following [30], we
use the fully connected neural network with 4 layers as the model architecture. The Sigmoid cross
entropy loss is used as the objective for each task. And 10 preference vectors are generated uniformly.
The hyperparameters used in this experiment are summarized in Table 11.

The results on the relative loss profile (RLP) are reported in Figure 9. Results show that all methods,
including LS, work similarly well. EPO achieves the highest hypervolumes, and our proposed
approach obtains the second-best hypervolumes. One reason could be that the Pareto front in this
problem is convex.
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: Code is available at https://github.com/lisha-chen/FERERO/.

. Experimental Setting/Details

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

Answer: [Yes]
Justification: See Section 5 and Appendix H.

. Experiment Statistical Significance

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

Answer: [Yes]

Justification: See Section 5. We use the standard deviations as the error bars for all experi-
ments except the speech recognition experiments since the speech recognition experiments
take much longer time to run.

. Experiments Compute Resources

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

Answer: [Yes]
Justification: See Section 5 and Appendix H.
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10.

11.

12.

13.

14.

15.

. Code Of Ethics

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

Answer: [Yes]
Justification: We preserve anonymity.
Broader Impacts

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

Answer: [Yes]
Justification: See the end of the main paper in the Broader impacts and limitations section.
Safeguards

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

Answer: [NA]
Justification: the paper poses no such risks.
Licenses for existing assets

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

Answer: [Yes]
Justification: See Section 5 and Appendix H.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: the paper does not release new assets.
Crowdsourcing and Research with Human Subjects

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

Answer: [NA]
Justification: the paper does not involve crowdsourcing nor research with human subjects.

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

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

Answer: [NA]

Justification: the paper does not involve crowdsourcing nor research with human subjects

44


https://neurips.cc/public/EthicsGuidelines

	Introduction
	Problem Setup and A Meta Algorithm
	Problem setup and preliminaries
	Find the preference-guided direction
	A meta algorithm for preference-guided multi-objective learning

	Efficient Algorithm Development
	Single-loop approximate algorithm
	Choice of relative preferences

	Related Works
	Experiments
	Synthetic data
	Real data

	Conclusions
	
	 
	Notations
	Related Works and Comparison
	Extended discussion of related works
	A detailed comparison with existing works

	Preliminaries
	General cone-induced partial ordering
	Necessary and sufficient conditions for C-optimality

	Proof of Auxiliary Lemmas
	Lagrangian of the subprogram
	First-order necessary optimality conditions
	Properties of PMOL
	Proof of Lemma 1: properties of the subprogram
	Proof of Lemma 2: calmness of PMOL


	Proof of Theorem 1: convergence of Algorithm 1
	Auxiliary lemmas
	Proof of Theorem 1

	Proof of Theorems 2 and 3: convergence of Algorithm 2
	Auxiliary lemmas
	Analysis with the same merit function: proof of Theorem 2
	Sharper analysis with a different merit function: proof of Theorem 3

	Stochastic Algorithms
	Algorithm summary
	Proof of Theorem 4: convergence of Algorithm 3

	Implementation Details and Additional Experiment Results
	Implementation details
	Additional experiment results



