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Inspired by the impact of the Goemans-Williamson algorithm on combinatorial optimization, we construct an

analogous relax-then-round strategy for low-rank optimization problems. First, for orthogonally constrained

quadratic optimization problems, we derive a semidefinite relaxation and a randomized rounding scheme that

obtains provably near-optimal solutions, building on the blueprint from Goemans and Williamson for the

Max-Cut problem. For a given n×m semi-orthogonal matrix, we derive a purely multiplicative approximation

ratio for our algorithm, and show that it is never worse than max(2/(πm),1/(π(log(2m)+1))). We also show

how to compute a tighter constant for a finite (n,m) by solving a univariate optimization problem. We then

extend our approach to generic low-rank optimization problems by developing new semidefinite relaxations

that are both tighter and more broadly applicable than those in prior works. Although our original proposal

introduces large semidefinite matrices as decision variables, we show that most of the blocks in these matrices

can be safely omitted without altering the optimal value, hence improving the scalability of our approach.

Using several examples (including matrix completion, basis pursuit, and reduced-rank regression), we show

how to reduce the size of our relaxation even further. Finally, we numerically illustrate the effectiveness and

scalability of our relaxation and sampling scheme on orthogonally constrained quadratic optimization and

matrix completion problems.
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1. Introduction

Many important optimization problems feature semi-orthogonal matrices, i.e., matrices U ∈Rn×m

such that U⊤U = Im. Orthogonality constraints force the columns of U to be orthogonal and unit

length, and are central to quadratic assignment (Gilman et al. 2022), quantum nonlocality (Briët

et al. 2011), control theory (Ben-Tal and Nemirovski 2002), and sparse PCA (Cory-Wright and

Pauphilet 2022) problems. The set of semi-orthogonal matrices is often called the Stiefel manifold

(Gilman et al. 2022, Burer and Park 2024). Orthogonality constraints are also related to the rank of

a matrix, which models a matrix’s complexity in imputation (Bell and Koren 2007), factor analysis

(Bertsimas et al. 2017), and multi-task regression (Negahban and Wainwright 2011) settings.
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For any semi-orthogonal matrix U ∈Rn×m :U⊤U = Im, the matrix Y :=UU⊤ is an orthogonal

projection matrix of rank m, i.e., it satisfies Y 2 = Y . Moreover, for any symmetric orthogonal

matrix U ∈ Sn, the matrix Y = 1
2
U + 1

2
In is a projection matrix. Building on the algebraic sim-

ilarities between binary variables and projection matrices (which solve the polynomial equations

z2 = z and Y 2 = Y ), efficient approaches for mixed-integer optimization have been extended to

rank-constrained optimization problems, including outer approximation (Bertsimas et al. 2022),

perspective relaxations (Bertsimas et al. 2023c), and branch-and-bound (Bertsimas et al. 2023b).

In mixed-integer optimization, a major advance in the design of approximation algorithms oc-

curred with the relax-and-round algorithm of Goemans and Williamson (1995). For Max-Cut prob-

lems, Goemans and Williamson (1995) propose a randomized rounding algorithm that achieves

a constant factor approximation guarantee of 0.87856. The theoretical and computational suc-

cess of Goemans and Williamson (1995)’s algorithm has had implications far beyond Max-Cut.

Their algorithm provides a 2/π-approximation for general binary quadratic optimization (BQO)

problems (Nesterov 1998), and can be extended to linearly-constrained BQO problems (Bertsimas

and Ye 1998). More recently, Dong et al. (2015) developed a sampling scheme à la Goemans and

Williamson for a broad class of mixed-integer optimization problems with logical constraints. Con-

ceptually, the Goemans-Williamson algorithm propelled semidefinite optimization and correlated

rounding at the core of approximation algorithms for combinatorial optimization (see Wolkowicz

et al. 1998, Williamson and Shmoys 2011).

The objective of this paper is to extend the core ideas underpinning the Goemans-Williamson

algorithm to quadratic semi-orthogonal and rank-constrained optimization problems by leveraging

the connection between binary and low-rank optimization as explored in (Bertsimas et al. 2022).

1.1. Binary Quadratic Optimization and the Goemans-Williamson Algorithm

Binary quadratic optimization (BQO) is a canonical optimization problem with numerous appli-

cations throughout machine learning, statistics, and quantum computing (see Luo et al. 2010, for

a review). As we discuss in detail in Section EC.1.1, it also serves as an important building block

for logically constrained optimization problems with quadratic objectives. Formally, given a matrix

Q⪰ 0, BQO selects a vector z in {−1,1}n that solves

max
z∈{−1,1}n

∑
i,j

Qi,jzizj = max
z∈{−1,1}n

⟨Q,zz⊤⟩, (1)

where ⟨·, ·⟩ denotes the Frobenius inner product between matrices. Problem (1) is NP-hard and

often challenging to solve to certifiable optimality when n≥ 100 (Rehfeldt et al. 2023). Accordingly,
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a popular approach for obtaining near-optimal solutions is to sample from a distribution parame-

terized by the solution of (1)’s convex relaxation. Specifically, we introduce a rank-one matrix Z

to model the product zz⊤. Then, (1) is equivalent to

max
Z∈Sn

+

⟨Q,Z⟩ s.t. diag(Z) = e, rank(Z) = 1.

We obtain a valid semidefinite relaxation of (1) by relaxing the rank constraint, as in Shor (1987):

max
Z∈Sn

+

⟨Q,Z⟩ s.t. diag(Z) = e. (2)

Probabilistically speaking, (2) is a device for constructing a pseudodistribution over z ∈ {−1,1}n,

which aims to match the first two moments of the distribution of optimal solutions to the original

binary quadratic problem (d’Aspremont and Boyd 2003, Barak et al. 2014). This suggests to

sample from a distribution parameterized by the relaxed solution and round to restore feasibility,

as proposed by Goemans and Williamson (1995) for Max-Cut and described in Algorithm 1.

Algorithm 1 The Goemans-Williamson rounding algorithm for Problem (1)

Require: Positive semidefinite matrix Q∈ Sn
+

Compute Z⋆ a solution of (2)

Sample y∼N (0,Z⋆)

Construct ẑ ∈ {−1,1}n : ẑi := sign(yi)

return ẑ a solution to Problem (1)

The overall idea of Algorithm 1 is that the projection step (i.e., taking the coordinate-wise sign

of y) aims to match the second moment of the distribution of y, E[yy⊤] =Z⋆. Precisely, we have

E [ẑẑ⊤]⪰ 2
π
Z⋆ (see Nesterov 1998, Bertsimas and Ye 1998). This inequality implies a 2/π-factor

guarantee for BQO when Q⪰ 0. By further assuming that Q is the Laplacian matrix of a graph,

Goemans and Williamson (1995) obtain a tighter constant of 2
π
min0≤θ≤π

(
θ

1−cosθ

)
= 0.87856 . . ..

1.2. Problem Setting

In this work, we generalize Algorithm 1 to address orthogonally and rank-constrained problems.

We first consider a general family of orthogonally constrained quadratic problems that subsumes

binary quadratic optimization. Formally, we find m orthogonal vectors ui ∈Rn which solve

max
ui∈Rn, i∈[m]

m∑
i,j=1

u⊤
i A

(i,j)uj s.t. u⊤
i uj = δi,j, ∀i, j ∈ [m], (3)

where A(i,j) ∈Rn×n and δi,j = 1 if i= j and 0 otherwise is the Kronecker delta indicator variable,

A ∈ Snm
+ is a semidefinite matrix with block matrices A(i,j), and we require n ≥m so that the
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problem is feasible. By introducing the semi-orthogonal matrix U ∈Rn×m whose columns are the

vectors ui, we can write our problem as

max
U∈Rn×m

⟨A,vec(U)vec(U)⊤⟩ s.t. U⊤U = Im, (4)

where the vec(·) operator stacks the columns of U together into a single vector.

The similarities between Problems (4) and (1) are striking: For example, we can formulate any

BQO instance (1) as a special case of Problem (4) by defining ui = ziei and A(i,j) =Qi,jeie
⊤
j (see

Section EC.2 for a detailed reduction). From a worst-case complexity perspective, Problem (4) is

thus NP-hard by reduction from Max-Cut, as formally proven by Lai et al. (2025, Theorem 3.1).

However, while Problem (4) arises in a wide variety of problem settings, including clustering,

quantum non-locality, or generalized trust-region problems (see Burer and Park 2024, and references

therein), our prime motivation for studying Problem (4) in this paper is that it appears as a relevant

substructure for rank-constrained quadratic optimization problems of the form

min
X∈Rn×m

λ · rank(X)+
〈
vec(X⊤)vec(X⊤)⊤,H

〉
+ ⟨D,X⟩ s.t. rank(X)≤ k, (5)

in much the same way as BQO appears as a relevant substructure for logically constrained quadratic

optimization problems (see Section EC.1). Problem (5) with λ ≥ 0, H ∈ Snm
+ , and D ∈ Rn×m

includes matrix completion (Candès and Recht 2009) and reduced rank regression (Negahban and

Wainwright 2011) as special cases.

In this paper, inspired by the Goemans-Williamson algorithm for BQO, we develop a relax-

then-round strategy with a multiplicative-factor performance guarantee for Problem (4). To our

knowledge, our algorithm is the first rounding mechanism with an approximation guarantee for

this problem. Then, we extend our semidefinite relaxations and rounding mechanism to rank-

constrained problems of the form (5). Regarding our semidefinite relaxations, unlike prior work

(e.g., Kim et al. 2022, Bertsimas et al. 2023c, Li and Xie 2024) they do not require the presence

of a spectral term in the objective of (5) (i.e., a term that only depends on the singular values of

X) and are thus more broadly applicable, for instance to unregularized matrix completion.

1.3. Related Work

We now review the relevant literature on orthogonally constrained quadratic optimization.

Burer and Park (2024) develop a hierarchy of semidefinite relaxations for Problem (4). To evalu-

ate the tightness of their relaxations numerically, they apply several ‘feasible rounding procedures’

to generate feasible solutions, but do not provide any theoretical performance guarantee for these

heuristics. In contrast, we develop a randomized rounding procedure and show it achieves a mul-

tiplicative factor guarantee, which is independent of the ambient dimension n and only decreases
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as 1/ logm. As a non-convex quadratic optimization problem, Problem (4) can be solved to prov-

able optimality via global solvers such as Gurobi or BARON, or custom branch-and-bound schemes

(Bertsimas et al. 2023b). However, the scalability of these global solvers is currently limited by the

size of computer chips.

Special Cases: A larger body of work considers a special case of Problem (4), where the matrix

A is block-diagonal, namely A(i,j) = 0 if i ̸= j. In this case, Problem (4) reduces to

max
U∈Rn×m

∑
i∈[m]

u⊤
i A

(i,i)ui s.t. U⊤U = Im, (6)

which is referred to as the sum of heterogeneous quadratic forms or the heterogeneous PCA prob-

lem. Indeed, when all the matrices A(i,i) are equal, we recover the Principal Component Analysis

(PCA) problem. Bolla et al. (1998, section 5) solve Problem (6) in polynomial time via linear

algebra techniques when the matrices A(i,i) are diagonal or commute with each other. For general

matrices, Gilman et al. (2022) further tailor the semidefinite relaxations of Burer and Park (2024).

Although tighter, they numerically show that their relaxations are not always tight. Indeed, for

some instances, they even obtain optimality gaps higher than 100%. We are not aware of any

approximation algorithms with guarantees for general (non-diagonal) instances of Problem (6).

Approximation Algorithms: To our knowledge, existing approximation algorithms do not apply

to Problem (4) exactly, but to optimization problems with different orthogonality structures. Briët

et al. (2010) propose an approximation algorithm for problems of the form

max
U∈Rn×m

∑
i,j∈[m]

Ai,ju
⊤
i uj s.t. u⊤

i ui = 1 ∀i∈ [m], (7)

which also subsumes BQO (for n = 1), but does not enforce orthogonality between the columns

of U . They devise a relax-and-round strategy analogous to Goemans-Williamson that achieves an

approximation ratio of 2/π+Θ(1/n). A second line of work (Nemirovski 2007, So 2009) proposes

O(1/ log(n+m))-approximation algorithms for quadratic optimization problems over matrices U

that satisfy U⊤U ⪯ Im. In other words, to problems where the largest singular value of U , σmax(U),

is at most one. This constraint does not ensure that the columns of U are orthogonal, nor that they

are of norm 1. Nonetheless, Nemirovski (2007) shows that, in several cases such as the orthogonal

Procrustes or quadratic assignment problems, orthogonality constraints U⊤U = Im can be relaxed

into U⊤U ⪯ Im without loss of optimality. Finally, Bandeira et al. (2016) study approximation

algorithms for problems of the form

max
Ui∈Rn×m,i=1,...,k

∑
i,j∈[k]

⟨A(i,j),U⊤
i Uj⟩ s.t. U⊤

i Ui = Im ∀i∈ [k]. (8)

Unfortunately, Problem (8) is not equivalent to (4) and the proof techniques in the aforementioned

works do not extend to our case. There are two key differences in the objective function of (8).
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Compared to (4), Problem (8) involves the inner -products between columns of different semi-

orthogonal matrices Ui, Ui′ for i ̸= i′. On the other hand, the objective in (4) depends on outer -

products between columns of the same matrix U . In particular, we can restore feasibility for each

matrix Ui, i = 1, . . . , k in (8) separately, while the columns of U in (4) need to be considered

together. In particular, heterogeneous PCA is a special case of (4) but cannot be cast as a problem

of the form (8).

1.4. Contributions and Structure

Our main contribution is the development of a Goemans-Williamson sampling algorithm for the

class of semi-orthogonal problems (4) and its extension to rank-constrained optimization.

We begin by studying approximation algorithms for Problem (4) in Section 2. We derive a

semidefinite relaxation and propose a sampling procedure to generate high-quality feasible so-

lutions. We show that our algorithm achieves a purely multiplicative approximation guarantee

(Theorems 1–2) for Problem (4), with a constant that scales as O(1/ logm). We also identify a

class of problem instances (Proposition 2) for which our algorithm cannot achieve a performance

guarantee better than O(1/ logm). In comparison, we show that sampling feasible solutions uni-

formly at random achieves a 1/nm approximation ratio. Notably, our approximation ratio does

not depend on the ambient dimension n.

We then extend our approach to low-rank optimization problems in Section 3. To facilitate

this extension, we first derive new Shor relaxations for low-rank optimization problems. Unlike

prior works (Recht et al. 2010, Bertsimas et al. 2023c, Kim et al. 2022, Li and Xie 2024), our

relaxations do not require a spectral or permutation-invariant term in the objective or constraints.

Conscious that these relaxations involve a number of additional semidefinite variables that may be

prohibitively large in practice, we show how to eliminate many of these variables in the relaxation

without altering its optimal value (Theorem 3). Finally, we describe a sampling algorithm to

generate high-quality solutions from this relaxation. As low-rank optimization is strongly NP-hard

(Gillis and Glineur 2011), our theoretical polynomial-time approximation guarantees derived in

Section 2 cannot be generalized to this broader class of problem.

To illustrate our approach, we apply our Shor relaxation to three prominent low-rank optimiza-

tion problems in Section 4. In particular, we show how to exploit further problem structure and

eliminate more variables from our relaxations, making our new relaxation more scalable.

Finally, in Section 5, we numerically benchmark our convex relaxations and randomized rounding

schemes on quadratic semi-orthogonal and low-rank matrix completion problems.
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1.5. Notation

We let nonbold face characters such as b denote scalars, lowercase boldfaced characters such as

x denote vectors, uppercase boldfaced characters such as X denote matrices, and calligraphic

uppercase characters such as Z denote sets. We let [n] denote the set of running indices {1, ..., n}.

The cone of n× n symmetric (resp. positive semidefinite) matrices is denoted by Sn (resp. Sn
+).

Inner products are denoted ⟨·, ·⟩, and are associated with the Euclidean norm ∥x∥ for vectors and

the Frobenius norm ∥X∥F for matrices. We also denote the spectral norm of a matrix X by ∥X∥σ.

For a matrix X ∈ Rn×m, we let xi denote its ith column and Xi,. denote a vector containing

its ith row. We let vec(X) :Rn×m→Rnm denote the vectorization operator which maps matrices

to vectors by stacking columns. For a square matrix X, diag(X) compiles the diagonal entries of

X into a vector, while Diag(x) is a square matrix with diagonal equal to x. For a matrix W ,

we may find it convenient to describe it as a block matrix composed of equally sized blocks and

denote the (i, i′) block by W (i,i′). The dimension of each block will be clear from the context,

given the size of the matrix W and the number of blocks. In particular, Im ⊗Σ with Σ ∈ Rn×n

denotes an nm× nm block-diagonal matrix whose m diagonal blocks are equal to Σ (see Gupta

and Nagar 2018, Chapter 1.2, for an introduction to the Kronecker product ⊗). With this notation,

vec(ΣX) = (Im⊗Σ) vec(X).

We let X† be the pseudoinverse of X, which is used in the Schur complement lemma (Boyd et al.

1994, Eqn. 2.41). We let Yk
n := {Y ∈ Sn

+ :Y 2 =Y , tr(Y )≤ k} denote the set of orthogonal projection

matrices with rank at most k, whose convex hull is {P ∈ Sn
+ : P ⪯ In, tr(P ) ≤ k} (Overton and

Womersley 1992, Theorem 3). Analogously, we let Yn denote the set of n×n orthogonal projection

matrices of any rank, with convex hull Conv(Yn) = {P ∈ Sn
+ : P ⪯ In}. In particular, we have

rank(Y ) = tr(Y ) for any projection matrix Y .

Finally, our sampling procedure invokes the multivariate Gaussian probability measure: we let

N (0,Σ) denote a centered multivariate normal distribution with covariance matrix Σ; see Grim-

mett and Stirzaker (2020) for an overview of the Gaussian distribution and Gupta and Nagar

(2018) for an overview of its matrix extensions.

2. A Goemans-Williamson Approach for Orthogonality Constraints

In this section, we propose a new Goemans-Williamson type approach for semi-orthogonal quadratic

optimization problems, mirroring the development of the Goemans-Williamson algorithm for BQO

in Section 1.1. First, in Section 2.1, we review a semidefinite relaxation for semi-orthogonal

quadratic optimization originally developed by Burer and Park (2024). Then, in Section 2.2, we

propose a randomized rounding scheme to generate high-quality solutions, which largely follows

the blueprint of the Goemans-Williamson strategy in BQO. We derive multiplicative performance
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guarantees for our rounding mechanism in Section 2.3. In particular, we show that our algorithm

achieves an O(1/ logm)-factor approximation for Problem (4) and that our analysis of our al-

gorithm is tight. As a benchmark, we analyze the performance of uniform rounding (achieving

(1/(nm))-factor approximation) in Section 2.4, and conclude the section by discussing potential

variants of and improvements to our rounding mechanism in Section 2.5.

The rest of the paper extends the relax-then-round scheme developed in this section from low-

rank orthogonal to low-rank quadratic optimization.

2.1. A Shor Relaxation

We study quadratic optimization over orthogonality constraints as described in Problem (4). As

reviewed in Section 1.3, Burer and Park (2024, section 2.2) derive the following semidefinite relax-

ation for Problem (4):

max
W∈Smn

+

⟨A,W ⟩ s.t. tr
(
W (j,j′)

)
= δj,j′ ∀j, j′ ∈ [m],

∑
i∈[m]

W (i,i) ⪯ In, (9)

where the matrix W encodes for the outer-product of vec(U) with itself, and the trace constraints

on the blocks of W stem from the columns of U having unit norm and being pairwise orthogonal.

Similarly to semidefinite relaxation of (1), imposing the constraint1 that W is rank-one in (9)

would result in an exact reformulation of (4). Accordingly, The relaxation (9) is tight whenever some

optimal solution is rank-one. However, the optimal solutions to (9) are often all high-rank. Actually,

it follows from manipulating the Barvinok-Pataki bound (Barvinok 2001, Pataki 1998) that there

exists2 some optimal solution to Problem (9) with rank at most n+m. However, not all optimal

solutions obey this bound; thus, we do not use this observation in our analysis. An interesting

question is how to generate a high-quality feasible solution to (4), with provable performance

guarantee, by leveraging a solution of (9), which is the focus of the rest of the section.

Note that Problem (9) corresponds to the ‘DiagSum’ relaxation of Burer and Park (2024). Burer

and Park (2024, section 2.3) derive an even stronger relaxation, which they call a ’Kronecker’

relaxation. Thus, the approximation guarantees we derive for Problem (9) directly apply if we solve

their Kronecker relaxation instead. However, we do not explicitly analyze the Kronecker relaxation

here because it is significantly less tractable (as reported in Burer and Park 2024, Table 1), and

it would not lead to a tighter order3 of approximation guarantee than the O(1/ logm) guarantee

derived here, although it could improve the semidefinite relaxation for some specific instances

(Burer and Park 2024).

2.2. A Sample-Then-Stochastically-Project Procedure

We propose a randomized rounding scheme to generate high-quality feasible solutions to (4) from

an optimal solution to (9). In the next section, we show that it attains an O(1/ logm) multiplicative

approximation factor guarantee for Problem (4).



Authors’ names blinded for peer review: Goemans-Williamson Rounding for Low-Rank Optimization
9

First, we solve (9) and obtain a semidefinite matrix W ⋆. Second, using W ⋆, we sample an

n×m matrix G such that vec(G) follows a normal distribution with mean 0nm and covariance

matrix W ⋆. Third, from the matrix G, we generate a feasible solution to (4). Specifically, we

compute a singular value decomposition of G, G=UΣV ⊤ and define Q :=UDV ⊤ where D is

a diagonal matrix such that each diagonal entry is equal to ±1, sampled independently such that

P(Di,i = 1)= (1+σi/σmax)/2, where σi is the ith singular value of G and σmax is the largest singular

value of G. We have Q⊤Q= Im because D2 = Im We summarize our procedure in Algorithm 2.

Algorithm 2 A Relax-then-Project Algorithm for Orthogonality Constrained Optimization

Require: Positive semidefinite matrix A∈ Snm
+

Compute W ⋆ a solution of (9)

Sample G according to vec(G)∼N (0nm,W
⋆)

Compute the SVD of G, G=UΣV ⊤

Sample Di,i =±1 independently such that P(Di,i = 1)= (1+σi/σmax)/2

Construct Q=UDV ⊤

return A semi-orthogonal matrix Q

We note that the normal distribution in our second step differs from the most widely used

‘matrix normal distribution’ (see, e.g., Gupta and Nagar 2018, Chapter 2) and, to the best of our

knowledge, has only been studied by Barratt (2018). In contrast with other definitions of matrix

Gaussian distributions, the entries of G in our sampling are neither independent nor identically

distributed. In our implementation of Algorithm 2, we can sample vec(G)∼N (0nm,W
⋆) even when

W ⋆ is rank-deficient via the following construction—which will also be relevant for the theoretical

analysis in Section 2.3. Denoting r = rank(W ⋆), we first construct a Cholesky decomposition of

W : W =
∑

k∈[r] vec(Bk) vec(Bk)
⊤ with Bk ∈ Rn×m. Then, we sample vec(G) =

∑
k∈[r] vec(Bk)zk

with z ∼N (0r,Ir). This procedure ensures that vec(G)∈ span(W ⋆) almost surely, and that if the

semidefinite relaxation is tight then G is optimal almost surely. In particular, if r = 1 then it is

immediate that our semidefinite relaxation is tight, and thus our rounding is exact in this case.

Second, we should comment on our procedure to obtain a feasible semi-orthogonal matrixQ from

G. Conditioned on G, we have E [D|G] =Σ/σmax, so that E [Q|G] =G/σmax. This observation will

be crucial in our theoretical analysis, enabling us to relate the second moment of the distribution

of Q to that of G, as formally stated below.

Proposition 1. Consider matrices G∈Rn×m and Q∈Rn×m generated according to Algorithm 2.

The following holds:

E
[
vec(Q)vec(Q)⊤

]
⪰E

[
vec(G)vec(G)⊤

σmax(G)2

]
. (10)
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Proof of Proposition 1 Observe that, conditioned on G, we have

Cov(vec(Q)|G) =E
[
vec(Q)vec(Q)⊤ |G

]
−E [vec(Q) |G ]E [vec(Q) |G ]

⊤ ⪰ 0,

leading to

E
[
vec(Q)vec(Q)⊤ |G

]
⪰ 1

σmax(G)2
vec(G)vec(G)⊤,

since E [vec(Q) |G ] =G/σmax(G). Taking expectation with respect to G yields (10). □

Similar to the original algorithm of Goemans and Williamson (1995), the intuition behind Al-

gorithm 2 is that the sampled matrix G achieves an average performance equal to the relaxation

value (E[⟨A,vec(G)vec(G)⊤⟩] = ⟨A,W ⋆⟩) and is feasible on average (E[G⊤G] = Im). Therefore,

the objective value of the feasible solution Q should not be too different from that of G. We

theoretically analyze the performance of our algorithm in Section 2.3.

2.3. Theoretical Analysis: Multiplicative Performance Guarantees

We now theoretically analyze the performance of Algorithm 2 in the case where the objective

matrix A in (4) is positive semidefinite.

Solutions Q generated by Algorithm 2 achieve an average performance of E [vec(Q)⊤Avec(Q)] =

⟨A,E [vec(Q) vec(Q)⊤]⟩. By Proposition 1 and the fact that A ⪰ 0, we have

⟨A,E [vec(Q) vec(Q)⊤]⟩ ≥ ⟨A,E [vec(G) vec(G)⊤/σmax(G)2]⟩. Hence, to obtain a β-multiplicative

guarantee for our algorithm, it suffices to show that E [vec(G) vec(G)⊤/σmax(G)2]⪰ βW ⋆, which

is the main focus of this section.

Our first result is an analytical multiplicative performance guarantee, which asymptotically scales

as O(1/ logm). It arises as a consequence of a Cauchy-Schwarz inequality and concentration bounds

on the largest singular value of G. Indeed, σmax(G) satisfies the following technical lemma (proof

deferred to Section EC.3.1):

Lemma 1. Consider a random matrix G ∈Rn×m sampled according to vec(G)∼N (0,W ), where

the matrix W is a feasible solution to (9). Then, the following inequality holds

E[σmax(G)2]≤min(m,2 log(2m)+ 2). (11)

Furthermore, σmax(G) satisfies the tail bounds: for any t > 0, P(σmax(G)> t)≤ 2me−t2/2.

From this technical lemma, we derive the following semidefinite relationship:

Theorem 1. The matrix G∈Rn×m generated by Algorithm 2 satisfies the inequality

E
[
vec(G)vec(G)⊤

σmax(G)2

]
⪰max

(
2

πm
,

1

π(log(2m)+ 1)

)
W ⋆. (12)
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Theorem 1 leads to a purely multiplicative performance guarantee for Algorithm 2,

E [⟨A,vec(Q)vec(Q)⊤⟩] ≥ β ⟨A,W ⋆⟩, with β = max
(

2
πm

, 1
π(log(2m)+1)

)
. Interestingly, the multi-

plicative constant is independent of the ambient dimension n, but only depends on the number of

vectors m. For small values of m, the 2/(πm) term dominates and drives the value of β (e.g., it

equals 0.636 for m= 1). Asymptotically, however, our bound scales as 1/ logm and exhibits a very

mild dependency on m. Actually, we can show that our analysis of Algorithm 2 is essentially tight

(proof of Proposition 2 deferred to Section EC.3.2)

Proposition 2. There exists a family of matrices W ⋆ ∈ Snm
+ for Algorithm 2 for which, for any

β > 0 such that E[vec(Q) vec(Q)⊤]⪰ βW ⋆, we must have β =O (1/ logm).

Proof of Theorem 1 Consider an arbitrary unit vector v ∈Rnm. From Cauchy-Schwarz, we have

that for any random variables A≥ 0,B > 0 a.s. that E[A/B]≥ E[
√
A]2/E[B]. Thus, applying this

inequality to A= (v⊤vec(G))2 and B = σmax(G)2 yields

E[(v⊤vec(G))2/σ2
max(G)]≥ E[|v⊤vec(G))|]2

E[σmax(G)2]
.

For the numerator, v⊤vec(G) ∼ N (0,v⊤W ⋆v), so, by definition of the half-normal distribution

(e.g., Grimmett and Stirzaker 2020)

E[|v⊤vec(G)|] =
√

2

π

√
v⊤W ⋆v.

For the denominator, we refer to Lemma 1, where we show that E[σmax(G)2]≤min(m,2 log(2m)+

2). Thus, we have the inequality

E[(v⊤vec(G))2/σ2
max(G)]≥ 2

πmin(m,2 log(2m)+ 2)
v⊤W ⋆v.

Combining this inequality with (10), we obtain the desired result. □

Despite its strong asymptotic behavior, for a fixed value of m, the constant in Theorem 1 can

be weak (largely because of the use of the Cauchy-Schwarz inequality). To get a more accurate

estimate of the performance of Algorithm 2, we now derive tighter bounds that can be computed

numerically.

Theorem 2. Let G∈Rn×m be a Gaussian matrix generated by Algorithm 2. Then, the matrix G

satisfies the inequality:

E
[
vec(G)vec(G)⊤

σmax(G)2

]
⪰ βn,mW

⋆, (13)

with

βn,m := min
λ∈[0,1]

∫ ∞

0

(
1+2tm

1−λ

nm− 1

)−(nm−1)/2

(1+2tmλ)−3/2dt. (14)

In particular, the constant βn,m satisfies the following properties:
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Table 1 Values of the approximation factor from Theorems 1 and 2 for some values of n and m.

Theorem 1
βn,m (Theorem 2)

m n= 5 n= 10 n= 15 n=∞
1 0.636620 0.735264 0.706972 0.697920 0.680415
2 0.318310 0.353486 0.346734 0.344533 0.340208
3 0.212207 0.232640 0.229689 0.228720 0.226805
4 0.159155 0.173367 0.171721 0.171179 0.170104
5 0.127324 0.138164 0.137116 0.136770 0.136083
10 0.079662 — 0.068299 0.068213 0.068042
15 0.072323 — — 0.045437 0.045361

(a) For any integer m, βn,m is non-increasing in n. Moreover, it is non-increasing in m for any fixed

n wherever βn,m exists (n≥m)

(b) For any integer m, we have βn,m→ β∞,m as n→∞ with

β∞,m := min
λ∈[0,1]

∫ ∞

0

e−tm(1−λ) (1+2tmλ)−3/2dt = min
λ∈[0,1]

EX∼χ2
1

[
X

m(1−λ)+mλX

]
.

(c) For m= 1, βn,1 is optimal, since there exists a covariance matrix W ⋆ satisfying (13) at equality.

Compared with Theorem 1, the value of the constant in Theorem 2 is primarily computational. By

solving numerically the one-dimensional minimization problem in λ, it provides tighter estimates of

the performance of our algorithm, especially for small values of m, as reported in Table 1. While the

guarantee from Theorem 1 is independent of n, the constant βn,m in Theorem 2 is monotonically

decreasing with n, obtaining stronger performance guarantees for finite values of n.

However, we should acknowledge that β∞,m does not scale as Θ(1/ logm) for large values of m,

and thus is asymptotically weaker than Theorem 1 (actually, Remark EC.3 identifies a class of

matrices W ⋆ for which βn,m ≤ 1/m). We can further strengthen Theorem 2 and view βn,m as a

special case of an even tighter bound (Theorem EC.1), which recovers the asymptotic scaling of

Theorem 1. For the sake of exposition, we only present Theorem 2 in the main paper. We present

and prove the more general result (Theorem EC.1) in the Electronic Companion. Theorem 2 follows

immediately as a special case.

2.4. Benchmark: Uniform Sampling

To evaluate the performance of Algorithm 2, it is interesting to compare its performance to a naive

baseline where we draw Q uniformly from the set of semi-orthogonal matrices i.e., sample Q from

the Haar measure (Meckes 2019). Note that this is analogous to generating i.i.d. Bernoulli vectors

in binary quadratic optimization, which achieves a 1/2 approximation ratio in the Max-Cut case:

Proposition 3. Let Q∈Rn×m be distributed uniformly over {U ∈Rn×m : U⊤U = Im}. We have

E[⟨A,vec(Q)vec(Q)⊤⟩] ≤ max
U∈Rn×m:U⊤U=Im

⟨A,vec(U)vec(U)⊤⟩ ≤ nmE[⟨A,vec(Q)vec(Q)⊤⟩].
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Proposition 3 implies that taking Q to be uniformly distributed gives a 1/(nm)-factor approxima-

tion algorithm for Problem (4). This is a significantly worse multiplicative term than Theorems 1

and 2 for Algorithm 2.

Proof of Proposition 3 By optimality, Q being feasible for (4),

⟨A,vec(Q)vec(Q)⊤⟩ ≤ max
U∈Rn×m:U⊤U=Im

⟨A,vec(U)vec(U)⊤⟩,

which leads to the first inequality.

Furthermore,

max
U∈Rn×m:U⊤U=Im

⟨A,vec(U)vec(U)⊤⟩ ≤ max
u∈Rnm:∥u∥2=m

⟨A,uu⊤⟩=mλmax(A)≤m tr(A).

To conclude, observe that since Q is distributed according to the Haar measure, we have E[qiq
⊤
i ] =

1
n
In and E[qiq

⊤
j ] = 0 for i ̸= j (cf. Meckes 2019). Therefore, we have E[vec(Q)vec(Q)⊤] = 1

n
Inm and

E[⟨A,vec(Q)vec(Q)⊤⟩] = 1
n
tr(A). □

Remark 1. Proposition 3’s upper bound is tight for uniform rounding. Indeed, if A is an identity

matrix, then any uniformly sampled Q is optimal and the left inequality is tight. Moreover, if A is a

matrix such that A
(i,j)
i,j = 1 for i, j ∈ [m] and A

(i,j)
l1,l2

= 0 for l1 ̸= i or l2 ̸= j otherwise, then tr(A) =m

and an optimal choice of U is Ui = ei, giving both maxU∈Rn×m:U⊤U=Im⟨A,vec(U)vec(U)⊤⟩=m2

and nmE[⟨A,vec(Q)vec(Q)⊤⟩] =m2. This corresponds to a family of instances of increasing size

for which our bound on uniform rounding is tight.

In Section EC.5 of the online supplement, we augment the discussion in this section by deriving

a second benchmark algorithm inspired by deflation algorithms in the sparse principal compo-

nent analysis literature, and show that it attains a 1/m2 guarantee, which improves on the 1/nm

guarantee of uniform rounding for n≫m, but is worse than Algorithm 2. As deflation is more

complicated to design and analyze than uniform rounding but simpler than Algorithm 2, we have

demonstrated a clear trade-off between the difficulty of designing and analyzing an algorithm and

the quality of the worst-case guarantee.

2.5. Discussion: Algorithm Variants

We conclude this section by discussing alternative rounding strategies from our relaxation (9).

Algorithm 2 can be interpreted as a two-step generalization of the randomized rounding scheme

of Goemans and Williamson (1995), where we sample a large multivariate normal vector vec(G)∼

N (0,W ⋆) and generate a feasible semi-orthogonal matrix Q from G. Interestingly, our algorithm

introduces an additional source of randomness in the generation of Q (hence, the qualification

‘two-step’), which is key for guaranteeing a relationship between the second moment of vec(Q) and

vec(G) as derived in Equation (10).
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Alternatively, we could have taken D= Im in Algorithm 2, i.e., define Q as the projection (with

respect to the Frobenius norm) of G onto the space of semi-orthogonal matrices. However, with

this deterministic construction, Equation (10) may not hold. Indeed, consider the counterexample

with n= 4,m= 2 and

(W ⋆)(1,1) =Diag

0.025
0.177
0.263
0.535

 , (W ⋆)(1,2) =Diag

−0.0429790.229513
0.201629
−0.388163

 , (W ⋆)(2,2) =Diag

0.076
0.300
0.159
0.465

 ,

Averaging over 200 repetitions with 25000 Gaussian samples per repetition, we obtain a 95%

confidence interval on λmin of the form λmin

(
E
[
vec(Q)vec(Q)⊤− vec(G)vec(G)⊤

σmax(G)2

])
= −0.0154 ±

0.000025< 0

Our rounding procedures sample Di,i ∈ {±1} at random, in particular, without taking into

account the downstream objective vec(Q)⊤Avec(Q). Instead, we could also optimize the diagonal

entries of D to explicitly maximize the objective, by solving a binary quadratic optimization

problem. Doing so would give a solution at least as good as the one obtained via a random sampling,

at the expense of solving a BQO problem with m variables, which might be practically feasible for

moderate values of m.

3. New Relaxations and Sampling for Low-Rank Optimization Problems

In this section, we generalize our Goemans-Williamson algorithm for semi-orthogonal quadratic op-

timization (Algorithm 2 in Section 2) to generic rank-constrained optimization. For readers familiar

with the mixed-integer literature, our overall approach mirrors the extension of the Goemans-

Williamson rounding for BQO to logically constrained optimization, as reviewed in Section EC.1.

We proceed in three steps: First, we derive new Shor relaxations for rank-constrained optimiza-

tion problems (§3.1). Unlike prior work (Recht et al. 2010, Bertsimas et al. 2023c, Kim et al. 2022,

Li and Xie 2024), our relaxations do not require the presence of a spectral or permutation-invariant

term in the objective or constraints. Interestingly, we show that many of the variables in our Shor

relaxations can be omitted without altering the objective value, leading to a more compact and

tractable formulation. Compared with Bertsimas et al. (2023c), we show that our new relaxations

are stronger and more broadly applicable. Second, we discuss how our common ideas in logically

constrained optimization, such as RLT, can be generalized to our context and further strengthen

our relaxation (§3.2). Finally, we describe a sampling algorithm for these problems in §3.3.

3.1. A New Shor Relaxation and Its Compact Formulation

We study a quadratic low-rank optimization problem with linear constraints, which encompasses

low-rank matrix completion (Candès and Recht 2009), and reduced rank regression (Negahban
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and Wainwright 2011) problems among others; see Bertsimas et al. (2022) for a review of low-rank

optimization. Formally, we study the problem:

min
Y ∈Yk

n

min
X∈Rn×m

⟨C,Y ⟩+
〈
vec(X⊤)vec(X⊤)⊤,H

〉
+ ⟨D,X⟩ (15)

s.t. ⟨Ai,X⟩ ≤ bi ∀i∈ I, X =Y X,

where H ∈ Snm
+ ,C ∈ Sn

+ are positive semidefinite matrices, D ∈ Rn×m is a rectangular matrix,

and I denotes the index set of constraints. As demonstrated in Bertsimas et al. (2022), any rank-

constrained optimization problem of the form (5) can be formulated as an optimization over (X,Y )

of the form (15), where the additional decision variable Y is a projection matrix which encodes the

span of X and whose trace bounds rank(X). Here, we write vec(X⊤) rather than the mathemati-

cally equivalent vec(X) to simplify the notation in our relaxations. Since there exists a permutation

matrix Kn,m ∈Rnm×nm such that vec(A⊤) =Kn,m vec(A) for any A ∈Rn×m (Kn,m is also called

a commutation matrix, see Magnus and Neudecker 1979), both formulations are equivalent.

Problem (15) is quite a general formulation. It models matrix completion objectives like∑
(i,j)∈Ω(Xi,j −Ai,j)

2 (as we detail in Section 4.1) and optimal power flow terms like Xi,jXk,l. As

a result of this generality, it is also challenging to solve.

We now develop a convex relaxation of (15). We remark that previous works on developing low-

rank relaxations like Bertsimas et al. (2023c), Kim et al. (2022) require a spectral or permutation

invariant term in the objective to develop a valid convex relaxation, hence do not apply to (15).

Thus, designing a computationally tractable convex relaxation for (15) is arguably an open problem.

Following the Shor relaxation blueprint, we introduce matrices Wx,x, Wx,y, Wy,y to model the

outer products vec(X⊤)vec(X⊤)⊤, vec(X⊤)vec(Y )⊤, and vec(Y )vec(Y )⊤ respectively.

Proposition 4. The convex semidefinite optimization problem

min
Y ∈Sn

+ :Y ⪯I, tr(Y )≤k

Wy,y∈Sn2

+

min
X∈Rn×m : ⟨Ai,X⟩≤bi,i∈I

Wx,x∈Snm
+ ,Wx,y∈Rnm×n2

⟨C,Y ⟩+ ⟨Wx,x,H⟩+ ⟨D,X⟩

s.t.

 1 vec(X⊤)⊤ vec(Y )⊤

vec(X⊤) Wx,x Wx,y

vec(Y ) W⊤
x,y Wy,y

⪰ 0,

n∑
i=1

W (i,i)
y,y =Y ,

n∑
i=1

W (i,i)
x,y =X⊤

(16)

is a valid convex relaxation of Problem (15).

Remark 2. If an optimal solution to (16) is such that Wx,x is a rank-one matrix then Wx,x =

vec(X⊤)vec(X⊤)⊤ and the optimal values of (16) and (15) coincide.

Proof of Proposition 4 Fix (X,Y ) in (15) and set

(Wx,x,Wx,y,Wy,y) := (vec(X⊤)vec(X⊤)⊤,vec(X⊤)vec(Y )⊤,vec(Y )vec(Y )⊤).
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It is sufficient to verify that (X,Y ,Wx,x,Wx,y,Wy,y) is feasible for (16)—it obviously attains the

same objective value. First, by construction, the semidefinite constraint is satisfied (at equality).

Moreover, we have

Y Y ⊤ =Y =⇒
n∑

i=1

W (i,i)
y,y =Y ,

X⊤Y ⊤ =X⊤ =⇒
∑
i∈[n]

W (i,i)
x,y =X⊤.

□

Unfortunately, (16) is not compact and involves n2 × n2 and nm× nm matrices. Therefore, a

natural research question is whether it is possible to eliminate any variables from (16) without

altering its optimal objective value. We answer this question affirmatively.

Theorem 3. Problem (16) is equivalent to

min
Y ∈Sn

+ :Y ⪯I, tr(Y )≤k
min

X∈Rn×m : ⟨Ai,X⟩≤bi, i∈I
Wx,x∈Snm

+

⟨C,Y ⟩+ ⟨Wx,x,H⟩+ ⟨D,X⟩

s.t. Wx,x ⪰ vec(X⊤)vec(X⊤)⊤,(∑
i∈[n]W

(i,i)
x,x X⊤

X Y

)
⪰ 0.

(17)

Proof of Theorem 3 We show that given a feasible solution to either problem, we can generate

an optimal solution to the other problem with an equal or lower objective value.

Suppose that (X,Y ,Wx,x,Wx,y,Wy,y) is feasible in (16). Then, by summing appropriate

semidefinite submatrices of the overall PSD matrix, we have that( ∑
i∈[n]W

(i,i)
x,x

∑
i∈[n]W

(i,i)
x,y∑

i∈[n]W
(i,i)⊤
x,y

∑
i∈[n]W

(i,i)
y,y

)
⪰ 0.

Moreover, from (16) we have that
∑

i∈[n]Wx,y
(i,i) =X⊤ and

∑
i∈[n]W

(i,i)
y,y =Y . Thus, (X,Y ,Wx,x)

is feasible in (17) and attains the same objective value.

Next, suppose that (X,Y ,Wx,x) is feasible in (17). By the Schur complement lemma, we must

have Y ⪰ X(
∑

iW
(i,i)
x,x )†X⊤. Since C ⪰ 0, we can set Y := X(

∑
iW

(i,i)
x,x )†X⊤ without loss of

optimality—doing so cannot increase the objective value. To construct admissible matrices Wx,y

and Wy,y, let us first define the auxiliary matrix

U :=

∑
i∈[n]

W (i,i)
x,x

†

X⊤ ∈Rm×n,

and observe that Y =U⊤X⊤ =XU . Then, we define Wx,y, Wy,y as the blocks of the matrix

M :=

 1 vec(X⊤)⊤ vec(Y )⊤

vec(X⊤) Wx,x Wx,y

vec(Y ) W⊤
x,y Wy,y


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defined as

M :=

1 0 0
0 Inm 0
0 0 In⊗U

⊤ 1 vec(X⊤)⊤ vec(X⊤)⊤

vec(X⊤) Wx,x Wx,x

vec(X⊤) Wx,x Wx,x

1 0 0
0 Inm 0
0 0 In⊗U

 .

Since Y =U⊤X⊤, we have vec(Y ) = vec(U⊤X⊤) = (In⊗U⊤)vec(X⊤) and thus our construction

is consistent with the existing value of Y . We now verify that (X,Y ,Wx,x,Wx,y,Wy,y) is feasible for

(16). By construction, M ⪰ 0. Thus, (X,Y ,Wx,x,Wx,y,Wy,y) satisfies the semidefinite constraint

in (16). Next, by construction, Wx,y and Wy,y can be decomposed into n×n blocks satisfying:

W (i,j)
x,y =W (i,j)

x,x U , W (i,j)
y,y =U⊤W (i,j)

x,x U .

Summing the on-diagonal blocks of these matrices then reveals that

∑
i∈[n]

W (i,i)
x,y =

∑
i∈[n]

W (i,i)
x,x U =

∑
i∈[n]

W (i,i)
x,x

∑
j∈[n]

W (j,j)
x,x

†

X⊤ =X⊤,

∑
i∈[n]

W (i,i)
y,y =

∑
i∈[n]

U⊤W (i,i)
x,x U =U⊤

∑
i∈[n]

W (i,i)
x,x U

=U⊤X⊤ =Y .

Therefore, we conclude that (X,Y ,Wx,x,Wx,y,Wy,y) is feasible in (16) and attains an equal or

lower objective value. Thus, both relaxations are equivalent. □

Problem (17) is much more compact than (16), as it does not require introducing the variables

Wy,y ∈ Sn2

+ or Wx,y ∈ Rnm×n. The proof of Theorem 3 provides a recipe for reconstructing an

optimalWy,y given an optimal solution (Y ,X,Wx,x) to (17). Namely, compute the auxiliary matrix

U :=
(∑

i∈[n]W
(i,i)
x,x

)†
X⊤ and set Wy,y := (In ⊗ U)⊤Wx,x(In ⊗ U). With this observation, one

can implement the Goemans-Williamson sampling scheme for Y we propose in Section 3.3, even

without solving a relaxation that explicitly involves Wy,y.

Finally, it is interesting to consider whether the relaxation developed here is at least as strong

as the matrix perspective relaxation developed by Bertsimas et al. (2023c). We now prove this is

indeed the case. Bertsimas et al. (2023c) only applies to partially separable objectives. Hence, we

first need to impose more structure on the objective of (15) to compare relaxations.

Proposition 5. Assume that the term ⟨H,vec(X⊤)vec(X⊤)⊤⟩ + ⟨D,X⟩ in Problem (15) can

be rewritten as the partially separable term 1
2γ
∥X∥2F + h(X), where h is convex in X. Then, the

optimal value of Problem (16) is at least as large as the relaxation of Bertsimas et al. (2023c)

min
Y ∈Conv(Yk

n)
min

X∈Rn×m,θ∈Sm
+

⟨C,Y ⟩+ 1

2γ
tr(θ)+h(X) (18)

s.t. ⟨Ai,X⟩ ≤ bi ∀i∈ I,
(
θ X⊤

X Y

)
⪰ 0,

Proof of Proposition 5 Given the equivalence between Problems (16)–(17) proven in Theo-

rem 3, it suffices to show that the constraints in (17) imply the constraints in (18). Letting θ :=
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i∈[n]W
(i,i)
x,x , we observe that θ is feasible for (18). In addition, given the additional assumption

that the objective involves ∥X∥2F = tr(X⊤X), the objective in the relaxation is

⟨H,Wx,x⟩= tr

∑
i∈[n]

W (i,i)
x,x

= tr (θ) ,

which completes the proof. □

The proof of Proposition 5 reveals that our Shor relaxation (17) can be perceived as decomposing

the variable θ in (18), and strengthening the relaxation by imposing additional constraints on the

elements of this decomposition.

3.2. Strategies for Strengthening the Shor Relaxation

Theorem 3 might give the unfair impression that Problem (16) is not a useful relaxation, because

it is equivalent to the much more compact optimization problem (17). However, explicit decision

variables Wy,y,Wx,y allow us to express additional valid inequalities to strengthen the relaxation:

• The matrix Y being symmetric, vec(Y ) = vec(Y ⊤) =Kn,n vec(Y ), which leads to the constraints

vec(Y ) vec(Y )⊤ =Kn,n vec(Y ) vec(Y )⊤K⊤
n,n =⇒ Wy,y =Kn,nWy,yK

⊤
n,n,

vec(X⊤) vec(Y )⊤ =vec(X⊤) vec(Y )⊤K⊤
n,n =⇒ Wx,y =Wx,yK

⊤
n,n.

(19)

• If we further require the matrix X to be symmetric (implying n=m), then we can impose the

additional linear equalities Wx,x =Kn,nWx,xK
⊤
n,n and Wx,y =Kn,nWx,y.

• As in binary optimization, we can impose triangle inequalities on Y and Wyy. Indeed, from the

fact that 0≤ Yi,i ≤ 1, we have that any triplet (i, j, ℓ) satisfies

(1−Yi,i)(1−Yj,j)(1−Yℓ,ℓ)≥ 0

⇐⇒ 1−Yi,i−Yj,j −Yℓ,ℓ +Yi,iYj,j +Yi,iYℓ,ℓ +Yj,jYℓ,ℓ−Yi,iYj,jYℓ,ℓ ≥ 0

=⇒ 1−Yi,i−Yj,j −Yℓ,ℓ +Yi,iYj,j +Yi,iYℓ,ℓ +Yj,jYℓ,ℓ ≥ 0,

which can be expressed as a linear constraint in (Y ,Wyy) after replacing each bilinear term with

the appropriate entry of Wyy. We can derive additional triangle inequalities by starting from

the fact that Yi,i(1 − Yj,j)(1 − Yℓ,ℓ) ≥ 0 or Yi,iYj,j(1 − Yℓ,ℓ) ≥ 0. Triangle inequalities involving

Yi,j ∈ [−1,1] rather than Yi,i follow similarly.

Finally, similarly to BQO, one can tighten Problem (16) and Problem (17) by applying RLT. Any

constraint of the form Avec(X)≤ b leads to the valid inequalitiesAWx,xA
⊤+bb⊤ ≥ bvec(X)⊤A+

Avec(X)b⊤, as reviewed by Bao et al. (2011).4
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3.3. Generalization of Goemans-Williamson Rounding to Low-Rank Optimization

Mirroring the extension of Goemans-Williamson to mixed-integer optimization problems with log-

ical constraints (see Section EC.1.2), we now extend Algorithm 2 to low-rank optimization. First,

we observe that under the constraint X =Y X, the term

⟨vec(X⊤)vec(X⊤)⊤,H⟩+ ⟨D,X⟩

in the objective function of (15) is, through the identity vec(X⊤) = (In⊗X⊤)vec(Y ), equal to

⟨vec(Y )vec(Y )⊤, (In⊗X⊤)H(In⊗X⊤)⟩+ ⟨Y ,X⊤D⟩.

Thus, Problem (15) can be rewritten as the following optimization problem

min
X∈Rn×m

min
Y ∈Yk

n

〈
C +X⊤D,Y

〉
+
〈
vec(Y )vec(Y )⊤, (In⊗X⊤)H(In⊗X⊤)

〉
s.t. ⟨Ai,X⟩ ≤ bi ∀i∈ I, X =Y X,

(20)

where the lower-level optimization problem is quadratic in Y and very much reminiscent of the

orthogonally constrained problem studied in Section 2. This suggests that Algorithm 2 is a good

candidate for generating feasible solutions to (20). We formalize our algorithm for rank-constrained

optimization in Algorithm 3.

Algorithm 3 A Goemans-Williamson Rounding Method for Low-Rank Optimization

Generate (Y ⋆,W ⋆
y,y) a solution to the semidefinite relaxation (16)

Compute Ŷ : vec(Ŷ )∼N
(
vec(Y ⋆),W ⋆

y,y − vec(Y ⋆)vec(Y ⋆)⊤
)

Construct Ȳ ∈Yk
n which solves minY ∈Yk

n
∥Y − Ŷ ∥F (by performing an eigendecomposition)

Compute X̄(Ȳ ), an optimal X given Ȳ by solving

min
X∈Rn×m

⟨C,Y ⟩+
〈
vec(X⊤)vec(X⊤)⊤,H

〉
+ ⟨D,X⟩

s.t. ⟨Ai,X⟩ ≤ bi ∀i∈ I, X = Ȳ X

return Ȳ , X̄(Ȳ ) a feasible solution to (20)

We make the following remarks on our implementation of Algorithm 3

• It is challenging to produce a constant factor approximation on the performance of Algorithm 3.

Indeed, Problem (15) models sparse regression as a special case, and it is strongly NP-hard

(Chen et al. 2019, Theorem 1) to find a O(nc1dc2)-approximation of sparse regression, where

n is the number of data samples, d is the number of features, and c1 + c2 < 1. Moreover, in

our numerical experiments, we uncover matrix completion instances where the optimal objective
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value is non-zero but our Shor relaxation returns an objective value of zero, which suggests that

Algorithm 3 does not provide a purely multiplicative constant factor approximation. Nonetheless,

as we observe in numerical experiments (Section 5), it sometimes returns solutions within an

optimality gap of 0–5% and thus is of interest.

• To obtain a solution to our Shor relaxation, (Y ⋆,W ⋆
y,y), we can either solve (16), or solve the

equivalent compact relaxation (17) and reconstruct W ⋆
y,y as W ⋆

y,y := (In ⊗U)⊤Wx,x(In ⊗U)

where U :=
(∑

i∈[n]W
(i,i)
x,x

)†
X⊤.

• We take the second moment of our Gaussian distribution to be W ⋆
y,y−vec(Y ⋆)vec(Y ⋆)⊤ so that

E[vec(Ŷ )vec(Ŷ )⊤] =W ⋆
y,y.

• The sampled matrices Ŷ are not necessarily symmetric in general. However, if W ⋆
y,y satisfies (19),

Ŷ is symmetric almost surely. Consequently, it could be beneficial to sample using a moment

matrix that satisfies the permutation-invariance constraints (19). In numerical experiments, we

investigate the benefits of projectingW ⋆
y,y onto the set of matrices satisfying (19) before sampling.

• In practice, we randomly round multiple times from the solution to the Shor relaxation and

return the best solution Ȳ found, rather than only rounding once. This repetition improves the

quality of the returned solution significantly, and comes at a low increase in computational cost

because solving the Shor relaxation is more expensive than sampling Ȳ and computing X̄(Ȳ ).

4. Examples of Low-Rank Relaxations

This section applies the Shor relaxation technique proposed in §3 to several important problems

from the low-rank literature. By exploiting problem structure, we demonstrate that it is often

possible to reduce our Shor relaxation to a relaxation that does not involve any n2×n2 matrices.

4.1. Matrix Completion

Given a random sample {Ai,j : (i, j)∈Ω⊆ [n]× [m]} of a matrix A ∈ Rn×m, the goal of the low-

rank matrix completion problem is to reconstruct the matrix A, by assuming it is approximately

low-rank (Candès and Recht 2009). This problem admits the formulation:

min
Y ∈Yn

min
X∈Rn×m

∥P(A)−P(X)∥2F +λ · tr(Y ) s.t. X =Y X, (21)

where λ> 0 is a penalty multiplier on the rank of X through the trace of Y , and

P(A)i,j =

{
Ai,j if (i, j)∈Ω
0 otherwise
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is a linear map which masks the hidden entries of A. By expanding the quadratic ∥P(A)−P(X)∥2F ,
and invoking Theorem 3, we obtain the following relaxation of (21)

min
Y ∈Conv(Yn)

min
X∈Rn×m,W∈Snm

+

∑
i∈[n]

⟨W (i,i),H i⟩− 2⟨P(X),P(A)⟩+ ⟨P(A),P(A)⟩+λ · tr(Y )

s.t. W ⪰ vec(X⊤)vec(X⊤)⊤,

(∑
i∈[n]W

(i,i)
x,x X⊤

X Y

)
⪰ 0,

(22)

where H i is a diagonal matrix which takes entries H i
j = 1 if (i, j)∈Ω and H i

j = 0 otherwise.

Compared with the matrix perspective relaxation of Bertsimas et al. (2023c), our relaxation is

directly applicable to (21), while Bertsimas et al. (2023c) requires the presence of an additional

Frobenius regularization term + 1
2γ
∥X∥2F in the objective. With this additional term, our approach

leads to relaxations of the form (22) after redefining Hi←Hi+
1
2γ
Im, which are at least as strong

as the relaxation of Bertsimas et al. (2023c) per Proposition 5.

We observe that the off-diagonal blocks of W do not appear in either the objective of (22) or

any constraints other than W ⪰ vec(X⊤)vec(X⊤)⊤. For this reason, we can omit them entirely:

Proposition 6. Problem (22) attains the same optimal objective value as

min
Y ∈Conv(Yn)

min
X∈Rn×m,Si∈Sm

+

∑
i∈[n]

⟨Si,H i⟩− 2 ⟨P(X),P(A)⟩+ ⟨P(A),P(A)⟩+λ · tr(Y )

s.t. Si ⪰Xi,.X
⊤
i,.,

(∑
i∈[n]S

i X⊤

X Y

)
⪰ 0.

(23)

Proof of Proposition 6 It suffices to show that given any feasible solution to (23) we can con-

struct a feasible solution to (22) with the same objective value; the converse is immediate. Let

(X,Y ,Si) be feasible in (23). Define the block matrix W by setting W (i,i) = Si and W (i,j) =

(X⊤)i(X
⊤)⊤j . Then, it is not hard to see that W −vec(X⊤)vec(X⊤)⊤ is a block matrix with zero

off-diagonal blocks and on-diagonal blocks Si −Xi,.X
⊤
i,. ⪰ 0. Thus, W − vec(X⊤)vec(X⊤)⊤ is a

positive semidefinite matrix, and W ⪰ vec(X⊤)vec(X⊤)⊤. Moreover, (X,Y ,W ) is feasible in (22)

and attains the same objective value. □

Remark 3. Suppose that two rows of A have an identical sparsity pattern with respect to the

known entries Ω, i.e., H i =Hj. Then, we can replace the matrices Si,Sj with their sum S̃i,j :=

Si+Sj and rewrite (23) even more compactly, by omitting the matrices Si,Sj, substituting S̃i,j for

Si+Sj in the objective/constraints, and requiring that S̃i,j ⪰Xi,.X
⊤
i,.+Xj,.X

⊤
j,.. This observation

also applies if k≥ 2 rows share the same sparsity pattern. Moreover, if two rows of A have a similar

sparsity pattern but with minor differences, we can obtain a computationally cheaper yet looser

relaxation by masking all entries that do not appear in both rows, i.e., setting H i,Hj =H i×Hj

and proceeding as before.

In Section EC.6 we support our discussion on low-rank matrix completion by demonstrating that

analogous reductions hold for low-rank basis pursuit.
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4.2. Reduced Rank Regression

Given a response matrix B ∈ Rn×m and a predictor matrix A ∈ Rn×p, an important problem in

high-dimensional statistics is to recover a low-complexity model which relates the matrices B and

A. A popular choice for doing so is to assume that B,A are related via B = AX +E, where

X ∈ Rp×m is a coefficient matrix, E is a matrix of noise, and we require that the rank of X is

small so that the linear model is parsimonious Negahban and Wainwright (2011). This gives:

min
X∈Rp×m

∥B−AX∥2F +µ · rank(X), (24)

where µ > 0 controls the complexity of the estimator. For this problem, our Shor relaxation (17)

is equivalent to the (improved) matrix perspective relaxation of Bertsimas et al. (2023c).

Indeed, by invoking Theorem 3, we obtain (24)’s Shor relaxation

min
Y ∈Conv(Ym)

min
X∈Rp×m,W∈Spm

+

〈
A⊤A,

∑
i∈[m]

W (i,i)

〉
+ ⟨B,B⟩− 2⟨AX,B⟩+µ · tr(Y )

s.t. W ⪰ vec(X)vec(X)⊤,

(∑
i∈[m]W

(i,i) X

X⊤ Y

)
⪰ 0,

(25)

for which we show the following equivalence result:

Proposition 7. Problem (25) attains the same objective value as

min
Y ∈Conv(Ym)

min
X∈Rp×m,θ∈Sp

+

〈
A⊤A,θ

〉
+ ⟨B,B⟩− 2⟨AX,B⟩+µ · tr(Y )

s.t.

(
θ X

X⊤ Y

)
⪰ 0,

(26)

which corresponds to the improved relaxation of Bertsimas et al. (2023c, Equation 7)

Proof of Proposition 7 We show that for any solution to (26) one can construct a solution to

(25) with the same objective value or vice versa. Indeed, for any feasible solution (Y ,X,W ) to

(25), (Y ,X,θ=
∑

i∈[m]W
(i,i)) is feasible for (26) with the same objective value. Conversely, let us

consider (X,Y ,θ) a feasible solution to (26). Then,(
θ X⊤

X Im

)
=

(
θ X⊤

X Y

)
+

(
0 0
0⊤ I −Y

)
⪰ 0,

because both matrices are PSD given that Y ⪯ I. Therefore, it follows from the Schur complement

lemma that θ⪰XX⊤ =
∑

i∈[m]XiX
⊤
i . Thus, there exists a decomposition θ=

∑
i∈[m]S

i with Si ⪰

XiX
⊤
i for each i. In particular, by assigning XiX

⊤
i to each Si, plus the remaining θ−

∑
iXiX

⊤
i

arbitrarily between the Si’s. Finally, let us define the matrix W such that W (i,i) =Si and W (i,j) =

XiX
⊤
j for i ̸= j. Then, (X,Y ,W ) is feasible for (25) and attains the same objective value. The

relaxation (26) is precisely the relaxation developed in Bertsimas et al. (2023c). □

Proposition 7’s proof technique uses the fact thatX enters the objective quadratically viaXX⊤,

rather than properties specific to reduced rank regression. This suggests other low-rank problems
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which are quadratic throughXX⊤ (orX⊤X), e.g., low-rank factor analysis (Bertsimas et al. 2017),

sparse plus low-rank matrix decompositions (Bertsimas et al. 2023a) and quadratically constrained

programming (Wang and Kılınç-Karzan 2022) admit similarly compact Shor relaxations.

We have shown in this section that for two quadratic low-rank problems, it is possible to eliminate

enough variables in the Shor relaxation that no matrices of size n2×n2 remain. Further, we observe

that the same reduction holds for a third problem, namely low-rank basis pursuit, in Section EC.6 of

the Electronic Complement. Thus, we argue that our proof technique is very general, and can likely

be applied to other low-rank problems of practical interest (e.g., sensor location). This suggests

that while Shor relaxations involving n2×n2 matrices may appear to be too large to be useful in

practice, they can often be reduced to forms that are useful.

5. Numerical Results

In this section, we benchmark our relax-then-round schemes on synthetic semi-orthogonal quadratic

and low-rank matrix completion problems. We also compare the performance of our schemes with

the matrix perspective relaxation proposed by Bertsimas et al. (2023c). We emphasize that we

introduce ∥ · ∥2F regularization to perform this comparison, as the relaxation of Bertsimas et al.

(2023c) is not applicable to generic low-rank quadratic optimization.

All experiments are conducted on a MacBook Pro laptop with a 36 GB Apple M3 CPU, using

MOSEK version 10.1, Julia version 1.9, and JuMP.jl version 1.13.0. All solver parameters are set to

their default values. We divide our discussion into two parts. First, in §5.1, we study the quality of

our relax-and-round scheme for semi-orthogonal quadratic problems. Second, in §5.2 we investigate

the quality of our relax-and-round scheme for low-rank matrix completion problems and compare

with prior literature.

5.1. Semi-Orthogonal Quadratic Optimization

We evaluate the performance of our Shor relaxation and Algorithm 2 for semi-orthogonal quadratic

optimization problems (4). For fixed (n,m), we generate a random semidefinite matrix A=BB⊤ ∈
Snm
+ where the entries of B ∈ Rnm×10 are standard independent random variables. We solve the

Shor relaxation (9) and sample N = 100 feasible solutions from Algorithm 2. For comparison, we

also implement the following benchmarks:

1. We sample N solutions uniformly at random (Uniform, as analyzed in Section 2.4).

2. We sample N solutions using Algorithm 2 but generateQ by projecting the rectangular matrix

G onto the set of semi-orthogonal matrices directly (Algorithm 2 with projection).

3. We sampleN solutions by applying a deflation heuristic (Deflation, described in Section EC.5).

4. We follow the heuristic in Burer and Park (2024), namely, we project the reshaped leading

eigenvector of W ⋆ (Burer and Park).
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Figure 1 Average performance ratio ⟨A,vec(Q) vec(Q)⊤⟩/⟨A,W ⋆⟩ over N = 100 generated solutions for different

feasibility heuristics. Note that the method of Burer and Park (2024) is deterministic (always returns

the same solution for a given instance). For each value of m, results are averaged over 5 instances.

We consider n= 50 and m∈ {1,2,5,10,15,20,25,30,50}. We generate five instances for each (n,m).

Figure 1 compares the average performance ratio ⟨A, ÊN [vec(Q) vec(Q)⊤ ⟩/⟨A,W ⋆⟩, for these

five algorithms. Confirming our theoretical analysis, we observe that the average performance ratio

degrades as m increases. We also observe that our Algorithm 2 strongly outperforms Deflation and

Uniform —theoretically, Uniform and Deflation achieve a 1/nm- and 1/m2-performance guarantee

respectively (Proposition 3 and EC.4). A crucial step in the theoretical analysis of Algorithm 2 is

the fact that we generate a feasible matrix Q from a randomly generated matrix G, by randomly

switching the singular values of G to ±1. Instead, we find that using a deterministic projection

(Alg. 2 with projection) leads to much stronger performance, comparable to that of the heuristic

in Burer and Park (2024). However, as observed in Section 2.5, our analysis cannot be easily

generalized to such deterministic projection schemes.

In practice, one might be interested in the performance of the best solution found, rather than

the average performance over N solutions. Figure 2 reports the best performance of each method,

and shows that the relative ordering of the methods remains unchanged, although the difference

in performance between methods shrinks.

5.2. Low-Rank Matrix Completion

In this section, we evaluate the performance of Algorithm 3 on synthetic low-rank matrix completion

instances. We use the data generation process of Candès and Recht (2009): We construct a matrix

of observations, Afull ∈ Rn×m, from a rank-r model: Afull =UV + ϵZ, where the entries of U ∈

Rn×r,V ∈Rr×m, and Z ∈Rn×m are drawn independently from a standard normal distribution, and
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Figure 2 Performance ratio ⟨A,vec(Q) vec(Q)⊤⟩/⟨A,W ⋆⟩ of the best out of N = 100 solutions for different

feasibility heuristics. Note that the method of Burer and Park (2024) only returns one solution. For

each value of m, results are averaged over 5 instances.

ϵ≥ 0 models the degree of noise. We fix ϵ= 0.1,m= n and r = 2 for all experiments. We sample

a random subset Ω⊆ [n]× [m], of predefined size (see also Candès and Recht 2009, section 1.1.2).

Each result reported in this section is averaged over 10 random seeds.

We first evaluate the quality of our new relaxations, compared with the matrix perspective

relaxation of Bertsimas et al. (2023c, MPRT). Unfortunately, MPRT does not apply to (21) as it

requires a Frobenius regularization term in the objective. Hence, instead of (21), we consider

min
X∈Rn×m

1

2γ
∥X∥2F +

1

2

∑
(i,j)∈Ω

(Ai,j −Xi,j)
2 s.t. rank(X)≤ r.

for some regularization parameter γ > 0. As γ→∞, we recover the solution of (21). We compare the

(lower) bounds obtained by three different approaches: MPRT, our full Shor relaxation (16) with

the permutation equalities (19), hereafter denoted “Shor-Perm”, and our compact Shor relaxation

(23) (“Shor-Red”). Figure 3 reports the lower bounds achieved by each approach —in relative

terms compared with an upper bound achieved by the alternating minimization method of Burer

and Monteiro (2003) initialized with a truncated SVD of P(A) (absolute values are reported in

Figures EC.1–EC.2)— as γ increases, for different proportion of entries sampled p= |Ω|/mn (n= 8

being fixed). Supporting Proposition 5, we observe that Shor-Perm and Shor-Red obtain smaller

optimality gaps than MPRT, for all values of γ, and that the benefit increases as the fraction of

sampled entries p increases. In particular, when p= 0.95, there is a regime of values of γ (around

102) where both Shor relaxations are tight (as evidenced by a gap of 0%), while MPRT is not.

In addition, as γ increases, MPRT achieves an uninformative gap of 100% (by returning a trivial

lower bound of 0, see Figure EC.1), while our Shor relaxations provide non-trivial bounds (and
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(a) p= 0.5 (b) p= 0.95

Figure 3 Relative gap obtained with different relaxations of the regularized matrix completion problem as we

vary γ. We fix n= 8. Results are averaged over 10 replications.

gaps). From this experiment, it seems that imposing the permutation equalities (19) on Wy,y in

our Shor relaxation (Shor-Perm vs. Shor-Red) does not lead to significantly tighter bounds, while

being computationally much more expensive (see Figure EC.3 for computational times).

Our second experiment investigates the performance of our rounding strategy for the Shor re-

laxations, on the same instances. The relaxation Shor-Perm provides a matrix Wy,y directly. From

a solution to the compact relaxation Shor-Red, we can reconstruct a matrix Wy,y using the recon-

struction strategy discussed in Section 3.3. Figure 4 reports the best upper bound found from 1,000

sampled solutions. Interestingly, we observe that while the lower bounds from both relaxations in

Figure 3 are rather similar, Shor-Perm provides a substantial improvement in the quality of the

upper bound obtained, especially for higher values of p. Intuitively, this can be explained by the

fact that the constraints (19) ensure that the sampled solution Ŷ is symmetric almost surely, hence

is closer to being feasible. However, the matrix Wy,y recovered from Shor-Red does not satisfy

these constraints. To support this intuition, we consider a third approach where we project the

matrix Wy,y recovered from (19) onto the set {W ∈ Snm
+ : W = Kn,mWK⊤

n,m} before sampling

(“Shor-Red-Proj”). As displayed on the right panel of Figure 4, this additional projection step

improves the quality of the solutions sampled from Shor-Red further, without significant additional

computational cost, thus we use this projection technique for the rest of our numerics.

On the same instances, our third experiment compares Goemans-Williamson rounding with two

other methods for generating feasible solutions: taking a truncated SVD of the MPRT relaxation (as

advocated in Bertsimas et al. 2023c, “MPRT + Greedy”) and alternating minimization initialized

with a truncated SVD of P(A) (“AM”). Figure 5 depicts the upper bounds achieved by each

method. Among the rounding-based schemes, we observe that Goemans-Williamson rounding on

Shor-Perm performs significantly better than MPRT + Greedy when p = 0.5 and comparably
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(a) p= 0.5 (b) p= 0.95

Figure 4 Average quality of GW rounding as we vary γ for rounding the full Shor relaxation (“GW-Full”) and

the reduced relaxation with and without projecting Wy,y (“GW-Red-Proj”, “GW-Red-NoProj”).

(a) p= 0.5 (b) p= 0.95

Figure 5 Average quality of feasible methods as we vary γ, for GW rounding on the full Shor relaxation (“GW-

Full”), on the reduced relaxation with projecting Wy,y (“GW-Red-Proj”), greedily rounding the matrix

perspective relaxation (“MPRT-GD”), and alternating minimization (“AM”).

when p = 0.95. The alternating minimization method of Burer and Monteiro (2003) is generally

the best-performing method, except for instances with p= 0.5 and γ ≥ 104. For these particularly

challenging instances, which have many local optima, our Goemans-Williamson rounding could

serve as an alternative or the initialization of the AM algorithm.

Our final experiment benchmarks the scalability of our reduced Shor relaxation and Goemans-

Williamson rounding as we vary n = m with the proportion of entries fixed at p = 0.5. We set

γ = 104/n2. We report the average upper and lower bound (divided by n2 so that quantities have

the same meaning as we vary n; left) and the average computational time (right) in Figure 6. We

also report the average objective value obtained by alternating minimization as a baseline. Note

that we do not consider the full Shor relaxation in this experiment, as it requires more RAM than

is available for these experiments when n= 10. For any n∈ {4, . . . ,42}, the Shor relaxation can be
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solved in seconds, while when n > 44, Mosek runs out of RAM. Moreover, the lower bound from

the Shor relaxation is tight for n≥ 18, although only alternating minimization matches the bound.

(a) Objective values (b) Runtimes

Figure 6 Objective value (left panel) and runtime for Shor-Red-Proj (right panel) as we vary n=m with p= 0.5

for our reduced Shor relaxation followed by Goemans-Williamson rounding. Results are averaged over

10 replications.

6. Conclusion

This paper proposes a new technique for relaxing and rounding quadratic optimization problems

over semi-orthogonal matrices, and generalizes it to a broader class of low-rank optimization prob-

lems. We obtain a new semidefinite relaxation by vectorizing the matrices and modeling the outer

product of this vectorization with itself. By exploiting problem structure to eliminate most of the

variables in our semidefinite relaxations, we show how to solve our relaxation efficiently. By in-

terpreting the new decision variables in these relaxations as the second moment of a multivariate

Gaussian distribution, we propose a sampling procedure, reminiscent of the Goemans-Williamson

algorithm for BQO, which, as demonstrated throughout our numerical experiments, obtains high-

quality solutions to low-rank problems in polynomial time.

Endnotes

1. Imposing the constraint rank(
∑

i∈[m]W
(i,i))≤m, which is equivalent to a rank-one constraint

on W under trace and ⪯ In constraints, would also suffice.

2. Explicitly, this follows from Pataki (1998, theorem 2.2). After introducing a slack matrix S

for the semidefinite inequality
∑

i∈[m]W
(i,i) ⪯ In, i.e., writing S = In −

∑
i∈[m]W

(i,i), we have

m(m+1)/2+n(n+1)/2 scalar inequalities. Thus, there exists some optimal solution (W ,S) with

rank(W )(rank(W ) + 1)/2 + rank(S)(rank(S) + 1)/2 ≤ m(m + 1)/2 + n(n + 1)/2, which implies
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rank(W )(rank(W )+1)/2≤m(m+1)/2+n(n+1)/2. Since m(m+1)/2+n(n+1)/2≤ (n+m)(n+

m+1)/2, this implies rank(W )≤ n+m.

3. First, as we showin Section EC.4.2, the Kronecker constraints of Burer and Park (2024) do not

rule out any feasible matrices W that are diagonal. We show in Theorem 2 that for m= 1 there

exists a worst-case W ⋆ which is diagonal for each n. Thus, Kronecker constraints cannot improve

the worst-case approximation ratio when m= 1. Second, Kronecker constraints would also not rule

out the family of worst-case instances identified in Proposition 2, because they do not rule out

any matrices W where each block matrix W (i,j) is rank-one, as occurs for that family of instances

(see Section EC.4.2). Thus, Kronecker constraints cannot improve the order of our approximation

guarantee.

4. One may also be tempted to impose the inequalities AWx,xA
⊤ + bb⊤ ⪰ bvec(X)⊤A +

Avec(X)b⊤ but they are actually implied by Wx,x ⪰ vec(X⊤)vec(X⊤)⊤ and Avec(X)≤ b.
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Supplementary Material

EC.1. Goemans-Williamson and Logically Constrained Optimization

To build intuition for readers familiar with the mixed-integer optimization literature, we review,

in this section, how the classical Goemans-Williamson algorithm for BQO has been generalized to

mixed-integer optimization problems. Precisely, we review a semidefinite relaxation and randomized

rounding scheme for logically constrained problems, which prepares the ground for the extension

of the semidefinite relaxation and randomized rounding scheme from Section 2 to rank-constrained

optimization in Section 3. Our algorithmics and some of our proof techniques in the main paper

follow analogously to the techniques derived in the mixed-integer optimization case. However, with

the exception of some of the proof techniques, the results in this section can be found in the

mixed-integer optimization literature.

EC.1.1. A Shor Relaxation and Its Compact Version

We consider a quadratic optimization problem that unfolds over two stages, as occurs in sparse

regression, portfolio selection, and network design problems; see Bertsimas et al. (2021) for a

review. In the first stage, a decision-maker activates binary variables subject to resource budget

constraints and activation costs. Subsequently, in the second stage, the decision-maker optimizes

over the continuous variables. Formally, we consider the problem

min
z∈Zk

n

min
x∈Rn

c⊤z+
1

2
x⊤Qx+d⊤x s.t. Ax≤ b, xi = zixi ∀i∈ [n], (EC.1)

where Zk
n := {z ∈ {0,1}n : e⊤z ≤ k}, Q⪰ 0 is a positive semidefinite matrix, and c∈Rn

+. Note that

the bilinear constraints xi = zixi for zi ∈ {0,1} enforces the logical relationships ‘xi = 0 if zi = 0’.

Problem (EC.1) has a convex quadratic objective function. Therefore, a viable technique for

obtaining a strong convex relaxation is introducing semidefinite matrices to model products of

variables. This technique was first proposed by Shor (1987) in the context of non-convex quadratic

optimization and has since been studied by many other authors; see Han et al. (2022) for a review.

In particular, we introduce the block matrix W ∈ S2n
+ to represent the outer product of

(
x
z

)
with

itself. Specifically, we partition W into four blocks: Wx,x, Wz,z, Wx,z, and W⊤
x,z, which model

xx⊤, zz⊤, xz⊤, and zx⊤, respectively. With these additional variables, we have the following

semidefinite relaxation for Problem (EC.1):

Proposition EC.1. The optimization problem

min
z∈[0,1]n :e⊤z≤k

min
x∈Rn :Ax≤b

W∈S2n
+

c⊤z+
1

2
⟨Q,Wx,x⟩+d⊤x

s.t. W ⪰
(
x
z

)(
x
z

)⊤

, diag(Wz,z) = z, diag(Wx,z) =x,

(EC.2)
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is a valid convex relaxation of Problem (EC.1).

Proof of Proposition EC.1 It suffices to show that any feasible solution to (EC.1) corresponds

to a feasible solution in (EC.2) with the same objective value. To see this, fix z,x in (EC.1), and

set

W :=

(
Wx,x Wx,z

W⊤
x,z Wz,z

)
=

(
x
z

)(
x
z

)⊤

.

Furthermore, (Wz,z)i,i = z2i = zi because zi is binary, and (Wx,z)i,i = xizi = xi. Hence, the solution

(z,x,W ) is feasible in (EC.2) and attains the same objective value. □

Remark EC.1. Problem (EC.2) is a relaxation of Problem (EC.1) by allowing z ∈ [0,1]n and by

omitting the rank-1 constraint on W . Reimposing the rank-one constraint obtains an equivalent

reformulation of Problem (EC.1).

Remark EC.2. We can strengthen Problem (EC.2) by applying the Reformulation-Linearization

Technique (RLT; e.g., Bao et al. 2011) to the linear constraints on x, Ax ≤ b, leading to

AWx,xA
⊤+bb⊤ ≥ bx⊤A+Axb⊤. All results follow identically with RLT constraints on (x,Wx,x).

While Problem (EC.2) is a valid convex relaxation, it may be expensive to solve, because it

involves large semidefinite matrices. Surprisingly, Han et al. (2022) demonstrated that Problem

(EC.2) is equivalent to the so-called “optimal perspective relaxation” originally proposed by Zheng

et al. (2014), Dong et al. (2015), which is much more compact. We now recall this compact re-

laxation and prove its equivalence. We acknowledge that this result has been proven previously

in Han et al. (2022, Theorem 6), in a non-constructive way. Here, we develop a new, constructive

proof for it, which we will be able to extend to rank-constrained optimization.

Proposition EC.2. Problem (EC.2) is equivalent to

min
z∈[0,1]n :e⊤z≤k

min
x∈Rn :Ax≤b

X∈Sn

c⊤z+
1

2
⟨Q,X⟩+d⊤x

s.t. X ⪰xx⊤, x2
i ≤Xi,izi,∀i∈ [n],

(EC.3)

Proposition EC.2 leverages our assumption that c≥ 0 in our statement of (EC.1)–(EC.2) to show

that we can solve the semidefinite relaxation (EC.2) by solving the much smaller semidefinite

optimization problem (EC.3), which only involves one semidefinite variable X ∈ Sn
+, and recon-

struct an optimal solution involving W ∈ S2n
+ to (EC.2). Our proof of Proposition EC.2 makes this

reconstruction step explicit.

Proof of Proposition EC.2 We show that any feasible solution to Problem (EC.2) generates a

feasible solution to (EC.3) with an equal or lower objective and vice versa.

First, we consider a feasible solution to (EC.2), (z,x,W ), and show that the solution (z,x,X) =

(z,x,Wx,x) is a feasible solution to (EC.3), with the same objective value. To establish feasibility,
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we only need to verify that x2
i ≤ Xi,izi, since the remaining constraints in (EC.3) are present

in (EC.2). From the non-negativity of the 2× 2 minors of the semidefinite matrix W , we have

(Wx,x)i,i(Wz,z)i,i ≥ (Wx,z)
2
i,i. Substituting the identities (Wx,z)i,i = xi and (Wz,z)i,i = zi yields the

result.

Next, consider a feasible solution (x,z,X) to (EC.3). Observe that the constraint x2
i ≤Xi,izi

imposes xi = 0 if Xi,i = 0. Since c≥ 0, it follows that, if the constraint ziXi,i ≥ x2
i is not binding

for some index i, we can decrease zi without impacting feasibility or worsening the objective value.

Accordingly, we can assume zi = x2
i /Xi,i without loss of generality (with the convention 0/0 = 0 so

that zi = 0 if Xi,i = 0). We now define a matrix W such that (z,x,W ) is feasible for (EC.2) and

achieves the same objective value. Observe that the matrix M1 x⊤ z⊤

x X Wx,z

z W⊤
x,z Wz,z


︸ ︷︷ ︸

M

:=

1 0
0 In
0 Diag(u)

(1 x⊤

x X

)1 0
0 In
0 Diag(u)

⊤

with ui =
xi
Xi,i

if Xi,i > 0 and 0 otherwise, is positive semidefinite as a positive semidefinite matrix,

left and right multiplied by a matrix and the same matrix transposed. Hence, we consider the

matrices Wz,z,Wx,z as defined above. Moreover, we note that the vector z defined as a block of

the matrix M is equal to our original z. Indeed, (Diag(u)x)i = (x ◦u)i = x2i
Xi,i

= zi.

To complete the proof, we verify that M gives a feasible solution to (EC.2). First, by the Schur

complement lemma, we have

M ⪰ 0 if and only if W =

(
X Wx,z

W⊤
x,z Wz,z

)
⪰
(
x
z

)(
x
z

)⊤

.

Second, by the definition of Wz,z, we have

(Wz,z)ii =Xi,iu
2
i =

{
x2i
Xi,i

if Xi,i > 0

0 if Xi,i = 0
= zi,

because x2
i /Xi,i = zi. Finally, by the definition of Wx,z, we have

(Wx,z)ii =Xi,iui =

{
xi if Xi,i > 0

0 if Xi,i = 0
= xi.

Therefore, (z,x,W ) is feasible in (EC.3) and attains an equal objective value. □

We close this section by pointing out that Proposition EC.2 does not imply that Problem (EC.2)

cannot be useful in practice. Indeed, the variables Wz,z and Wx,z enable to express constraints

that further tighten the relaxation. For example, one can tighten Problem (EC.2)’s relaxation

by imposing the so-called triangle inequalities on (z,Wz,z), as derived by Padberg (1989). As

we demonstrate via a simple sparse linear regression example in Section EC.1.3, the equivalence

demonstrated in Proposition EC.2 does not hold in the presence of these triangle inequalities.
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EC.1.2. Goemans-Williamson Rounding for Logically Constrained Optimization

The equivalence result in Proposition EC.2 reveals that it is possible to reconstruct an optimal

Wz,z given an optimal solution to the semidefinite relaxation (EC.3) that involves z,x,X =Wx,x

only. This raises the following research question: how to use the reconstructed solution Wz,z as part

of a rounding scheme for constructing a high-quality solution to (EC.1). To answer this question,

Dong et al. (2015) observe, in the context of sparse regression, that the variable x being fixed,

the objective function in Problem (EC.1) is quadratic in z, given that xi = zixi. This observation

suggests that the rounding mechanism of Goemans and Williamson (1995) is a good candidate

for generating high-quality feasible solutions z to (EC.1). In particular, rounding for a binary z

using a Goemans-Williamson scheme, then solving for x with z being fixed to z̄. Accordingly,

we now describe a Goemans-Williamson rounding to logically constrained quadratic optimization

problems, in Algorithm EC.1 (see also Dong et al. (2015)).

Algorithm EC.1 Goemans-Williamson Rounding for Logically Constrained Optimization

Compute solution z⋆,W ⋆
z,z either by solving (EC.2), or solving(EC.3) and reconstructing W ⋆

z,z.

Sample ẑ ∼M(z⋆,W ⋆
z,z −z⋆z⋆⊤)

Construct z̄ ∈ {0,1}n : z̄i =Round(ẑi).

Compute x̄(z̄), an optimal x given z̄ by solving

min
x∈Rn

1

2
x⊤Qx+d⊤x s.t. Ax≤ b, xi = 0 if z̄i = 0,∀i∈ [n]

return z̄, x̄(z̄)

We remark that ẑ is sampled according to a normal distribution with covariance matrix W ⋆
z,z−

z⋆z⋆⊤ in Algorithm EC.1 to ensure that E[ẑẑ⊤] =W ⋆
z,z, and thus the random solution ẑ is feasible

and has an objective value equal to the optimal value of the semidefinite relaxation in expectation.

Unfortunately, it is challenging to produce a constant-factor approximation guarantee for Al-

gorithm EC.1, as discussed for the case of sparse linear regression by Dong et al. (2015). This

is perhaps unsurprising, indeed, solving logically constrained quadratic optimization problems is

strongly NP-hard (Chen et al. 2019). Nonetheless, the Goemans-Williamson algorithm is useful in

practice even in settings where we cannot obtain constant-factor theoretical guarantees.

In the main paper, we extend the Goemans-Williamson approach to logically constrained

quadratic optimization, mirroring the extension to further generalize our Shor relaxation and

Goemans-Williamson sampling scheme for semi-orthogonal quadratic optimization to low-rank

quadratic optimization problems.
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EC.1.3. Non-Equivalence of Shor and Optimal Perspective Relaxations

Consider a sparse linear regression problem setting of the form

min
β∈Rp

∥Xβ−y∥22 s.t. ∥β∥0 ≤ k,

and its two semidefinite relaxations: (a) Problem (EC.2) reinforced with the triangle inequalities

zi + zj + zl ≤Zi,j +Zi,k +Zj,k +1 ∀i, j, k ∈ [n],

Zi,j +Zi,k ≤ zi +Zj,k ∀i, j, k ∈ [n],

and (b) the more compact semidefinite relaxation (EC.3), which as proven in Proposition EC.2 is

equivalent to Problem (EC.2) (without the triangle inequalities).

Let the problem data be p= 6, n= 8, k= 3 and

X =



1.04 0.97 0.35 0.34 0.04 0.62
1.13 1.08 0.66 0.78 0.85 0.45
1.50 2.54 1.73 0.11 −1.06 −0.41
0.65 −1.42 −1.52 −1.03 −0.11 0.81
0.49 −1.17 −1.58 0.60 0.70 1.53
0.51 −1.34 −1.53 0.07 −0.10 0.17
0.81 2.63 −0.90 1.73 1.36 1.73
0.76 0.71 0.08 −0.20 −0.57 −0.13


, y=



0.43
0.84
1.15
−2.22
−1.44
−1.94
−3.18
−2.44


.

Then, using Mosek version 10.2 to solve all relaxations and Gurobi version 10.0.2 to solve the

mixed-integer problem:

• Relaxation (a) has an optimal objective value of 1.45886.

• Relaxation (b) has an optimal objective value of 1.4118.

• The original MINLO has an optimal objective value of 1.5336.

Thus, the Shor relaxation with triangle inequalities and the more compact semidefinite relaxation

are not equivalent.

EC.2. Connection with Binary Quadratic Optimization and the Original
Goemans-Williamson Algorithm

We now connect our quadratic semi-orthogonal optimization problem (4), its semidefinite relaxation

(9), and our rounding algorithm (Algorithm 2) to the canonical binary quadratic optimization

problem.

Consider a binary quadratic optimization problem (1). For each i= 1, . . . , n, define ui = ziei. By

construction, we have u⊤
i uj = 0 if i ̸= j and u⊤

i ui = z2i = 1. With this notation,

z⊤Qz =
∑
i,j

Qi,jzizj =
∑
i,j

u⊤
i eiQi,je

⊤
j uj =

∑
i,j

u⊤
i A

(i,j)uj,

with A(i,j) := Qi,jeie
⊤
j . In particular, we have that Q ⪰ 0 ⇐⇒ A ⪰ 0. Hence, in the variable

U = [u1 · · ·un]∈Rn×n we have a quadratic semi-orthogonal problem of the form (4). We have the
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additional constraints that each vector ui is colinear to ei, i.e., constraints of the form Uj,i = 0 for

j ̸= i.

We introduce the variable W = vec(U) vec(U)⊤ and write the semidefinite relaxation (9). The

constraints on the support of U further impose that each block of W is of the form W (i,j) =

Zi,jeie
⊤
j . The objective of (9) can thus be written as

⟨A,W ⟩=
∑
i,j

⟨A(i,j),W (i,j)⟩=
∑
i,j

Qi,jZi,j,

and the constraints on the matrix W are equivalent to:

W ⪰ 0 : Z ⪰ 0,

tr(W (j,j′)) = δj,j′ : Zj,j = 1,∑
i∈[n]

W (i,i) ⪯ In : Diag(Z1,1, . . . ,Zn,n)⪯ In.

So, we recover the semidefinite relaxation of BQO, (2), exactly.

Consider a solution to the semidefinite relaxation (9), W ⋆, and Z⋆ such that W ⋆(i,j) =Z⋆
i,jeie

⊤
j .

By sampling vec(G)∼N (0,W ⋆), the sparsity pattern of W ⋆ implies that each column of G, gi,

is of the form gi = yiei, with y∼N (0,Z⋆). In this case, the matrix G is diagonal and its SVD can

be written

G=UΣV ⊤ := In

|y1| . . .
|yn|


sign(y1)

. . .
sign(yn)

 .

We then generate Q=UDV ⊤ for some random diagonal matrix D. Each column of Q, qi, can

be expressed as qi =Di,i sign(yi)ei and we can identify the feasible solution to the BQO problem

as ẑi =Di,i sign(yi). If we had taken D = In in Algorithm 2, then we would get qi = sign(yi)ei,

i.e., ẑi = sign(yi), which is precisely the original Goemans-Williamson algorithm (Algorithm 1).

Instead, Di,i ∈ {±1} is sampled at random with

P(Di,i = 1)=
1

2

(
1+

σi

σmax

)
=

1

2

(
1+

|yi|
maxj |yj|

)
.

We can interpret our algorithm as a regularization of the Goemans-Williamson procedure. If |yi|

is very large, then we would get Di,i = 1 with high probability, and we would follow the Goemans-

Williamson rounding rule ẑi = sign(yi) closely. On the other hand, if |yi| is close to 0, we disregard

the sign of yi and instead sample ẑi =±1 with probability 0.5
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EC.3. Technical Appendix to Section 2

EC.3.1. Bounding the Largest Singular Values of the Stochastic Matrix G

In this section, we prove concentration results on σmax(G) (Lemma 1).

As described in Section 2.2, in our implementation of Algorithm 2, we sample vec(G) ∼

N (0nm,W
⋆) as vec(G) =

∑
k∈[r] vec(Bk)zk with z ∼N (0r,Ir) and W ⋆ =

∑
k∈[r] vec(Bk) vec(Bk)

⊤

a Cholesky decomposition of W ⋆ This construction interprets G as a matrix series, G =∑
k∈[r]Bkzk, as studied in the statistics literature (see, e.g., Tropp 2015).

To analyze the behavior of σmax(G), it is important to understand the spectral behavior of∑
kB

⊤
k Bk and

∑
kBkB

⊤
k .

Lemma EC.1. Let W be a feasible solution of (9) and consider a Cholesky decomposition of W ,

W =
∑

k∈[r] vec(Bk) vec(Bk)
⊤ with r= rank(W ) and Bk ∈Rn×m. Then, we have∑
k

B⊤
k Bk = Im, and

∑
k∈[r]

BkB
⊤
k ⪯ Im.

Proof of Lemma EC.1 Noting that W (i,j) =
∑

k∈[r]Bkeie
⊤
j B

⊤
k , we have(∑

k

B⊤
k Bk

)
i,j

=
∑
k∈[r]

e⊤
i B

⊤
k Bkej = tr(W (i,j)),

and
∑
k∈[r]

BkB
⊤
k =

∑
k∈[r]

∑
i∈[m]

Bkeie
⊤
i B

⊤
k =

∑
i∈[m]

W (i,i).

The fact that W satisfies the constraints in (9) concludes the proof. □

We can now prove Lemma 1.

Proof of Lemma 1 For the first inequality, we use the simple bound σmax(G)2 ≤ ∥G∥2F . Then,

we have E [∥G∥2F ] = tr(E [G⊤G]) = tr (
∑

kB
⊤
k Bk) =m. Hence, E [σmax(G)2]≤m.

For the second bound, this is a consequence of tail bounds for Gaussian matrix series. While

typical results provide a logarithmic dependency in (n+m) (see equation (4.1.7) in Tropp 2015),

we can obtain bounds that only depend on m by leveraging the fact that the matrix
∑

kBkB
⊤
k ,

although n× n, has trace m ≤ n. Specifically, to apply theorem 1 of Gao et al. (2024), we first

define the following Hermitian Gaussian series

Y :=
∑
k

zkAk with Ak :=

(
0 Bk

B⊤
k 0

)
.

By construction, σmax(G) = λmax(Y ) and∑
k

A2
k =

(∑
kBkB

⊤
k 0

0
∑

kB
⊤
k Bk.

)
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From Lemma EC.1, we have
∑

kA
2
k ⪯ In+m so λmax(

∑
kA

2
k) ≤ 1. Furthermore, tr(

∑
kA

2
k) =

2tr(
∑

kB
⊤
k Bk) = 2m. Then, according to the proof of theorem 1 in Gao et al. (2024), for any

t, θ > 0, we have (equation 22),

P (σmax(G)> t) = P (λmax(Y )> t)≤ (2m)
eθ

2/2− 1

eθt− 1
.

Taking θ= t and using the fact that
x− 1

x2− 1
=

1

x+1
≤ 1

x
, we finally get

P (σmax(G)> t)≤ (2m)e−t2/2,

as claimed. Finally, to convert this tail bound into a bound on E[σmax(G)2] we use the characteri-

zation of the expected value for non-negative random variables:

E[σmax(G)2] =

∫ ∞

0

P
(
σmax(G)2 ≥ t

)
dt=

∫ ∞

0

P
(
σmax(G)≥

√
t
)
dt

=

∫ τ

0

P
(
σmax(G)≥

√
t
)
dt+

∫ ∞

τ

P
(
σmax(G)≥

√
t
)
dt,

with τ := 2 log(2m) (such that 2me−τ/2 = 1). We bound the probability in the first integral by 1.

For the second integral, we have from our tail bound∫ ∞

τ

P
(
σmax(G)≥

√
t
)
dt≤ (2m)

∫ ∞

τ

e−t/2dt= (2m)
[
−2e−t/2

]∞
τ
= 2

All together, we get E[σmax(G)2]≤ τ +2= 2 log(2m)+ 2. □

EC.3.2. Proof of Proposition 2

In this section, we construct an example of a matrix W for which Algorithm 2 cannot achieve a

performance guarantee that scales better than 1/ logm.

Consider m orthonormal vectors u1, . . . ,um and apply Algorithm 2 with a covariance matrix W

defined as

W (i,i) =uiu
⊤
i , and W (i,j) = αuiu

⊤
j ,

for some α ∈ (0,1). This matrix satisfies all the constraints of the semidefinite relaxation (9). The

columns of the matrix G generated by Algorithm 2 are of the form

gi = ziui, with z ∼N
(
0, (1−α)Im +αee⊤) .

The SVD of G is precisely

G=U

|z1| . . .
|zm|


sign(z1)

. . .
sign(zm)

 .

Hence, σmax =maxi |zi|2 and the columns of the matrix Q are of the form

qi = diui, with P(di = 1)= 1−P(di =−1) =
1+ |zi|/σmax

2
.
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In particular, qiq
⊤
i =uiu

⊤
i a.s., and conditioned on z, we have

E
[
qiq

⊤
j |z
]
=E [di|z]E [dj|z]uiu

⊤
j =

|zi||zj|
maxk |zk|2

uiu
⊤
j .

Let us denote bm(α) := E
[
|zi||zj|

maxk |zk|2

]
. If there exists a constant β > 0 such that

E[vec(Q) vec(Q)⊤]⪰ βW , then, applying it to the vector vec(U), we get

(1+ bm(α)(m− 1))m ≥ β(1+α(m− 1))m, i.e.,
1+ bm(α)(m− 1)

1+α(m− 1)
≥ β.

In other words, for large values of m, β =O

(
bm(α)

α

)
. Let us assume for now that there exists a

constant Cα > 0 such that

bm(α)≤
Cα

logm
, (EC.4)

then it rules out the existence of a constant β that vanishes to 0 as m→+∞ slower than 1/ logm,

thus ensuring that our analysis of Algorithm 2 is tight (in terms of dependency on m).

Proof of Equation (EC.4) For any a> 0,

E
[
|z1||z2|

maxk |zk|2

]
=E

[
|z1||z2|

maxk |zk|2
1(max

k
|zk|2 <a)

]
+E

[
|z1||z2|

maxk |zk|2
1(max

k
|zk|2 ≥ a)

]
≤ P(max

k
|zk|2 <a)+

E [|z1||z2|]
a

,

where the inequality follows from the fact that |z1||z2|/maxk |zk|2 ≤ 1. We control each term sepa-

rately.

For the first term, let us write each random variable zk as zk =
√
1−αyk+

√
αg with y∼N (0,Im)

and g∼N (0,1) independent from y. Conditioned on g, we have z|g∼N (
√
αg, (1−α)Im), i.e., the

zk’s are i.i.d. Hence, conditioning on g, we have for the tail probability:

P
(
max

k
|zk|2 <a|g

)
= P

(
|zk|2 <a,∀k|g

)
=
∏
k

P
(
|zk|<

√
a|g
)
= P

(
|z|<

√
a
)m

with z ∼N (
√
αg,1−α). Denote p(g) := P (|z|<

√
a) = P (|N (

√
αg,1−α)|<

√
a). Observe that, for

any α and any a> 0, the function g 7→ p(g) is maximized at g= 0. Hence, we have

P(|z|<
√
a)m = p(g)m ≤ p(0)m.

Furthermore,

p(0) = P
(
|N (0,1−α)|<

√
a
)
= 1− 2P

(
N (0,1−α)<−

√
a
)

and, denoting t= a/
√
1−α, we have

P
(
N (0,1−α)<−

√
a
)

= P
(
N (0,1)<−

√
t
)
≥ 1√

2π

1√
t+1/

√
t
e−t/2 ≥ 1√

2π

1

2
√
t
e−t/2;
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see (Vershynin 2018, Proposition 2.1.2) for a proof of the first inequality. Taking a= 2
√
1−α (1−

ϵ) logm for some ϵ∈ (0,1), i.e., t= 2(1− ϵ) logm yields

P (N (0,1−α)<−a)≥ 1

4
√
π

1√
(1− ϵ) logm

m−(1−ϵ),

and finally, we get

P
(
max

k
|zk|2 <a|g

)
≤ (1− 2P (N (0,1−α)<−a))m

≤ exp (−2mP (N (0,1−α)<−a))

≤ exp

(
− 1

2
√
π

1√
(1− ϵ) logm

mϵ

)
.

Taking the expectation over g, we obtain

P
(
max

k
|zk|2 <a

)
=E

[
P
(
max

k
|zk|2 <a|g

)]
≤ exp

(
− 1

2
√
π

1√
(1− ϵ) logm

mϵ

)
.

For the second term, (z1, z2) is a two-dimensional Gaussian vector with unit variance and corre-

lation α. We have E[|z1z2|] =E[|z1||z2|]≤
√

E[z21 ]
√
E[z22 ] = 1.

All together, we have

E
[
|z1||z2|

maxk |zk|2

]
≤ P(max

k
|zk|2 <a)+

E [|z1||z2|]
a

≤ exp

(
− 1

2
√
π

1√
(1− ϵ) logm

mϵ

)
+

1

2
√
1−α(1− ϵ) logm

.

For any value of ϵ, we must have mϵ ≥ 2
√

π(1− ϵ) logm (log logm) for sufficiently large m, in which

case we have

E
[

y2
i

maxk |yk|2

]
≤ 1

logm
+

1

2
√
1−α(1− ϵ) logm

,

which proves Equation (EC.4). □

EC.3.3. Proof of Theorem 2

In this section, we prove Theorem 2. Actually, we will obtain Theorem 2 as a special case of a more

general performance guarantee for Algorithm 2, which we now formally state and prove.

Theorem EC.1. Let G ∈ Rn×m be a Gaussian matrix generated by Algorithm 2. Then, for any

T ≥ 0 and δ ∈ (0,1), G satisfies the inequality:

E
[
vec(G)vec(G)⊤

σmax(G)2

]
⪰
(
βn,m(T )+

e−2T log(6m/δ)

2 log(6m/δ)

(
1−
√
δ
))

W ⋆, (EC.5)

with

βn,m(T ) := min
λ∈[0,1]

∫ T

0

(
1+2tm

1−λ

nm− 1

)−(nm−1)/2

(1+2tmλ)−3/2dt.
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We can numerically optimize for T ≥, δ ∈ (0,1) to compute the tightest constant and better evaluate

the performance of our algorithm. We recover Theorem 2 by setting T =∞. Qualitatively, we

recover the same Θ(1/ logm) asymptotic regime as Theorem 1 by taking T = 0:

E
[
vec(G)vec(G)⊤

σmax(G)2

]
⪰ 1−

√
δ

2 log(m)+ 2 log(6/δ)
W ⋆,

which scales like 1/(2 logm).

Proof of Theorem EC.1 For any T ≥ 0, we can write

1

σmax(G)2
=

∫ T

t=0

e−tσmax(G)2dt+

∫ ∞

t=T

e−tσmax(G)2dt. (EC.6)

By Tonelli’s theorem (e.g., Grimmett and Stirzaker 2020), and using non-negativity of each term

in the integral, this leads to

E
[
vec(G)vec(G)⊤

σmax(G)2

]
=

∫ T

t=0

E[vec(G)vec(G)⊤e−tσmax(G)2 ]dt︸ ︷︷ ︸
J1(T )

+

∫ ∞

t=T

E[vec(G)vec(G)⊤e−tσmax(G)2 ]dt︸ ︷︷ ︸
J2(T )

.

The rest of the proof follows by deriving lower bounds for each integral J1(T ) and J2(T ), and

combining them. We obtain a bound that is valid for any T ≥ 0, and thus can be optimized with

respect to T to obtain the tightest possible lower bound.

Lower bound on J1(T ): We use the operator bound σmax(G)2 ≤ ∥G∥2F to obtain

J1(T )⪰
∫ T

t=0

E[vec(G)vec(G)⊤e−t∥G∥2F dt.

The inner expectation can be computed analytically: Denote r = rank(W ∗) ≤ nm and consider

an eigenvalue decomposition of W ⋆, W ⋆ = HΛH⊤. We have the multivariate normal identity

vec(G) =HΛ1/2z, with z ∼N (0r,Ir) and thus

E[vec(G)vec(G)⊤ exp(−t∥G∥2F )] =HΛ1/2E[zz⊤ exp(−tz⊤Λz)]Λ1/2H⊤.

Furthermore,

E[zz⊤ exp(−tz⊤Λz)] =
1

(2π)r/2

∫
zz⊤ e−tz⊤Λze−

1
2
z⊤zdz =

1√
det(Inm +2tΛ)

(Ir +2tΛ)−1,

by completing the square. So, the first integral is lower bounded by

HΛ1/2BΛ1/2H⊤ with B :=

∫ T

0

1√
det(Inm +2tΛ)

(Ir +2tΛ)−1dt.

Indeed, if there existed a scalar β > 0 such thatB ⪰ βIr, then we could conclude that J1(T )⪰ βW ⋆.

To find such β, observe that B is a diagonal matrix with diagonal entries∫ T

0

r∏
i′=1

(1+2tΛi′)
−1/2

(1+2tΛi)
−1dt.
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Hence, it is sufficient to find a lower bound on the diagonal entries of B. Given the constraints

on W ⋆, the eigenvalues Λ must satisfy: Λi ≥ 0 (from W ⋆ ⪰ 0),
∑r

i=1Λi = m (from tr(W ⋆) =∑m

i=1 tr(W
⋆(i,i)) =m). Hence, we can take

β = min
Λ∈[0,m]r :

∑r
i=1 Λi=m

∫ T

0

r∏
i=1

(1+2tΛi′)
−1/2

(1+2tΛ1)
−1dt.

For any t ≥ 0, the function Λ 7→
∫ T

0

∏r

i=1 (1+2tΛi′)
−1/2

(1 + 2tΛ1)
−1 is log-convex, hence is

convex (Boyd and Vandenberghe 2004, Section 3.5.1). By integration over t, the function Λ 7→∫ T

0

∏r

i=1 (1+2tΛi′)
−1/2

(1 + 2tΛ1)
−1dt is also convex. In addition, we observe that this function

is invariant by any permutation of the Λi, i > 1. So, by Jensen’s inequality, we can restrict our

attention to minimizers of the form Λ1 = λ, Λi =
m−λ

r− 1
, i > 1 without loss of optimality, and

β = min
λ∈[0,m]

∫ T

0

(
1+2t

m−λ

r− 1

)−(r−1)/2

(1+2tλ)−3/2dt. (EC.7)

Recall that for any scalar x, the sequence (1+x/k)−k is monotonically decreasing and converges

to e−x. As a result, for a fixed value of t and λ, the integrand is decreasing in r = rank(W ⋆).

Looking at the worst case, we have

β ≥ βn,m(T ) := min
λ∈[0,m]

∫ T

0

(
1+2t

m−λ

nm− 1

)−(nm−1)/2

(1+2tλ)−3/2dt

= min
λ∈[0,1]

∫ T

0

(
1+2tm

1−λ

nm− 1

)−(nm−1)/2

(1+2tmλ)−3/2dt,

where we relabel λ← λ/m to normalize the optimization problem.

Lower bound on J2(T ): For the second integral, we leverage tail bounds on σmax(G)2; see

Lemma 1. For any θ > 0, we have∫ ∞

t=T

e−tσmax(G)2dt=
e−Tσmax(G)2

σmax(G)2
≥ e−Tθ

θ
(1−1(σmax(G)2 > θ)).

So for any unit vector u,

u⊤
(∫ ∞

t=T

E[vec(G)vec(G)⊤e−tσmax(G)2 ]dt

)
u≥ e−Tθ

θ

(
u⊤W ∗u−E

[
(vec(G)⊤u)2(1(σmax(G)2 > θ)

])
,

For the last term, we apply Cauchy-Schwarz to get

E
[
(vec(G)⊤u)2 (1(σmax(G)2 > θ)

]
≤
√

E [(vec(G)⊤u)4] E [(1(σmax(G)2 > θ)]

≤
√
3 (u⊤W ∗u)

√
2me−θ/4,

where the last inequality follows from 4th moment formula for multivariate Gaussian variables

(E[Z4] = 3σ4) applied to Z := vec(G)⊤u∼N (0,u⊤W ⋆u); and the tail bound P(σmax(G)2 > θ)≤

2me−θ/2 (Lemma 1). All together,

J2(T )⪰
e−Tθ

θ

(
1−
√
6me−θ/4

)
W ∗.
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Taking θ= 2 log(6m/δ) for δ ∈ (0,1), we get

J2(T )⪰
e−2T log(6m/δ)

2 log(6m/δ)

(
1−
√
δ
)
W ∗. (EC.8)

Combining the bounds for J1(T ) and J2(T ) concludes the proof. □

Remark EC.3. We observe that the first part of the bound, J1(T ), is obtained by looking at

the worst-case instance over all covariance matrices W ⋆. In particular, Equation (EC.7) provides

a tighter value of βn,m(T ) that depends explicitly on the rank of W ⋆, r, instead of the ambient

dimension n. For instance, if r= 1, we get

β = min
λ∈[0,m]

∫ T

0

(1+2tλ)−3/2dt= min
λ∈[0,m]

1− (1+2λT )−1/2

λ
=

1− (1+2mT )−1/2

m
.

Alternatively, by the Barvinok-Pataki bound, we know there exists some optimal solution W ⋆

with rank at most n+m and we could use this bound to refine our constant. Furthermore, if W ⋆

has additional structure (e.g., W ⋆ is block diagonal), we can derive additional constraints on the

eigenvalues Λ, hence tighter constants βn,m(T ).

We now provide some interesting qualitative features of the bound in Theorem EC.1.

Proposition EC.3. The constant

βn,m(T ) = min
λ∈[0,1]

∫ T

0

(
1+2tm

1−λ

nm− 1

)−(nm−1)/2

(1+2tmλ)−3/2dt.

in Theorem EC.1 satisfies the following properties:

(a) For any T ≥ 0 and any integer m, the constant βn,m(T ) is non-increasing in n.

(b) For any T ≥ 0 and any integer n, the constant βn,m(T ) is non-increasing in m wherever it exists

(n≥m) .

(c) For any T ≥ 0, any m, we have

βn,m(T ) →
n→+∞

β∞,m(T ) = min
λ∈[0,1]

∫ T

0

e−tm(1−λ) (1+2tmλ)−3/2dt.

(d) For any T ≥ 0 and any integer n,m (with n≥m), we can also express βn,m(T ) as

βn,m(T ) = min
λ∈[0,1]

EX∼χ2
1,Y∼χ2

nm−1

[
X

m(1−λ)

nm−1
Y +mλX

(
1− e

−
Tm(1−λ)

nm−1
Y−TmλX

)]
.

(e) For any T ≥ 0 and any integer m, we can also write β∞,m(T ) as

β∞,m(T ) = min
λ∈[0,1]

EX∼χ2
1

[
X

m(1−λ)+mλX

(
1− e−T (m(1−λ)+mλX)

)]
.

(f) For m= 1, taking T =∞ in (EC.5) is optimal and the inequality

E
[
vec(G)vec(G)⊤

σmax(G)2

]
⪰ βn,m(∞)W ⋆

is tight (in the sense that there exists a covariance matrix W ⋆ satisfying it at equality).

Proof of Proposition EC.3 We prove each claim separately.
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Claim (a) For any λ∈ [0,1] and t∈ [0, T ], the integrand(
1+2tm

1−λ

nm− 1

)−(nm−1)/2

(1+2tmλ)−3/2

is decreasing in n. Integrating over t and minimizing over λ gives βn+1,m(T )≤ βn,m(T ).

Claim (b) For any λ∈ [0,1] and t∈ [0, T ], we claim that the integrand(
1+2tm

1−λ

nm− 1

)−(nm−1)/2

(1+2tmλ)−3/2

is decreasing in m. To see this, first observe that (1+2tmλ)−3/2 is obviously decreasing in m. Next,

consider the quantity

(
1+2tm

1−λ

nm− 1

)−(nm−1)/2

. By letting u= nm− 1, a= 2t(1−λ)/n≥ 0 and

c= a/(1+ a), we obtain the relationships

m

nm− 1
=

(u+1)/n

u
=

1

n

(
1+

1

u

)
,

and thus we get

1+2tm
1−λ

nm− 1
= 1+ a

(
1+

1

u

)
= (1+ a)

(
1+

c

u

)
, c :=

a

1+ a
∈ [0,1).

In particular, we have the equivalent polynomial (1 + a)−u/2(1 + c/u)−u/2. This polynomial is

decreasing in u, since h(u) := u log(1+ c/u) has derivative

h′(u) = log
(
1+

c

u

)
− c

u+ c
≥ 0,

because log(1+x)≥ x
1+x

for x> 0. Thus, the polynomial is also decreasing inm. Thus, the integrand

is decreasing in m, and integrating with respect to t gives the result.

Claim (c) The series (1+x/k)−k converging to e−x, we have that, for any λ∈ [0,1] and t∈ [0, T ],
the integrand monotonically converges to e−tm(1−λ) (1 + 2tmλ)−3/2, as n→∞. By the dominated

convergence theorem, the functions

fn(λ) :=

∫ T

0

(
1+2tm

1−λ

nm− 1

)−(nm−1)/2

(1+2tmλ)−3/2dt

are continuous and converge monotonically to f∞(λ) :=
∫ T

0
e−tm(1−λ) (1 + 2tmλ)−3/2dt. From

fn(λ) ≥ f∞(λ), we get βn,m(T ) ≥ β∞,n(T ). Taking λ⋆ the minimizer of the continuous function

f∞(λ) over the compact set [0,1], we have fn(λ
⋆) ≥ βn,m(T ) ≥ β∞,n(T ). In the limit, fn(λ

⋆)→
f∞(λ⋆) = β∞,m(T ) by continuity, so, by sandwiching, βn,m(T )→ β∞,m(T ).

Claim (d) Take Z ∼ N(0,1) and observe that for any scalar a > 0, E
[
e−aZ2

]
= (1 + 2a)−1/2,

which implies (by differentiation w.r.t. a) E
[
Z2e−aZ2

]
= (1+2a)−3/2. Introducing nm−1 additional

independent, standard normal random variables Z1, . . . ,Znm−1, we have(
1+2tm

1−λ

nm− 1

)−(nm−1)/2

(1+2tmλ)−3/2 =
nm−1∏
i=1

E
[
e
−

tm(1−λ)

nm−1
Z2
i

]
E
[
Z2e−tmλZ2

]
=E

[
Z2e

−
tm(1−λ)

nm−1

∑
i Z

2
i −tmλZ2

]
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=E
[
Xe

−
tm(1−λ)

nm−1
Y−tmλX

]
,

whereX ∼ χ2
1 and Y ∼ χ2

nm−1. Integrating over t∈ [0, T ] and invoking Tonelli’s theorem to exchange

the order of the integral and the expectation, we get∫ T

0

(
1+2tm

1−λ

nm− 1

)−(nm−1)/2

(1+2tmλ)−3/2dt=E
[∫ T

0

Xe
−

tm(1−λ)

nm−1
Y−tmλX

dt

]
=E

[
X

m(1−λ)

nm−1
Y +mλX

(
1− e

−
Tm(1−λ)

nm−1
Y−TmλX

)]
,

as claimed.

Claim (e) Taking Z ∼N(0,1) and making the same observations as in the proof of Claim (c),

we get

e−tm(1−λ) (1+2tmλ)−3/2 =E
[
Z2e−tmλZ2

e−tm(1−λ)
]
,∫ T

t=0

e−tm(1−λ) (1+2tmλ)−3/2dt=E
[
Z2

∫ T

t=0

e−tmλZ2

e−tm(1−λ)dt

]
=E

[
Z2 1− e−TmλZ2−T m(1−λ)

mλZ2 +m(1−λ)

]
,

where the second equality permutes the order of the integral and the expectation, according to

Tonelli’s theorem. Defining X :=Z2 ∼ χ2
1 leads to the expression of Claim (d).

Claim (f) Observe that for m= 1, σmax(G)2 = ∥G∥2F and βn,m(∞) is the tightest constant (over

all possible covariance matrices W ⋆) such that

E
[
vec(G)vec(G)⊤

∥G∥2F

]
⪰ βW ⋆.

□

EC.3.4. Computing the Approximation Constant for Finite n,m

We report the value of the constant βn,m = βn,m(∞) from Theorem (2) in Table EC.1 and the

constant from Theorem EC.1 in Table EC.2 for some values of n,m.

To compute these constants numerically in Julia, we model all integrals using Gauss-Kronrod

quadrature in t with a relative tolerance of 10−8 and an absolute tolerance of 10−10. We identify

an approximately optimal T using a grid of 1000 values distributed uniformly in log space over

[10−6,106], in addition to explicitly considering 0 and +∞. For each value of T , in our outer

maximization problem, we use golden section search with a tolerance of 10−8 to maximize for δ.

Given a value of T and δ, we minimize with respect to λ via an inner golden section search with a

tolerance of 10−8. To improve stability when t is large, we evaluate the two factors in the integrand

in the log domain and exponentiate at the end. The edge case nm= 1 is handled separately via its

analytic limit.

As a sanity check, we tightened all our tolerances by two orders of magnitude and increased the

grid resolution for T by an order of magnitude, and then recomputed our constants. We found that
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none of them changed to within the first six decimal places, which indicates that the aggregate

numerical error is below 10−6.

We observe that for m ≤ 13 and all n considered, the optimal constant is attained by setting

T =+∞. However, once m> 13, we obtain a strictly better constant by optimizing for T .

Finally, we made the observation in Remark EC.3 that one can marginally improve the constants

by leveraging the Barvinok-Pataki bound to bound the rank of W ⋆. For instance, when n=m= 2,

we find that it improves the approximation constant from 0.375 to 0.3877. However, for larger n,m,

the effects of this observation are negligible.
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EC.4. Counterexamples

EC.4.1. Non-Equivalence of Reduced Shor Relaxation and Shor Relaxation in Presence of

Permutation Equalities

Consider a low-rank matrix completion problem of the form

min
X∈Rn×m

1

2γ
∥X∥2F +

1

2

∑
(i,j)∈Ω

(Xi,j −Ai,j)
2 s.t. rank(X)≤ k,

and three semidefinite relaxations: (a) the matrix perspective relaxation as introduced in the paper

Bertsimas et al. (2023), (b) the semidefinite relaxation (16) with the inequalities on Wx,y and Wy,y,

(c) the semidefinite relaxation (17).

Let the problem data be γ = 100, k = 2, n= 7,m= 5, and suppose we are trying to impute the

following matrix, where ∗ denotes a missing entry:

A=



−2 ∗ −1 1 −1
∗ 4 −4 −5 −4
∗ −3 1 4 3
3 5 −5 −5 −1
7 8 −10 −8 1
3 1 −2 ∗ 5
7 7 −13 −8 ∗


.

Then (using Mosek version 10.2 to solve all semidefinite relaxations):

• The matrix perspective relaxation as introduced in the paper Bertsimas et al. (2023) has an

optimal objective value of 3.9275.

• The semidefinite relaxation (16) has an optimal objective value of 5.1387.

• The more compact semidefinite relaxation (17) has an objective value of 4.314.

• The method of Burer and Monteiro (2003) finds a feasible solution with objective value 9.495.

Thus, we conclude that the permutation inequalities in (16) are not redundant, and the reduction

in Theorem 3 does not hold in the presence of these inequalities. Nonetheless, the reduction is

useful because it produces a non-trivial lower bound after solving a smaller semidefinite problem.

EC.4.2. Partial Redundancy of Kronecker Constraints of Burer and Park (2024)

In this section, we support our discussion in Endnote 3 by demonstrating that if W ⋆ is a matrix

which is either (a) diagonal or (b) of the form W (i,i) =uiu
⊤
i , W

(i,j) = αuiu
⊤
j for α∈ [0,1], then the

Kronecker constraints introduced by Burer and Park (2024) are redundant. This shows that the

order of our approximation guarantee for Algorithm EC.1 would not be improved from O(1/ logm)

by imposing the Kronecker constraints of Burer and Park (2024), since it does not rule out the

family of worst-case matrices W ⋆ studied in Proposition 2.

To show our claim holds, we first remind the reader of the form of the Kronecker product

constraints proposed in Burer and Park (2024). Note that, as there is no linear term in the objective
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function of (4), the term U in (Burer and Park 2024, Section 2.3)’s constraint can be set to 0

without loss of generality. With this simplification, for each i∈ [m] and p∈ [n], define the matrices

Kip := eie
⊤
m+p +em+pe

⊤
i ∈ Sm+n.

Then, for any matrix W ∈ Smn
+ , (Burer and Park 2024)’s Kronecker constraint is equivalent to

M(W ) := I(m+n)2 +
m∑

i,j=1

n∑
p,q=1

[W (i,j)]pq Kip⊗Kjq ⪰ 0. (EC.9)

We now compare (EC.9) against the constraints

W ⪰ 0, tr
(
W (j,j)

)
= 1 ∀j ∈ [m],

m∑
j=1

W (j,j) ⪯ In. (EC.10)

via the following results:

Lemma EC.2 (Partial redundancy of Kronecker constraints). Under (EC.10) the follow-

ing properties hold:

(i) If W ∈ Smn
+ is a diagonal matrix then M(W )⪰ 0.

(ii) Let W ∈ Smn
+ be a matrix of the form

W (i,i) =uiu
⊤
i , W (i,j) = αuiu

⊤
j (i ̸= j).

for a set of orthonormal vectors u1, . . . ,um ∈Rn and α∈ [0,1]. Then, M(W )⪰ 0.

Proof of Lemma EC.2 We invoke an invariant subspace decomposition of Rm+n⊗Rm+n:

(i) Define W (i,i) =Diag(αi1, . . . , αin). From (EC.10) we have

n∑
p=1

αip = 1 (∀i), 0≤ αip ≤ 1 (∀i, p),
m∑
i=1

αip ≤ 1 (∀p). (EC.11)

In the Kronecker constraint (EC.9), Kip acts non-trivially only on the two–dimensional subspace

Sip := span{ei, em+p}, where it is the exchange matrix J :=
[
0 1
1 0

]
. Hence, on the Sip ⊗ Sip the

restriction of I +αip(Kip⊗Kip) equals I4 +αip(J ⊗J) and has eigenvalues 1±αip ∈ [0,2].

The remaining coupling occurs on

T := span{ei⊗ ei : 1≤ i≤m} ⊕ span{em+p⊗ em+p : 1≤ p≤ n}.

Summing over (i, p), the restriction of M(W ) to T is[
Im A

A⊤ In

]
, A := (αip)i≤m, p≤n. (EC.12)

By the Schur complement lemma, (EC.12) is positive semidefinite when the spectral norm of A

does not exceed 1, i.e., ∥A∥σ ≤ 1, which holds for any diagonal W that satisfies (EC.10). Moreover,

on the orthogonal complement of T , M(W ) = I(m+n)2 ⪰ 0. Therefore, M(W )⪰ 0.
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(ii) Define the auxiliary vectors wi :=
∑n

p=1(ui)p em+p ∈ Rm+n, so that ⟨wi,wj⟩= ⟨ui,uj⟩= δij,

and further define

Ki :=
n∑

p=1

(ui)pKip = eiw
⊤
i +wie

⊤
i .

Then, each Ki acts as J on the two–dimensional subspace Si := span{ei,wi}, and vanishes on S⊥
i .

Moreover, the subspaces {Si}mi=1 are pairwise orthogonal. Plugging W (i,j) into (EC.9) yields

M(W ) = I + αS⊗S + (1−α)
m∑
i=1

Ki⊗Ki, S :=
m∑
i=1

Ki. (EC.13)

Since Si ⊥Sj for i ̸= j, Rm+n⊗Rm+n decomposes orthogonally as

m⊕
i,j=1

(
Si⊗Sj

)
⊕ S⊥,

and M(W ) is block–diagonal with respect to this splitting. On each block:

• If i ̸= j, then S⊗S restricts toKi⊗Kj = J⊗J , while
∑

kKk⊗Kk vanishes; thusM(W )
∣∣
Si⊗Sj

=

I4 +α(J ⊗J), whose eigenvalues are 1±α (each with multiplicity two) and hence nonnegative

for α∈ [0,1].

• If i= j, then (EC.13) restricts to M(W )
∣∣
Si⊗Si

= I4 +(J ⊗J), whose spectrum is {2,2,0,0}.

• On S⊥, M(W ) = I.

Therefore, M(W )⪰ 0 for all α∈ [0,1]. □

We caution that Lemma EC.2 does not imply that the Kronecker constraints of Burer and Park

(2024) are always redundant. In fact, the numerical results in Burer and Park (2024) demonstrate

that Kronecker constraints substantially tighten our semidefinite relaxations for some instances,

albeit at the price of compromising numerical tractability. This situation is quite similar to the

use of triangle inequalities for Max-Cut: triangle inequalities do not improve the worst-case ap-

proximation ratio for max-cut beyond the Goemans-Williamson ratio of 0.87856 (O’Donnell and

Wu 2008), but they often improve the quality of semidefinite relaxations in practice, sometimes

substantially (Rendl et al. 2010).

EC.5. A Stronger Benchmark via Linear Algebra Techniques

To further evaluate the performance of Algorithm 2, we propose a benchmark for constructing a

feasible solution to (4). The procedure is inspired by the deflation procedure for PCA and considers

eigenvectors of the on-diagonal blocks A. Because it ignores the off-diagonal blocks of A in the

design of U , we show that it leads to a 1/m2–approximation guarantee, which is better than

uniform sampling for m≪ n but weaker than Algorithm 2.

Algorithm (EC.2) constructs the columns of U : To compute ui, it projects the diagonal block

A(i,i) onto the subspace orthogonal to the columns already constructed, u1, . . . ,ui−1, and takes

its leading eigenvector. In practice, we can process the diagonal blocks in any order, with each
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ordering leading to a different candidate solution. In our implementation, we consider N random

permutations of {1, . . . ,m} and generate N feasible solutions to allow for a fair comparison with

our sampling-based approach.

Algorithm EC.2 A Deflation-Inspired Benchmark for Orthogonality Constrained Optimization

Require: Positive semidefinite matrix A∈ Snm
+

Initialize U = 0

for i= 1, . . . ,m do

Define B = (In−ui−1u
⊤
i−1) · · · (In−u1u

⊤
1 )A

(i,i)(In−u1u
⊤
1 ) · · · (In−ui−1u

⊤
i−1)

Compute vi ∈ argmaxx ∥x∥2=1 x⊤Bx

Define ui = zivi with P(zi = 1) = 1−P(zi =−1) = 1/2.

end for

return Semi-orthogonal matrix U

We can show the following guarantee for this deflation procedure:

Proposition EC.4. Let Q be generated according to Algorithm EC.2 with a random ordering of

the blocks. Then, we have

E
[
⟨A,vec(Q)vec(Q)⊤⟩

]
≤ max

U∈Rn×m:U⊤U=Im

[
⟨A,vec(U)vec(U)⊤⟩

]
≤m2E

[
⟨A,vec(Q)vec(Q)⊤⟩

]
.

Remark EC.4. Observe that if A is a block diagonal matrix with identical on-diagonal blocks

A(i,i) =Σ and zero off diagonal blocks A(i,j) = 0 for i ̸= j, as in principal component analysis, then

the proposed algorithm corresponds to deflation in PCA and is thus exact.

Proof of Proposition EC.4 First, at iteration i, since qi is colinear to the leading eigenvector

of the matrix obtained by A(i,i) onto a space orthogonal to q1, . . . ,qi−1, we have that q⊤
i qj = 0 for

each i > j and thus Q is feasible, leading the left inequality holds.

Second, since zi, zj are i.i.d. with mean 0, in expectation, we have that E
[
q⊤
i A

(i,j)qj

]
= 0

for i ̸= j, and thus the expected objective value attained by Q is E[⟨vec(Q)vec(Q)⊤,A⟩] =∑
i∈[m]E[q⊤

i A
(i,i)qi] =

∑
i∈[m] v

⊤
i A

(i,i)vi. When treating the blocks in the order 1, . . . ,m, we have

E[⟨vec(Q)vec(Q)⊤,A⟩]≥ v⊤
1 A

(1,1)v1 = λmax(A
(1,1)). By taking the average over random permuta-

tions of {1, . . . ,m} as well, we get E[⟨vec(Q)vec(Q)⊤,A⟩]≥ 1

m

∑
i∈[m] λmax(A

(i,i)).

On the other hand,for any 2× 2 block of A we have(
A(i,i) A(i,j)

A(j,i) A(j,j)

)
⪰ 0,



e-companion to Authors’ names blinded for peer review: Goemans-Williamson Rounding for Low-Rank Optimization ec23

so for any orthogonal matrix U ,

u⊤
i A

(i,j)uj +u⊤
j A

(j,i)ui ≤u⊤
i A

(i,i)ui +u⊤
j A

(j,j)uj,

and
∑

i,j∈[m]

u⊤
i A

(i,j)uj ≤m
∑
i∈[m]

u⊤
i A

(i,i)ui ≤m
∑
i∈[m]

λmax(A
(i,i))≤m2E[⟨vec(Q)vec(Q)⊤,A⟩].

□

Remark EC.5. Our proof technique shows that E[⟨vec(Q)vec(Q)⊤,A⟩]≥ 1

m

∑
i∈[m] λmax(A

(i,i)).

Thus, Algorithm (EC.2) yields a 1/m-factor approximation when A is a block diagonal matrix

and a 1/(2m)-factor approximation when A is block diagonally dominant. In general, however, the

block diagonal objective bounds the full objective within a factor of m, hence the overall 1/m2

guarantee. It is also worth noting that the semidefinite
A(1,1) A(1,2) . . .A(1,m)

A(2,1) A(2,2) . . .A(2,m)

A(3,1)
...

. . .A(3,m)

A(m,1) A(m,2) . . .A(m,m)

⪯m


A(1,1) 0 . . .0
0 A(2,2) . . .0

0
...

. . . 0
0 0 . . .A(m,m)


which we implicitly prove as part of our approximation guarantee, is actually a special case of the

pinching inequality from quantum information theory (see Mosonyi and Ogawa 2015, Lemma II.2).

EC.6. Basis Pursuit Discussion

In this section, we support our discussion of compact relaxations for low-rank matrix completion

problems (Section 4.1) by demonstrating analogous results hold in the low-rank basis pursuit case.

Given a sample {Ai,j, (i, j)∈Ω⊆ [n]× [m]) of an exactly low-rank matrix A∈Rn×m, the goal of

the low-rank basis pursuit problem is to recover the lowest rank matrix X that exactly matches

all observed entries of A (Candès and Recht 2009). This problem admits the formulation:

min
Y ∈Yn

min
X∈Rn×m

tr(Y ) s.t. P(A) =P(X),X =Y X, (EC.14)

where P(A) denotes a linear map that masks the hidden entries of A,X such that P(A)i,j =Ai,j if

(i, j)∈Ω and 0 otherwise. Following Theorem 3 and applying RLT to the constraints Ai,j −Xi,j =

0,∀(i, j)∈Ω leads to the following relaxation

min
Y ∈Conv(Yn)

min
X∈Rn×m,W∈Snm

+

tr(Y )

s.t. Ai,jAk,ℓ−Ak,ℓXi,j −Ai,jXk,ℓ +(W (i,k))j,ℓ = 0,∀(i, j), (k, ℓ)∈Ω×Ω

Ai,j =Xi,j,∀(i, j)∈Ω

W ⪰ vec(X⊤)vec(X⊤)⊤,

(∑
i∈[n]W

(i,i) X⊤

X Y

)
⪰ 0,

(EC.15)

Similarly to the low-rank matrix completion case, the structure of the compact Shor relaxation

means that the off-diagonal blocks of W do not appear in either the objective nor any constraint
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involving Y . As we prove below, the off-diagonal blocks can, therefore, be eliminated from the

relaxation without impacting its optimal value:

Proposition EC.5. Problem (EC.15) attains the same objective value as

min
Y ∈Conv(Yn)

min
X∈Rn×m, Si∈Sm

+ ,i∈[n]
tr(Y )

s.t. Ai,jAi,ℓ−Ai,ℓXi,j −Ai,jXi,ℓ +(Si)j,ℓ = 0,∀(i, j), (i, ℓ)∈Ω×Ω

Ai,j =Xi,j,∀(i, j)∈Ω

Si ⪰Xi,·X
⊤
i,·,

(∑
i∈[n]S

i X⊤

X Y

)
⪰ 0,

(EC.16)

where Xi,· denotes a column vector containing the ith row of X.

Proof of Proposition EC.5 From a solution to (EC.15), defining Si :=W (i,i) yields a feasible

solution to (EC.16) with same objective value. In turn, let us consider a feasible solution to (EC.15),

(X,Y ,Si). Define the block matrix W ∈ Snm by setting W (i,i) =Si and W (i,k) =Xi,·X
⊤
k,·. Then,

it is not hard to see that W − vec(X⊤)vec(X⊤)⊤ is a block diagonal matrix with on-diagonal

blocks Si−Xi,·X
⊤
i,· ⪰ 0. Thus, W − vec(X⊤)vec(X⊤)⊤ ⪰ 0. Moreover,

(W (i,k))j,ℓ =

{
(Si)j,ℓ if i= k,

Xi,kXk,ℓ otherwise.

So the linear constraints indexed by (i, j), (i, ℓ)∈Ω×Ω are all satisfied. Thus, (X,Y ,W ) is feasible

in (EC.15) and attains the same objective value. □

The preprocessing techniques proposed here also apply directly to phase retrieval problems (cf.

Candès and Li 2014). Indeed, phase retrieval is essentially basis pursuit, except we replace the linear

constraint P(A−X) = 0 with other constraints ⟨gig
⊤
i ,X⟩= bi ∀i∈ I. However, the unstructured

nature of the linear constraints implies that eliminating as many variables may not be possible.

EC.7. Additional Numerical Results

This section complements Section 5.

EC.7.1. Additional Results for Semi-Orthogonal Quadratic Optimization

Table EC.3 reports the time required to solve our semidefinite relaxation (9) for different values of

m, using Mosek as the semidefinite optimization solver. Table EC.4 reports the time required by

each feasibility heuristic (excluding time to solve the relaxation when needed).
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Table EC.3 Computational time (average and standard deviation) for solving (9) for n= 50 and various values

of m. Results are aggregated over 5 instances.

m Average Time (s) Std Dev (s)

1 0.16 0.01
2 0.31 0.01
5 1.44 0.064

10 5.25 0.22
15 8.10 0.36
20 16.00 0.53
25 25.45 0.62
30 41.33 1.01
50 213.41 22.63

Table EC.4 Computational time (average and standard deviation) for different feasibility heuristics for n= 50

and various values of m. For methods that require solving the relaxation (9) (Alg. 2, Alg. 2 with projection, Burer

and Park (2024)), time for solving the relaxation is not included but reported in Table EC.3. Results are aggregated

over 5 instances.

m Alg. 2 Alg. 2 with projection Burer and Park (2024) Deflation Uniform
2 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 0.02 (0.02) 0.0 (0.0)
5 0.02 (0.0) 0.02 (0.0) 0.01 (0.0) 0.11 (0.02) 0.02 (0.0)

10 0.07 (0.01) 0.07 (0.01) 0.06 (0.0) 0.39 (0.12) 0.07 (0.01)
15 0.15 (0.0) 0.15 (0.0) 0.14 (0.0) 0.62 (0.02) 0.15 (0.0)
20 0.29 (0.03) 0.29 (0.03) 0.29 (0.06) 0.95 (0.02) 0.29 (0.03)
25 0.47 (0.04) 0.47 (0.04) 0.43 (0.0) 1.4 (0.01) 0.47 (0.04)
30 0.82 (0.28) 0.82 (0.28) 0.68 (0.01) 1.99 (0.01) 0.82 (0.28)
50 3.36 (1.62) 3.36 (1.62) 2.35 (0.06) 5.39 (0.01) 3.35 (1.63)

EC.7.2. Additional Results for Low-Rank Matrix Completion

Figure 3 compares the quality of different relaxations for low-rank matrix completion by returning

the optimality gap achieved, defined as the relative difference between the lower bound (obtained

by each relaxation) and one upper bound (obtained by alternating minimization, AM). Figure

EC.1 and EC.2 report the lower and upper bounds separately.
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(a) p= 0.5 (b) p= 0.95

Figure EC.1 Absolute lower bounds as we vary γ for (a) a matrix perspective relaxation (“MPRT”), (b) our

Shor relaxation with permutation equalities (“Shor-Perm”), (c) our compact Shor relaxation with

no permutation equalities (“GW-Red”), for p∈ {0.5,0.95} and n= 8.

(a) p= 0.5 (b) p= 0.95

Figure EC.2 Absolute upper bounds as we vary γ for the alternating minimization method of Burer and Monteiro

(2003) initialized at a rank-r SVD of P(A) for p∈ {0.5,0.95} and n= 8.

Figure EC.3 compares the same three relaxations in terms of computational time.
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(a) p= 0.5 (b) p= 0.95

Figure EC.3 Runtimes for (a) a matrix perspective relaxation (“MPRT”), (b) our Shor relaxation with permuta-

tion equalities (“Shor-Perm”), (c) our Shor relaxation with no permutation equalities (“GW-Red”),

for p∈ {0.5,0.95}, n= 8, and increasing γ.
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