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Abstract—It is known that sparse recovery by measurements
from random circulant matrices provides good recovery bounds.
We generalize this to measurements that arise as a random
orbit of a group representation for some finite group G. We
derive estimates for the number of measurements required to
guarantee the restricted isometry property with high probability.
Following this, we present several examples highlighting the role
of appropriate representation-theoretic assumptions.

Index Terms—compressed sensing, group representations.

I. INTRODUCTION

We are interested in recovering an s-sparse signal x ∈ Cn,
i.e. ∥x∥0 := |{j ∈ {1, . . . , n} | xj ̸= 0}| ≤ s, which is
measured by the linear measurement process

y = Φx

from as few measurements as possible. Here, Φ ∈ Cm×n

is called measurement matrix and y ∈ Cm is the vector
of observed measurements. For a matrix Φ ∈ Cm×n and
1 ≤ s ≤ n, the restricted isometry constant δs is the smallest
δ ≥ 0 such that

(1− δ)∥x∥22 ≤ ∥Φx∥22 ≤ (1 + δ)∥x∥22
for all s-sparse vectors x ∈ Cn. It is well known that if Φ
satisfies the above condition, also called restricted isometry
property, for a small enough constant δs, there exist efficient
algorithms that recover any s-sparse signal x, see [1], [2], [3].
It has been shown in [4] that if Φ is a Gaussian random matrix,
i.e its entries are independent and follow a normal distribution
with mean 0 and variance 1, and

m ≥ Cδ−2s ln
(n
s

)
(1)

holds, then δs ≤ δ with high probability. Moreover, all so far
known measurement matrices that provide optimal bounds, i.e.
m scales as in (1) [5], are random. However, in practice, one
usually has more structured measurement processes. Specific
choices of structured measurement matrices have been studied,
such as Random Partial Fourier Matrices in [6], or Partial
Random Circulant Matrices and Time-Frequency Structured
Random Matrices in [7].
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In this work however, we aim for a more general setup of
structured measurement matrices that arise from inner products
of the signal x with elements of some group orbit. To precisely
state the measurement matrix Φ of interest, we first need some
notation: Let G be a finite group. We define a projective
representation π : G → GL(Cn) to be a mapping such that
for all g, h ∈ G there exists λ(g, h) ∈ C with |λ(g, h)| = 1
and

π(g)π(h) = λ(g, h)π(gh).

π is called unitary if π(g) is unitary for every g ∈ G. Lastly, π
is a representation if λ(g, h) = 1 for all g, h ∈ G. For a more
detailed introduction to group representations see [8]. Lastly,
we call a random vector X on Cn L-subgaussian if EX = 0,
E|⟨X, θ⟩|2 = 1 for every θ ∈ Sn−1 and

P(|⟨X, θ⟩| ≥ t) ≤ 2 exp

(
− t2

2L2

)
for every θ ∈ Sn−1 and any t > 0. With this notation at hand
we are ready to define the measurement matrix Φ.

Definition 1. Let π : G → GL(Cn) be a unitary (projective)
representation. Fix some sampling set Ω = {ω1, . . . , ωm} ⊂ G
of size |Ω| = m. Let ξ be a random vector with independent
mean 0, variance 1, and L-subgaussian entries. Set

Φ =
1√
m

RΩ

(
π(g)ξ

)∗
g∈G

∈ Cm×n

where (π(g)ξ)g∈G denotes the matrix in Cn×n which columns
are the vectors π(g)ξ and RΩ : CG → Cm restricts a vector
to its entries in Ω, i.e. (RΩy)l = y(ωl).

A special case of Definition 1 are the Partial Random
Circulant Matrices mentioned before. Therefore, our main
result, Theorem 2, generalizes [7, Theorem 4.1]. We will make
this precise in Section III.

II. THE RESTRICTED ISOMETRY PROPERTY

Intuitively, different representations should give different
sparse recovery results. For example, it can be shown that
sparse recovery is not possible when considering the trivial
representation π(g) = Id. To measure this performance differ-
ence between representations, we have added the restriction
(2) in Theorem 2. Here, the size of the constant CΩ,π plays



a crucial role. It essentially characterizes how well a given
representation performs in sparse recovery. In Section III, we
present examples for the choice of CΩ,π .

The proof idea of Theorem 2 was first seen in [7].

Theorem 2. Let Φ be as in Definition 1. Further, let CΩ,π > 0
be a constant, which can depend on all of Ω’s characteristics
except its size m, such that

sup
1≤j≤n,y∈Cn

∥∥∥ 1√
m

RΩ

(
π(g)y

)∗
g∈G

ej

∥∥∥
2
≤
√

CΩ,π

m
∥y∥2 (2)

holds. If, for s ≤ n and δ, η ∈ (0, 1),

m ≥ cδ−2sCΩ,π max
{
(log(sCΩ,π) log n)

2, log(η−1)
}
, (3)

then with probability at least 1 − 2η, the restricted isometry
constant of Φ satisfies δs ≤ δ. Here, c > 0 only depends on
L.

Proof: We start by explaining the main idea of the proof:
The restricted isometry constant of Φ can be rewritten as
supremum of a chaos process for some set of matrices A.
For this type of process, we can then use the concentration
inequality of the following theorem.

Theorem 3. [7, Theorem 3.1] Let A be a set matrices, and let
ξ be a random vector whose entries ξj are independent, mean
0, variance 1 and L-subgaussian random variables. Define
d2→2(A) = supA∈A ∥A∥2→2 and dF (A) = supA∈A ∥A∥F .
By γ2(A, ∥ · ∥2→2) we denote Talagrand’s functional (see [7,
Definition 2.1]). Set

E = γ2(A, ∥ · ∥2→2)(γ2(A, ∥ · ∥2→2) + dF (A))

+ dF (A)d2→2(A),

V = d2→2(A)(γ2(A, ∥ · ∥2→2) + dF (A)),

U = d22→2(A).

Then, for t > 0,

P
(
sup
A∈A

∣∣∥Aξ∥22 − E∥Aξ∥22
∣∣ ≥ c1E + t

)
≤ 2 exp

(
−c2 min

{
t2

V 2
,
t

U

})
.

The constants c1, c2 > 0 depend only on L.

Then, it will be sufficient to find suitable bounds for
d2→2(A), dF (A) and γ2(A, ∥ · ∥2→2). Let us start with some
notation. Let

Ds,n = {x ∈ Cn | ∥x∥2 ≤ 1, ∥x∥0 ≤ s}

and for every x ∈ Cn define the matrix

Ax =
1√
m
RΩ (π(g)∗x)

∗
g∈G ∈ Cm×n.

Further, set A = {Ax | x ∈ Ds,n}. Since the entries of ξ are
independent and have mean 0 and variance 1, it holds

E|⟨ξ, y⟩|2 = E
n∑

i,j=1

yiyjξiξj =

n∑
i,j=1

yiyj Eξiξj︸ ︷︷ ︸
=δij

= ∥y∥22

for all y ∈ Cn. Together with the fact that the representation
π is unitary we get

E∥Axξ∥22 = E
∑
g∈Ω

1

m
|⟨ξ, π(g)∗x⟩|2 =

1

m

∑
g∈Ω

E|⟨ξ, π(g)∗x⟩|2

=
1

m

∑
g∈Ω

∥π(g)∗x∥22 = ∥x∥22

for all x ∈ Cn. Now we are able to rewrite the restricted
isometry constant as supremum of a chaos process, i.e

δs = sup
x∈Ds,n

∣∣∣∥Φx∥22 − ∥x∥22
∣∣∣ = sup

x∈Ds,n

∣∣∣∥Axξ∥22 − E∥Axξ∥22
∣∣∣.

For better readability, we prove bounds for the above quantities
separately in the following lemmata.

Lemma 4. It holds

∥Ax∥2→2 ≤
√

sCΩ,π

m
∥x∥2

for all x ∈ Cn with ∥x∥0 ≤ s. Thus, d2→2(A) ≤
√

sCΩ,π

m .

Proof: Let x ∈ Cn with ∥x∥0 ≤ s. We can rewrite the s-
sparse vector x as

∑
j∈J αjej with |J | ≤ s. Then, the triangle

inequality and Cauchy-Schwarz inequality give∥∥∥ 1√
m
RΩ(π(g)y)

∗
g∈Gx

∥∥∥
2
≤
∑
j∈J

|αj |
∥∥∥ 1√

m
RΩ(π(g)y)

∗
g∈Gej

∥∥∥
2

≤
∑
j∈J

|αj |
√

CΩ,π

m
∥y∥2

≤
√

CΩ,π

m
∥y∥2

√
|J |
(∑

j∈J

|αj |2
) 1

2

≤
√

sCΩ,π

m
∥y∥2∥x∥2

for all y ∈ Cn and g ∈ Ω. Since |⟨y, π(g)∗x⟩| = |⟨x, π(g)y⟩|
holds for all y ∈ Cn and g ∈ Ω, it follows that

∥Ax∥2→2 = sup
∥y|2=1

∥∥∥ 1√
m

RΩ

(
π(g)y

)∗
g∈G

x
∥∥∥
2
≤
√
sCΩ,π

m
∥x∥2.

Hence, d2→2(A) ≤
√

sCΩ,π

m .

Lemma 5. It holds dF (A) = 1.

Proof: Let x ∈ Cn with ∥x∥0 ≤ s. Then, π being unitary
implies

∥Ax∥2F =
1

m

∥∥∥RΩ (π(g)∗x)
∗
g∈G

∥∥∥2
F
=

1

m

∥∥∥ (π(g)∗x)g∈Ω

∥∥∥2
F

=
1

m

∥∥∥(π(g1)∗x | · · · | π(gm)∗x
)∥∥∥2

F

=
1

m

m∑
i=1

∥π(gi)∗x∥22 =
1

m

m∑
i=1

∥x∥22 = ∥x∥22.

Thus, dF (A) = 1.



Lastly, we have to bound the term γ2(A, ∥ · ∥2→2). In [9], a
bound in form of a Dudley integral (first considered in [10])

γ2(A, ∥ · ∥2→2) ≲

d2→2(A)∫
0

√
logN (A, ∥ · ∥2→2, t) dt

was shown. Here, A ≲ B means that there exists a universal
constant c1 > 0 such that A ≤ c1B. Usually, one then proves
two bounds for the covering number N (A, ∥ · ∥2→2, t), which
is the minimal number of open balls in (A, ∥ · ∥2→2) of radius
t that is needed to cover A. The first bound uses the empirical
method of Maurey [11] and the second one a volumetric
argument. This approach has also been used in several similar
settings, see [12] or [13].

Lemma 6. Let t > 0. We have the following inequalities:

logN (A, ∥ · ∥2→2, t) ≲
sCΩ,π

m

1

t2
log(n) log(4n)

and

logN (A, ∥ · ∥2→2, t) ≲ s

(
log
(
1 + 2

√
sCΩ,π√
mt

)
+ log

(en
s

))
.

Proof: Let t > 0. Define a set of matrices by

B = {A±
√
2e1

, . . . , A±
√
2en

, A±
√
2ie1

, . . . , A±
√
2ien

}.

It is easy to check that

Ds,n ⊆
√
s conv(±

√
2e1, . . . ,±

√
2en,±

√
2ie1, . . . ,±

√
2ien)

holds, where conv() denotes the convex hull. Combining this
with the fact that

A∑N
j=1 αjzj =

N∑
j=1

αj Azj

for all α1, . . . , αN ∈ C and z1, . . . , zN ∈ Cn, gives the
relation A ⊂

√
s conv(B). Thus,

N (A, ∥ · ∥2→2, t) ≤ N
(

conv(B), ∥ · ∥2→2,
1√
s
t

)
. (4)

To bound the right side we use [7, Lemma 4.2] which is
based on the empirical method of Maurey. Let N ∈ N,
(A1, . . . , AN ) ∈ BL and let (ej)Nj=1 be a random vector with
independent Rademacher distributed entries. It holds

Eϵ

∥∥∥ N∑
j=1

ϵjAj

∥∥∥
2→2

≲
√

log(n)max
{∥∥∥ N∑

j=1

A∗
jAj

∥∥∥
2→2

,

∥∥∥ N∑
j=1

AjA
∗
j

∥∥∥
2→2

} 1
2

≤
√

log(n)
( N∑

j=1

∥Aj∥22→2

) 1
2

where we used the non-commutative Khintchine inequality
due to Lust-Piquard [14], [15]. The definition of B and our
assumption on π in (2) gives√

log(n)
( N∑

j=1

∥Aj∥22→2

) 1
2 ≤

√
log(n)

√
2CΩ,π√
m

√
N.

Now it follows from [7, Lemma 4.2] that

logN
(
conv(B), ∥·∥2→2,

t√
s

)
≲

sCΩ,π

m

1

t2
log(n)log(4n). (5)

Putting (4) and (5) together yields the first inequality.
To prove the second inequality, first note by inspecting the

proof of Lemma 4 we have

∥Ax −Ay∥2→2 = ∥Ax−y∥2→2 ≤
√

CΩ,π

m
∥x− y∥1.

Therefore,

N (A, ∥ · ∥2→2, t) ≤ N

(
Ds,n,

√
CΩ,π

m
∥ · ∥1, t

)
.

Now following the arguments presented in Section 8.4 of [13]
shows that

N

(
Ds,n,

√
CΩ,π

m
∥ · ∥1, t

)
≤

(
1 + 2

√
sCΩ,π

m

1

t

)2s(en
s

)s
.

The second inequality follows immediately.
Now we are able to prove the bound for γ2(A, ∥ · ∥2→2).

Lemma 7. We have

γ2(A, ∥ · ∥2→2) ≲
√
CΩ,π

√
s

m

√
log(n) log(4n) log(sCΩ,π).

Proof: Using the first inequality that was shown in
Lemma 6 together with Lemma 4 yields

d2→2(A)∫
1√
m

√
logN (A, ∥ · ∥2→2, t) dt

≲

√
sCΩ,π

m∫
1√
m

√
CΩ,π

√
s

m

√
log(n)

√
log(4n)

1

t
dt

=
1

2

√
CΩ,π

√
s

m

√
log(n)

√
log(4n) log(sCΩ,π).

Performing a similar calculation as presented in Section 8.4
in [13] together with the second bound in Lemma 6 gives

1√
m∫

0

√
log(N (A, ∥ · ∥2→2, t)) dt

≲
√
s

1√
m∫

0

√
log
(en

s

)
+ log

(
1 + 2

√
sCΩ,π√
mt

)
dt

≤
√

s

m

(√
log
(en

s

)
+

√
log
(
e
(
1 + 2

√
sCΩ,π

)))
.



The statement follows from putting both inequalities together.
Note that if we were to just use the second bound we would
get worse scaling in the exponent of s.

With these three bounds at hand, we return to proving
Theorem 2. Let δ ∈ (0, 1). Using the above lemmata as well
as the inequality (3) yields

E ≤ δ2

c
+

δ√
c
+

δ√
c
≤ 3δ√

c
,

where we assumed that c ≥ 1. Now by choosing the constant
c large enough, we get the bound E ≲ δ

2c1
where c1 is the

absolute constant from Theorem 3. Using that same Theorem
then gives

P(δs ≥ δ) ≤ P
(
δs ≥ c1E +

δ

2

)
≤ 2 exp

(
− c2 min

{0.25δ2
V 2

,
0.5δ

U

})
.

Using the Lemmata 4, 5 and 7 as well as inequality (3) gives
the bound

2 exp
(
− c2 min

{0.25δ2
V 2

,
0.5δ

U

})
≤ 2 exp

(
− c2c

0.25(
c−

1
2 + 1

)2 log(η−1)

)
.

Choose the constant c again large enough and deduce that

2 exp

(
− c2c

0.25 log(η−1)(
c−

1
2 + 1

)2
)

≤ 2 exp
(
− log(η−1)

)
= 2η.

This establishes the theorem.

III. THE CONSTANT CΩ,π

The dependence of the estimate in Theorem 2 on the choice
of representation and sampling set is encapsulated in the con-
stant CΩ,π , on which the number of measurements m depends
linearly. The determination of this constant (preferably close
to 1) remains a challenge. In this section, we present some
examples that illustrate this fact.

The next proposition establishes that the optimal value 1 is
obtained by the left regular representation L : G → GL(CG),
defined by (L(g)f)(h) = f(g−1h).

Proposition 8. Let Φ be constructed by choosing the left
regular representation L and as in Definition 1. Then, it holds∥∥∥ 1√

m
RΩ

(
L(g)y

)∗
g∈G

eh

∥∥∥
2
≤
√

1

m
∥y∥2

for all y ∈ CG and all canonical vectors eh ∈ CG.

Proof: For y ∈ CG and a canonical vector eh we have∥∥∥ 1√
m
RΩ

(
L(g)y

)∗
g∈G

eh

∥∥∥2
2
≤ 1

m

∑
g∈G

|⟨eh, L(g)y⟩|2

=
1

m

∑
g∈G

|y(g−1h)|2 =
1

m
∥y∥22.

It is straightforward to verify that choosing G = Zn and
π = L results in Φ being a Partial Random Circulant Matrix
as examined in [7]. So, combining Theorem 2 and Proposition
8 generalizes [7, Theorem 4.1] from Zn to arbitrary, even non-
abelian, finite groups.

Remark 9. It is possible to generalize Proposition 8 to sub-
representations of the left regular representation L to a certain
degree by using more knowledge about group representations
than we have presented here.

To illustrate another advantage of stating Theorem 2 de-
pending on the sampling set as well as the representation, we
add one more example: Let p ∈ N be prime. We call the set
G = Zp × Z∗

p together with the operation

(k, l)(k′, l′) := (k + lk′ mod p, ll′ mod p)

the affine group. We define a unitary representation of G by

ρ : G → GL(Cp), (ρ(k, l)f)(j) = f(l−1(j − k))

for all (k, l) ∈ G.

Proposition 10. Let Φ be constructed by choosing the repre-
sentation ρ and as in Definition 1. Then, it holds∥∥∥ 1√

m
RΩ

(
ρ(k, l)y

)∗
(k,l)∈G

ej

∥∥∥
2
≤
√

|Ω2|
m

∥y∥2

for all y ∈ Cp and all canonical vectors ej ∈ Cp with
Ω2 := {l ∈ Z∗

p | ∃k ∈ Zp : (k, l) ∈ Ω}.

Proof: For y ∈ Cp and a canonical vector ej we have∥∥∥ 1√
m
RΩ

(
ρ(k, l)y

)∗
(k,l)∈G

ej

∥∥∥2
2
≤ 1

m

∑
l∈Ω2

p∑
k=1

|⟨ej , ρ(k, l)y⟩|2

=
1

m

∑
l∈Ω2

p∑
k=1

|y(lj + k)|2 =
|Ω2|
m

∥y∥22.

Since the measurement matrix is known, we can use that
knowledge by a priori restricting the sampling set Ω to be
a subset of e.g. G̃ = {(k, 1) ∈ G | k ∈ Zp}. Thus, we get
|Ω2| = 1 in Proposition 10 and CΩ,ρ = 1.

Remark 11. This idea of a priori restricting the sampling
set can actually be generalized to a broader class of rep-
resentations, namely induced representations of split group
extensions. The details will be provided elsewhere.

We want to finish this section with the following important
observation: The availability of sampling sets Ω with CΩ,π

close to 1 can depend on the realization of the representation.
For example, the realization of the left regular representation
of Zn in the Fourier domain gives a measurement matrix Φ that
does not do sparse recovery for any Ω. However, randomizing
the sampling set Ω and slightly adapting Φ allows for sparse
recovery independently of the chosen realization at the cost of
slightly larger sampling sets than prescribed in Theorem 2.

Understanding this phenomenon, as well as further ques-
tions that are linked to the analysis of the constant CΩ,π , is
still ongoing work and will be presented elsewhere.
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