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Logo 
The EPFL logo always features on the top left side of the documents in red.

Corporate Colors
When using colors, you must always choose the values listed here.

corp-id.epfl.chCORP-ID

ROUGE
C | 0 M | 100 J | 100 N | 0 
R | 255 V | 0 B | 0 
# FF0000 
PANTONE 485 C 
RAL 3020

GROSEILLE 
C | 30 M | 100 J | 100 N | 0 
R | 181 V | 31 B | 31 
# B51F1F 
PANTONE 3546 CP 
RAL 3000

ARDOISE
C | 30 M | 30 J | 30 N | 80 
R | 65 V | 61 B | 58 
# 413D3A 
PANTONE 405 CP 
RAL 8019

CANARD 
C | 90 M | 0 J | 30 N | 40 
R | 0 V | 116 B | 128 
# 007480 
PANTONE 7714 CP 
RAL 5025

LÉMAN 
C | 85 M | 0 J | 45 N | 0 
R | 0 V | 167 B | 159 
# 00A79F 
PANTONE 3272 CP 
RAL 5018

PERLE 
C | 25 M | 20 J | 20 N | 0 
RVB R | 202 V | 199 B | 199 
 # CAC7C7 
PANTONE 406 C 
RAL 7047

EPFL P-MEDIACOM
CM 2 263 – Station 10
Phone : +41 (0)21 693 70 84
E-mail : corp-id@epfl.ch

Brand Architecture 
Organizational unit references must always be separated from the EPFL logo.

The main color of our logo is Swiss red. To maintain its readability the primary use is on clear backgrounds and images. The logo should 
remain red as much as possible, even on dark backgrounds or images. The white version on red background is for secondary uses.

The line « École polytechnique... » (always red) can only be used on legal documents. The mention of the organizational units is always 
accompanied by the red square (  ) with the proportions of the arm of the Swiss cross and must be smaller than the logo.

The openings of the letters «E» and «F» come from the proportions of the ends OF THE ARM OF the Swiss cross. It’s proportions 
are 1/6th larger than high. The color chosen for the logo is that of the Swiss flag. The logo was drawn from the Helvetica Neue font.

Using colors appropriately is one of the easiest ways to ensure that our documents reflect a coherent visual image or story from 
EPFL. Always balance colors with generous white spaces.

Corporate Font 
Suisse Int’l is EPFL’s official font

Symbolism 
The logo refers to Swiss tradition in its construction.

SUISSE INT’L – 24 PTS – ULTRA LIGHT, THIN, LIGHT, REGULAR, BOOK, MEDIUM, SEMI-BOLD, BOLD, BLACK

A A A A A A A A A
SUISSE INT’L MEDIUM CAPS – 24 PTS

A B C D E F G H I J K L M N O P Q R S T U V W X Y Z
SUISSE INT’L LIGHT – 24 PTS

a a b c d e f g h i j k l m n o p q r s t u v w x y z
The « Suisse Int’l » has nine weights and is suitable for all uses, from titles to legends. If you do not have access or wish to use an 
authorised alternative, you must use Arial. On office materials, Arial is used exclusively, because it is available as a system font on all 
computers, making it easy to share editable documents. 
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AcceleratingSpectralClusteringunderFairnessConstraints
Francesco Tonin1, Alex Lambert2, Johan A.K. Suykens2, Volkan Cevher1

1LIONS, EPFL, Switzerland 2STADIUS, KU Leuven, Belgium

Fair Spectral Clustering
Spectral Clustering (SC) partitions data {xi}ni=1 by finding k leading
eigenvectors H ∈ Rn×k of the normalized affinity matrix M :

max
H∈Rn×k

Tr(H⊤MH) s.t. H⊤H = Ik.

Fair Spectral Clustering (Fair SC) [1] introduces group fairness:
• h demographic groups V1, . . . , Vh, e.g., age, gender, etc.
• Group membership matrix Gis = 1 if xi ∈ Vs, else 0.
• Group Fairness: Each cluster Cl should represent groups propor-

tionally to their presence in the overall dataset:

|Vs ∩ Cl|
|Cl|

=
|Vs|
n

, ∀s ∈ [h], l ∈ [k].

• This translates to a linear constraint F⊤H = 0, where F = D−1/2(G−
1nz

⊤) encodes group information [1].

The Fair SC problem is:

max
H∈Rn×k

Tr(H⊤MH)

s.t. H⊤H = Ik,
F⊤H = 0.

(1)

Existing Methods & Bottlenecks:
• o-FSC [1]: Eigendecomposition of Z⊤MZ, with Z nullspace of F⊤.
• s-FSC [2]: Uses projected eigendecomposition PMPY ′ = Y ′Λ.

Faster, but still relies on iterative eigensolvers.

Paper TL;DR
We develop a faster, gradient-based method for FairSC

by avoiding full eigendecomposition, using
Difference-of-Convex (DC) programming and ADMM.

Our Contributions
1. DC Formulation for Eigenproblems: We reformulate (1) into a
Difference of Convex (DC) minimization. To avoid computing M1/2, we
work with M2 implicitly by optimizing ∥MH∥2F. Primal DC problem:

min
H∈Rn×k

g(H) + h(H)− f(MH),

where f(H) = 1
2 ∥H∥

2
F , g(H) = ιSk

n
(H) (orthonormality, can be relaxed

to convex hull) and h(H) = ι{0}(F
⊤H) (fairness constraint).

2. Novel Variable Augmentation for ADMM: To handle F⊤H = 0
within DC, we introduce a purpose-built variable augmentation:

min
H,Y ∈Rn×k

g(H) + h(Y )− f(MH) s.t. MH = Y.

The fairness constraint F⊤Y = 0 is imposed on Y = MH.
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DC Dualization & ADMM
The Augmented Lagrangian with penalty α > 0 is:

Lα(H,Y, P ) = g(H) + h(Y )− f(MH)

+ ⟨P,MH − Y ⟩+ α

2
∥MH − Y ∥2F .

• The H-subproblem at iteration (i+ 1):

H(i+1) = argmin
H

g(H)−
(
f(MH)− ⟨P (i),MH⟩ − α

2

∥∥∥MH − Y (i)
∥∥∥2
F

)
︸ ︷︷ ︸

convex part ϕ(MH)

This is a DC problem: minH g(H)− ϕ(MH) assuming α < 1.

Proposition (Dual of DC). Let ϕ : X 7→ f(X)− ⟨P,X⟩ − α
2 ∥X − Y ∥2F

with α < 1. Then strong duality holds and the dual is:

inf
V ∈Rn×k

ϕ⋆(V )− g⋆(MV ).

• ϕ⋆(V ) is quadratic and its gradient is easy to compute.

• g⋆(MV ) = Tr
(√

V ⊤M2V
)

is the nuclear norm. Its gradient in-

volves SVD of V ⊤M2V ∈ Rk×k (cheap for small k).

Computing the Primal Solution. Once the dual solution V̂ is com-
puted, one can recover the corresponding primal solution H(i+1) by

max
H
⟨V̂ ,MH⟩ s.t. H⊤H = Ik.

Solved as H(i+1) = LR⊤ by the SVD (or Newton-Schulz) of V̂ ⊤M .

• The Y -subproblem at iteration (i+1) is solved in closed-form efficiently
by projecting onto the nullspace of F⊤.

• Overall Algorithm

Algorithm 1 ADMM-type method for Fair SC

Input: Affinity K, group matrix F ∈ Rn×h, k, α(0) > 0
1: Compute normalized affinity M = D−1/2KD−1/2.
2: Initialize H(0), Y (0), P (0).
3: for i = 0, 1, . . . , T − 1 do
4: H(i+1) ← Solve H-subproblem (dual L-BFGS)
5: Y (i+1) ← Solve Y -subproblem (nullspace proj.)
6: P (i+1) ← P (i) + α(i)(MH(i+1) − Y (i+1))
7: Update α(i+1)

8: end for
9: Apply k-means on rows of D−1/2H(T ).

• Complexity: We avoid n× n eigendecomposition.
⇒ Dominated by matrix multiplications (applying M to a n× k ma-

trix): O(n2k).
⇒ We gain substantial practical speedups.

Experimental Results: Speed & Fairness
Datasets: LastFM, Thyroid, Census, 4area. Group types: Nation-
ality, Diseases, Demographic, Research Fields. Metrics: Runtime (s),
Balance (defined as balance(Cl) = mins̸=s′

|Vs∩Cl|
|Vs′∩Cl| , closer to 1 is better).

Baselines: o-FSC [1], s-FSC [2].

• Real-world Data Runtimes (k = 25)

Dataset n o-FSC s-FSC Ours

LastFM 5576 103.82 19.08 4.59
Thyroid 7200 279.03 30.49 7.38
Census 32561 - 136.60 15.78
4area 35385 - 166.92 25.85

⇒ Our method is consistently faster, especially on larger datasets.
• Comparison vs. Exact Algorithm

Dataset Method Clustering Balance Time

LastFM s-FSC 1.057±.063 0.0105±.0020 4.16×
Ours 1.086±.074 0.0093±.0015 1×

Thyroid s-FSC 0.353±.020 0.0029±.0005 4.13×
Ours 0.353±.018 0.0030±.0004 1×

Census s-FSC 134.539±3.667 0.0004±.0001 8.65×
Ours 130.973±14.371 0.0004±.0001 1×

4area s-FSC 235.268±6.084 0.3884±.0150 6.45×
Ours 242.000±10.303 0.3823±.0200 1×

⇒ Our method produces comparable clustering assignments and balance
to exact methods, while being significantly faster.

• Runtime and Fairness vs. Number of Clusters k
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⇒ Our method shows even better efficiency gains as k increases. We
mantain the fairness quality (balance) of the exact algorithm.
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