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Supplementary Information: Figures

Figure S1: Depicts the global efficiency E as a function of decreasing random rewiring prob-
ability p ∈ {0, 1/30, . . . , 29/30, 1}: Coloured lines indicate values of heat kernel parameter
τ ∈ {0, 10−15 = ε, 1, 8, 1015 = δ}.
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Figure S2: a-d: Four independently evolved networks, randomly selected, where in each the
pair (τ, p) = (5, 0.522). Rows and columns of adjacency matrices have been permuted to
visualise the modules, in accordance with (1).

3



Supplementary Information: Adaptive rewiring algorithm us-
ing MATLAB

n =100; % number o f v e r t i c e s
m=round (2∗ l o g ( n ) ∗ ( n−1) ) ; % number o f edges
t a u =1; % t ime p a r a m e t e r o f h e a t k e r n e l d e t m i n i n g d i f f u s i o n r a t e
p = 0 . 3 ; % p r o b a b i l i t y o f randomly r e w i r i n g
k=4∗m; % number o f edge r e w i r i n g s

% G e n e r a t e i n i t i a l random ( symmet r i c ) a d j a c e n c y m a t r i x
i n d s = f i n d ( t r i u ( ones ( n )−eye ( n ) ) ) ;
r a n d i n d = i n d s ( randperm (2\ n ∗ ( n−1) ,2\m) ) ;
A= z e r o s ( n ) ; A( r a n d i n d ) =1; A=A+A’ ;

% p r e d e f i n e d f o r s a v i n g c o m p u t a t i o n a l c o s t
I =eye ( n ) ; l o g I = l o g i c a l ( I ) ; IND=1: n ;

f o r e d g e r e w i r e = 1 : k
deg=sum (A, 2 ) ; % v e c t o r o f v e r t e x d e g r e e s
% s e l e c t a v e r t e x u n i f o r m l y randomly such t h a t i t has bo th

nonze ro d e g r e e and n o t f u l l y c o n n e c t e d t o r e s t o f
ne twork

v = f i n d ( l o g i c a l ( deg>0 & deg<(n−1) ) ) ; % v e r t e x v
v = v ( r a n d i ( l e n g t h ( v ) ) ) ;

% randomly r e w i r e wi th p r o b a b i l i t y p . d e t e r m i n e v e r t i c e s
u 1 and u 2

i f rand >= p % r e w i r e by ne twork d i f f u s i o n
% c a l c u l a t e t h e g raph e x p o n e n t i a l h e a t k e r n e l , h ( t ) ,

f o r t = t a u
deg ( ˜ deg ) =1; d eg in v = 1 . / s q r t ( deg ) ;
L = I − bs x f un ( @times , b s x f un ( @times , A, d eg i nv ) , deginv ’ ) ;
h=expm(− t a u ∗L ) ;

i n d =IND ; i n d ( v ) = [ ] ; % p r e v e n t s e l f−c o u p l i n g
[ ˜ , u 1 ] = max (A ( : , v ) . / h ( : , v ) ) ;
[ ˜ , u 2 ] = max ( ˜A( ind , v ) . ∗ h ( ind , v ) ) ;
u 2 = i n d ( u 2 ) ;

e l s e % r e w i r e randomly
u 2 = f i n d ( ˜A ( : , v ) ) ; u 2 ( u 2 ==v ) = [ ] ; % p r e v e n t s e l f−
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c o u p l i n g
u 2 = u 2 ( r a n d i ( l e n g t h ( u 2 ) ) ) ;
u 1 = f i n d (A ( : , v ) ) ; u 1 = u 1 ( r a n d i ( l e n g t h ( u 1 ) ) ) ;

end
% edges a r e r e w i r e d
A( u 2 , v ) =1 ; A( u 1 , v ) =0 ;
A( v , u 2 ) =1; A( v , u 1 ) =0;

% randomly permute a d j a c e n c y m a t r i x t o e l i m i n a t e any
o r d e r i n g o f v e r t i c e s

rnd =randperm ( n ) ;
A=A( rnd , rnd ) ;

end
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