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SUPPLEMENTARY NOTE 1 – ALGORITHMS

The objective in the application of the maximum entropy principle is to find a distribution

that maximizes the entropy among all the distributions, which also satisfies a set of specified

constraints. In a typical application, the constraints are the m mean values, which are

functions over certain random variables. We write these constraints as E[fi(x)] = âi where

fi(x) is the ith function over the random variable x. The maximum entropy distribution is

given by the following form,

PMaxEnt(x) =
1

Z
exp
( m∑

i

θifi(x)
)

(1)

where θi are the Lagrange multipliers that have to be determined. The values of θi are

determined so that the constraints are satisfied, that is,

∫
dxPMaxEnt(x)fi(x) = âi, for all i (2)

According to [1, 2], the problem of finding the values of θi is equivalent to minimizing

the objective function,

L(θ) = lnZ(θ)− θT â (3)

where θ = [θ1, θ2, · · · , θm], â = [â1, â2, · · · , âm]T , and Z(θ) =
∫

dx exp
(∑m

i θifi(x)
)

is the

normalization factor (partition function). It can be shown that L(θ) is a global minimum

when all the constraints E[fi(x)] = âi are satisfied. Hence, the problem of finding the

maximum entropy distribution is equivalent to optimizing L(θ). We now describe two

methods for solving the optimization problem.

1. Iterative scaling

Iterative scaling [3] is one of the earliest methods developed for numerically solving the

maximum entropy problem. The updating scheme for θ is the following,

θt+1 = θt +
γ∑

i〈fi〉θt
ln
〈f〉θt
â

(4)
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where 〈f〉θt is the vector associated with the constraint functions f1, f2, · · · , fm evaluated

at the current θ1, θ2, · · · , θm, γ is the constant learning rate.

2. Gradient descent (GD)

A typical procedure to implement the GD method involves solving,

θt+1 = θt − γt∇L(θt) (5)

where the step size (learning rate) is either a constant (γt = γ) or allowed to change at each

step, t. The gradient of L(θ) is,

∂L(θ)

∂θi
= 〈fi〉θ − âi (6)

where the subscript θ indicates the average is evaluated at the parameters θ.

3. Regularization

For Chromosome 2, investigated in the main text, the positions of ∼900 loci were mea-

sured, resulting in ≈ 900 × 900/2 ≈ 4 × 105 parameters (number of kij values) that need

to be determined. With this many parameters, regularization is usually needed in order to

avoid overfitting. In this work, unless specified otherwise, we employ the L2 regularization,

which adds a penalty term to the objective function,

L̃(θ) = lnZ(θ)− θT â+ λ||θ||22. (7)

The penalty term λ||θ||22 constrains the values of θi to be close to zero. The parameter λ

controls the contribution of the penalty term. To minimize L̃(θ), we employ the gradient

descent method. The gradient of L̃(θ) is given by,

∂L̃(θ)

∂θi
= 〈fi〉θ − âi + 2λθi. (8)
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SUPPLEMENTARY NOTE 2 – CORRELATION MATRIX

In this note, we describe how to calculate the correlation matrix given the connectivity

matrix K. Let us denote the correlation matrix as ρ. The elements of ρ, ρij, are defined as,

ρij = rs(Ki,Kj) (9)

where Ki and Kj are the ith row and jth row of matrix K, respectively, rs(·) is the standard

function used to compute the Spearman’s rank correlation coefficient between Ki and Kj.

The calculation is done using SciPy Python package [4]

SUPPLEMENTARY NOTE 3 – STRUCTURAL VARIATIONS

In this note, we describe how the connectivity matrix K is modified in modeling of

structural variations (shown schematically in Supplementary Fig.5), which are mutations in

the chromosomes. Our goal is to utilize the calculated K for the wild-type chromosome,

and then predict the structural changes in the chromosome without any additional inputs or

modifications.

Inversion

Inversion means that a genome sequence is reversed from end-to-end. Let the inverted

segment lie between mth and nth loci (m < n) in the wild type (WT). We account for the

effects of inversion is by modifying only the elements of K associated with the loci involved

in the inversion process. More precisely, the modification of K can be summarized as,

KINV
ij = KWT

ij , if i 6⊂ [m,n] and j 6⊂ [m,n]

KINV
ij = KWT

i,m+n−j, if i < m and j ⊂ [m,n]

KINV
ij = KWT

m+n−i,j, if j > n and i ⊂ [m,n]

KINV
ij = KWT

m+n−i,m+n−j, if i ⊂ [m,n] and j ⊂ [m,n]

where the superscripts denote inversion (INV) and wild type (WT), respectively.
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Deletion

Deletion corresponds to a deletion of a genome sequence, which would shorten the number

of base pairs. As before, let the segment deleted be located between mth and nth loci (m < n)

in the wild type. The deletion effect is modeled by removing the kij elements from K

involving the deleted sequence. The modification of K is implemented using,

KDEL
ij = KWT

ij , if i, j < m or i, j > m

KDEL
ij = KWT

i,n+j−m, if i < m and j > m

KDEL
ij = (KWT

m−1,m +KWT
m,m+1)/2, if i = m− 1 and j = m

where the superscript DEL denotes deletion.

In both inversion and deletion variants, we set Kij = Kji. The diagonal elements in K is

computed using Kii = −
∑

j 6=iKij. It is worth emphasizing that in determining the effects

of inversion and deletion the K matrix is determined only once for the wild type.
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FIG. 1. Examples of the distance map for a few individual conformations for Chr21 in the 28 Mbps

- 30 Mbps region in IMR90 cell line. Each panel shows an individual structure randomly chosen

from the ensemble from which the spatial distance matrix is computed. The distance scale is given

on the right of the panels. Just as in experiments [5], TAD-like or domain-like patterns are clearly

observed in the spatial distance matrices even at the single cell level. The snapshots below show

the structures. Each bead in the structure represents a single locus. The color of the loci in the

3D structures represents the genomic location, ranging from red to blue.
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FIG. 2. Distance maps (scales on the right) for individual conformations for the nearly 242 Mbps

Chr2 in IMR90 cell line. We find substantial variations in the distance maps in individual confor-

mations, attesting to the heterogenity in the genome organization. This observation accords well

with experiments [6]. In the snap shots below, each bead represents one locus. The color of loci in

the 3D structures represents the its genomic location, ranging from red to blue.

7



0 65 0 65 0 65 0 65 0 65 0 65 0

5

10

15

r i
j

FIG. 3. Distance maps (scales on the right) for random sampled conformations for an ideal Rouse

homopolymer (the number of monomers is 65). We find substantial variations in the distance maps

in individual conformations, which stem from the intrinsic thermal fluctuations of the ensemble.

TAD-like domains are discernible in the distance matrices. A few examples of such TAD-like

structures are marked by dashed squares.

8



10.4 Mbps 46.7 Mbps

Experiment

DIMES

IMR90 Chr21

0.00

0.25

0.50

0.75

1.00

1.25

1.50

1.75

S
p

a
ti

a
l
D

is
ta

n
ce

r i
j
(
m

)

B

A

a

0.020 0.015 0.010 0.005 0.000 0.005 0.010 0.015 0.020
kij

0

10

20

30

40

50

60

70

80

H
is

to
g

ra
m

(k
ij
)

A-A

B-B

A-B

0 Mbps 10 Mbps
s

0.030

0.025

0.020

0.015

0.010

0.005

0.000

0.005

0.010

0.015

k i
j(
s)

(
m

2
)

A-A

B-B

A-B

0 Mbps 36.3 Mbps
s

0.0100

0.0075

0.0050

0.0025

0.0000

0.0025

0.0050

0.0075

0.0100

k i
j(
s)

(
m

2
)

A-A

B-B

A-B

c d

b

FIG. 4. Characteristics of pair-wise interactions of the Chromosome 21 for IMR90 cell line. (a) The

average distance matrix between experiment (lower triangle) and the DIMES (upper triangle) show

excellent agreement. The left track shows the principle component dimension 1 (PC1) computed

using principle component analysis (PCA) from the connectivity matrix K. (b) Histogram of kij
for A-A, B-B and A-B. (c) Genomic-distance normalized 〈kij(s)〉 = (1/(N−s))

∑N
i<j δ(s−(j−i))kij

for A-A, B-B and A-B. 〈kij(s)〉 are shown for s between 0 and 36.3 Mbps. (d) Enlarge portion of

(c), showing 〈kij(s)〉 for s < 10 Mbps.
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FIG. 5. Schematics for deletion operation and inversion operation on connectivity matrix K. (a)

Illustration of deletion. Different parts of the matrix K are in different colors. The gray area

corresponds to the region deleted. The resulting K is shown on the right. (b) The gray areas

with gradient correspond to the inverted segment. The change of direction of gradient after the

inversion depict how the values of elements in K are altered.
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FIG. 6. Structural organization calculated from Hi-C and imaging data for Chr21 28 Mbps - 30

Mbps from IMR90 cell line. (a) Comparison between the mean distance matrix inferred from

Hi-C contact map (lower triangle) and the experimental measured average distance matrix (upper

triangle). The distance scale is shown on the right. (b) Direct comparison of pairwise distances,

〈rImaging
ij 〉 versus 〈rHi−C

ij 〉. Each dot represents a pair (i, j). Dashed line, with a slope of unity, is a

guide to the eye. (c). Histogram of Fk(k = 8) for 4,000 individual structures.
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FIG. 7. 〈kAA(s)〉 − 〈kAB(s)〉, 〈kAA(s)〉 − 〈kBB(s)〉, and 〈kBB(s)〉 − 〈kAB(s)〉 as a function of the

genomic distance s. Black lines are the moving average over window size of s = 2.6Mbps
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FIG. 8. (a) Experimental single-cell distance maps for Chr2 calculated from imaging data [6]. (b)

Comparison of distributions of pairwise distances between imaging data and the prediction from

DIMES. Pair 2.6 Mbps - 26 Mbps and pair 2.6 Mbps - 130 Mbps are shown.

12



FIG. 9. Efficacy of DIMES in matching the targets generated using experimental imaging data.

Comparison between the mean spatial distances computed from the reconstructed structures and

the experimental data in cell lines: A549 (a), and HCT116 (b). The upper panel shows side-by-

side comparisons of the distance matrices, and the lower panel displays the scatter plot between

individual pairwise distances rij ’s.
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FIG. 10. Comparison of P (κ2) between experiment and the DIMES predictions. P (κ2) is the

probability density distribution of the shape parameter κ2 for the 28 Mbps - 30 Mbps region of

Chr21.
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