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Motivation. Engineering artificial biological systems promises broad applications
in synthetic biology, biotechnology and medicine. Here, the rational design of
multi-stable RNA molecules is especially powerful, since RNA can be generated
with highly specific properties and programmable functions. In particular, de-
signing artificial riboswitches became popular due to their potential as versatile
biosensors [1]. Effective in-silico methods proved to greatly facilitate the design
approach and have tremendous impact on their cost and feasibility.

Statement of problem. Most methods for computational design share a similar
overall strategy: one or several initial seed sequences are generated and optimized
subsequently. In this contribution we revisit the first main ingredient of (multi-
target) design methods, namely the sampling of sequences, which energetically
favor several given target structures at the same time. While previous multi-
target methods [4, 6] relied on ad-hoc sampling strategies, sampling seeds from
the uniform distribution was solved only recently [3, 2].

Algorithmic contributions. We generalize Boltzmann sampling for RNA design,
which was recently shown powerful for single targets in IncaRNAtion [5], to de-
sign for multiple structural targets. After showing that even uniform sampling is
#P-hard, we introduce the tree decomposition-based fixed parameter tractable
(FPT) sampling algorithm RNARedPrint. Finally, we combine our FPT stochas-
tic sampling algorithm with multi-dimensional Boltzmann sampling over distri-
butions controlled by expressive RNA energy models. We show that sampling t
sequences of length n for k target structures takes O(2d nk + t n k) time, where
d := min(w+ c+ 1, 2(w+ 1)), depending on the tree width w of the dependency
graph (covering all dependencies between sequence positions introduced by the
energy function) as well as the number c of connected components in the com-
patibility graph (covering the constraints enforcing canonical base pairings). Due
to a constraint framework, RNARedPrint supports generic Boltzmann-weighted
sampling for arbitrary additive RNA energy models; this moreover enables tar-
geting specific free energies or GC-content, compare Figure 1.
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Multi-target design of RNA sequences

For example: design riboswitches for translational control

+

Multiple structures (=multiple design targets)
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Task: generate sequences with specific properties

• low/specific energy for multiple structures

• specific CG content

• specific energy differences

• specific sequence/structure motifs (enforce/forbid)

Approach:
(defined) sampling
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Uniform sampling: multiple structures

1 2 3 4 5

( . . ) .

. ( ( ) )

( ( . ) )

A A A U U

A A G U U
A G A U U
A G G U U
G A A U C
G A A U U
G A G U C
G A G U U
G G A U C
G G A U U
G G G C C
G G G C U
G G G U C
G G G U U
...

• For uniform: choose first position
A : C : G : U = 4 : 4 : 10 : 10
Then, e.g. after G, choose second
A : G = 4 : 6, . . .

• → counting

• (Why) is this hard?

Theorem: Counting of sequences for
multiple targets is #P-hard.

Proof: equiv. to counting independent sets

1. dependency graph is bipartite

{A,G} vs. {C ,U}

2. A and C cannot pair: independent
3. Selecting all As and C s, i.e. independent

sets, determines a design (and vice versa)
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Systematic efficient counting (and sampling)

Recipe:

1. Decompose dependency graph
2. Apply dynamic programming
3. Sample

1 2 3 4 5

( . . ) .

. ( ( ) )

( ( . ) )

target structures

1

45

2 3

dependency graph

5 2

5 4
2

4

5 1
4

1

4 3

3

2

5

2

tree decomposition

Theorem: Counting and sampling efficient for fixed tree width.

(So far) Blueprint / RNAdesign similar, but ear decomposition
[Blueprint] Hammer, Tschiatschek, Flamm, Hofacker, Findeiß. Bioinformatics, 2017.

[RNAdesign] Hoener, Hammer, Abfalter, Hofacker, Flamm, Stadler, Biopolymers, 2013.
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Systematic efficient counting (and sampling)

Recipe:

1. Decompose dependency graph
2. Apply dynamic programming
3. Sample

1 2 3 4 5

( . . ) .

. ( ( ) )

( ( . ) )

target structures

1

45

2 3

dependency graph

5 2

5 4
2

4

5 1
4

1

4 3

3

2

5

2

Cts_4_5
 A C G U
A:1 0 0 0
C:0 1 0 0
G:1 0 2 0
U:0 1 0 2

Cts_4
A:1
C:1
G:2
U:2

Cts_2_5
  A C G U
A:? ? ? ?
C:? ? ? ?
G:? ? ? ?
U:? ? ? ?

tree decomposition

Theorem: Counting and sampling efficient for fixed tree width.

(So far) Blueprint / RNAdesign similar, but ear decomposition
[Blueprint] Hammer, Tschiatschek, Flamm, Hofacker, Findeiß. Bioinformatics, 2017.

[RNAdesign] Hoener, Hammer, Abfalter, Hofacker, Flamm, Stadler, Biopolymers, 2013.
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From uniform sampling to Boltzmann sampling

• counts for all subtrees −→ uniform sampling

• Analogously: partition functions −→ Boltzmann sampling

Boltzmann sampling: P(S) ∼ exp(−βE (S)).

• Energy = (weighted) sum of energies for single structures

• energy models
• Base pair model

“like counting”
• Nearest neighbor model (Turner model)

requires multi-ary dependencies: constraint framework∗

• Stacking model
“in-between”, score stacks (4-cliques of dependencies)

∗Constraint networks / cluster tree elimination [Rina Dechter]
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From uniform sampling to Boltzmann sampling

• counts for all subtrees −→ uniform sampling

• Analogously: partition functions −→ Boltzmann sampling

Boltzmann sampling: P(S) ∼ exp(−βE (S)).

• Energy = (weighted) sum of energies for single structures

• energy models
• Base pair model

“like counting”
• Nearest neighbor model (Turner model)

requires multi-ary dependencies: constraint framework∗

• Stacking model
“in-between”, score stacks (4-cliques of dependencies)

∗Constraint networks / cluster tree elimination [Rina Dechter]
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Example dependency graphs
((((.((....)).)))).((.(((.((((.....(((..((((((.((..(((.(.....).)))..)).)).))))..)))..)))).))).))....

..(((((.....(((.(((((((.....))))..))).))).....)))))..((((((((((...))).)....))))))...((((((....))))))

......(((((.....(((...(((.((.((.(((....((......))...))).)).)))))..))).............))))).((((...)))).

base pair
1 18

2 17

3

16
51

4

15
50

5

49

6

13

48

7

12
47

87

8 86

9 85

10 84

11

83

41

14 40

39

37
69

36
68

19 35
67

20 32
96

21 31
95

22 30
23 29

64
93

24 63
92

25

62
91

26

27

61
89

28

60
88

58

57

33 55

34 54

53
82

38 81

78

42

77

43

76

44 75

45 73

46 72

70

52 66

65

80

56

79

59

71

74

10
0

99

98

97

90

94

1
2

17

18

3
16

4

15

50

51

5

49

6

48

7

12

13

47

8

86

87

9

85

10

84
11

83

14

40

41

39

36

37

68

69
19

35

67

20

21

31

32

95

96

22

30

23

2924

63
64

92

93

25

62

91

26

27

28

60

61

88

89

57

5833

34

54

55

53

82

38

81

42

77

78

43

76

44
75

45
46

72

73

70

52

65

66

80

56

79

59

71

74

99

100

98

97

90

94

stacking
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Example tree decompositions
((((.((....)).)))).((.(((.((((.....(((..((((((.((..(((.(.....).)))..)).)).))))..)))..)))).))).))....

..(((((.....(((.(((((((.....))))..))).))).....)))))..((((((((((...))).)....))))))...((((((....))))))

......(((((.....(((...(((.((.((.(((....((......))...))).)).)))))..))).............))))).((((...)))).

base pair 48 41

48 41
13
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41 78

78

70 48

70

48 13
6

6

57 78
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57 31
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21 31
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95 21
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95 90
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98 90
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98 87

87

29 87

29

7 87

7

23 29

23

64 23

64

23 93

93

54 64

54

54 34

34

81 54

81

33

55 33
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11

11 83

83

84

10 84

10

9

85 9

85

8

8 86

86

83 36

36

36 18

18

68 18

68

1 18

1

62 68

62

62 25

25

56 62

56

91 25

91

97 91

97

97 88
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99 86

99

30 86

30

99 89

89

85 100
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96 89

96

89 27

27

92 96

92

20 96

20

92 24
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63 24
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19 67

19

61 27

61

69 61

69

28 88
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76 59
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30 58
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30 22
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77 58

77

56 79
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80

20 32

32

19 35
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53 35
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15 39
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49 69
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17 69
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51
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2

37 82
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16 3
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97 90
98
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97 90
98 63

63

97 62 90
98 63

62
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90 98 63
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97 31 61
62 90 98

63

31

97 64 31
61 62 90

98 63

64

97 83 64
31 61 62
90 98 63

83

30 97 83 64
31 61 62 90

98 63
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30 97 83 64
7 31 61 62
90 98 63

7

30 83 64
31 7 61
62 63 35

35

30 97 83 64
31 7 61 62
23 90 98 63

23

30 41 83 64
7 31 61 62

63 35

41

30 81 41 83
64 31 7 61
62 63 35
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81 41 83
68 7 61

62 63 35
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30 81 79
41 64 31
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90 98 63
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69 18
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Targeting specific properties:
multi-dimensional Boltzmann sampling

A B

Weight and combine single structure energies and features (“GC content”)

A Learn weights by adaptive scheme
→ target specific energies and GC content

B Sampling: targets Turner energies by linear fitting of energies
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Boltzmann vs. uniform sampling
for multi-target RNA design

Dataset Redprint Uniform Improvement
Seeds 2str 21.67 (±4.38) 37.74 (±6.45) 73%

3str 18.09 (±3.98) 30.49 (±5.41) 71%
4str 19.94 (±3.84) 32.29 (±5.24) 63%

Optimized 2str 5.84 (±1.31) 7.95 (±1.76) 28%
3str 5.08 (±1.10) 7.04 (±1.52) 31%
4str 8.77(±1.48) 13.13 (±2.13) 37%

Multi-target design objective [Blueprint] on the Modena benchmark

Modena benchmark: Taneda. BMC Bioinformatics, 2015.

2str = ”rnatabupath”
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Thank you!

Questions? ⇒ me, , and/or

b

c

d
e

f g
h i

j k l m

n
opq

rs

a t

u
v

a b c d e

f

g
h

i
j
k l

m
n o

p
q
r

s t u v

a

b

c

d

e f

g

h i
j

k

l m n o

p

q

r s
t

u

v

R1

R2

R3

i) Input Structures

ab c d e f g h i j k l mn o p q r s t u v

ii) Merged Base-Pairs

aeg

p uk

csn

j

qtb

d h m

f l o

vi

r

iii) Compatibility Graph

∅

v o

o l
l f
f r

l i

j q
q t

t b
b d
d h
h m

k p
k p g

g n g p u
u g e

u e a e s
s c

iv) Tree Decomposition

RNARedPrint

Partition Function
Stochastic Backtrack

GACUU
UAGCU

UGUUU
GAAGU

UA

GACUU
GGGAC

UUUUA
GGUGU

CU

UUAGA
UUCCA

GGGG
CUUGU

AGG

GGUUU
AGGGC

CUUUA
GGUAU

CU

AUUGU
GACGG

UCGUG
ACUAG

UU

. . .

0

0

0

−5

−5

−5

kcal.mol−1

kcal.mol−1

kcal.mol−1

E1

E2

E3GC%

0 50 100

v) Weight Optimization (Adaptive Sampling)

Weights
upd

at
e

GCCGCGGUAGCUACAGCCGGCU
UUGGGGUUGGGUAGACUCCGGU
GCUGCAGCGGCUGUGGCUGGCC
GGUUCUGGUUUGCUUAGGGCUA
CGACGGCGGUGCCGGCAUUUGC. . .

0kcal.mol−1

E1
E2
E3

GC%

0 50 100

vi) Final Designs

(workflow shown for base pair energy model; for more sophisticated models and

applications, we introduced n-ary dependencies in a flexible constraint framework)
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APPENDIX
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Uniform sampling: one single structure

1 2 3 4

. ( . )

A A A U
A C A G
A G A C
A G A U
A G A U

...

U U U A
U U U G

→ 4 · 6 · 4 = 96

• draw unpaired bases uniformly

• choose 1st end of each base pair, s.t. A : C : G : U = 1 : 1 : 2 : 2

• select 2nd end accordingly (if first is G or U: choose)
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Tree widths over benchmark sets
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