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‣ Originally employed for de novo assembly

• [Pevzner, 1989]

• [Idury, Waterman, 1995]

• [Pevzner, Tang, Waterman, 2001]

• [Zerbino, Birney, 2008]
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• SBT [Solomon, Kingsford, 2016]

• VARI [Muggli et al., 2017]

• Mantis [Pandey et al., 2018]

• [Lee, Grasso, Sharlow, 2002]

• deBGA [Liu, Guo, Brudno, Wang, 2016]

• SPAligner [Dvorkina et al., 2020]

• AStarix [Ivanov et al., 2020]

• [Schulz et al., 2021]

• MetaGraph-MLA [Mustafa et al., 2022]
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Typical properties
1. high sparsity
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1. Column-major sparse representation

Columns are stored as compressed bitmaps

(e.g. sd_vector [Okanohara et al., 2007])
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1. Column-major sparse representation
2. RowFlat (employed in VARI [Muggli et al., 2017]) 
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2. RowFlat (employed in VARI [Muggli et al., 2017]) 
3. BRWT [Barbay et al., 2013], [Karasikov et al., 2019]
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1. Column-major sparse representation
2. RowFlat (employed in VARI [Muggli et al., 2017]) 
3. BRWT [Barbay et al., 2013], [Karasikov et al., 2019]

4. Multi-BRWT [Karasikov et al., 2019]

‣ Optimize column arrangement

‣ Use multi-ary trees

13
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Typical properties
1. high sparsity
2. similarity of columns  Multi-BRWT)
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Typical properties
1. high sparsity
2. similarity of columns  Multi-BRWT)
3. similarity of rows
‣ adjacent nodes have similar annotations
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CGTAC

>smp_2 
ACGAA 
ACGTAC 
ACG

>smp_m-1 
ACGAACA 
ACGCACA 
CGCAC

>smp_m 
ACGCGAA 
CGCGA 
ACGCGA

>smp_3 
ACGTA 
GTACT 
ACGAT

…

ACG CGT GTA TAC

CGC

ACG CGA GAA

GTACGT

ACG CGT GTA TAC ACT

CGA GAT

TAC

ACG CGA GAA AAC ACA

CGC GCA CAC

ACG CGA GAA AAC ACA

CGC GCA CAC

ACG CGC GCG CGA GAA

ACG CGT GTA TAC

ACG

GTACGT

ACG CGT GTA TAC ACT

TAC

ACG CGT GTA TAC ACA

CGC GCA CAC

ACG ACA

CGC GCA CAC

ACG CGC GCG CGA GAA

O
pt

io
na

l g
ra

ph
 c

le
an

in
g 

(p
op

 b
ub

bl
es

, p
ru

ne
 ti

ps
)

M
er

ge
 in

to
 a

 jo
in

t g
ra

ph

Annotated de Bruĳn graph

ACG

CGT GTA TAC ACA

CGC GCA CAC

GCG CGA GAA

ACT

Compressed representation

CAC 
GAA 
TAC 
ACA 
ACG 
ACT 
GCA 
GCG 
CGA 
CGC 
CGT 
GTA

k-
m

er
 d

ic
tio

na
ry

0 0 0 1 1 0 
0 0 0 0 0 1 
1 1 1 1 0 0 
0 0 0 1 1 0 
1 1 1 1 1 1 
0 0 1 0 0 0 
0 0 0 1 1 0 
0 0 0 0 0 1 
0 0 0 0 0 1 
0 0 0 1 1 1 
1 1 1 1 0 0 
1 1 1 1 0 0

An
no

ta
tio

n 
m

at
rix

Applications

MetaGraph

…

Client API

‣ Search

‣ Alignment

‣ Assembly

Representing graph annotations

Challenge: 
Represent huge-scale annotations
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Idea:
• Store only diffs

GCT TTA

TAT

TAA

AGC

GGC

CTT

L2

L1 L2

L1, L3

L1, L2, L3L1, L2L1, L2

TAA
TAT
GCT
AGC
GGC
CTT
TTA

1
1

1 1
1

1
1 1
1 1

L1 L2

1

1

L3

<latexit sha1_base64="246Sr1bNoVrsROgz+3O8l2G9K7I=">AAAB6HicbZC7SgNBFIbPxluMt6ilIItBsAq7CmpnwCZlAuYCyRJmJ2eTMbOzy8xsIISUVjYWitj6FHkKCzufwZdwcik08YeBj/8/hznn+DFnSjvOl5VaWV1b30hvZra2d3b3svsHVRUlkmKFRjySdZ8o5ExgRTPNsR5LJKHPseb3bid5rY9SsUjc6UGMXkg6ggWMEm2scr+VzTl5Zyp7Gdw55G4+xuXvh+NxqZX9bLYjmoQoNOVEqYbrxNobEqkZ5TjKNBOFMaE90sGGQUFCVN5wOujIPjVO2w4iaZ7Q9tT93TEkoVKD0DeVIdFdtZhNzP+yRqKDa2/IRJxoFHT2UZBwW0f2ZGu7zSRSzQcGCJXMzGrTLpGEanObjDmCu7jyMlTP8+5l/qLs5ApFmCkNR3ACZ+DCFRSgCCWoAAWER3iGF+veerJerbdZacqa9xzCH1nvP8STkWA=</latexit>v

GCT

<latexit sha1_base64="p+v/7si8dGrwfd92x8py6Rh+X/M=">AAAB9HicbVDLSgNBEOz1GeMr6lGEwSB4CrsK6jHgJccI5gHJEmYnk2TI7Ow60xuMS77DiwdFvPoRfoI3T/6Kk8dBEwsaiqpuuruCWAqDrvvlLC2vrK6tZzaym1vbO7u5vf2qiRLNeIVFMtL1gBouheIVFCh5PdachoHktaB/PfZrA66NiNQtDmPuh7SrREcwilbyB60m8ntMTcLYqJXLuwV3ArJIvBnJF48+HpiR3+VW7rPZjlgScoVMUmManhujn1KNgkk+yjYTw2PK+rTLG5YqGnLjp5OjR+TEKm3SibQthWSi/p5IaWjMMAxsZ0ixZ+a9sfif10iwc+WnQsUJcsWmizqJJBiRcQKkLTRnKIeWUKaFvZWwHtWUoc0pa0Pw5l9eJNWzgndROL+xaZRgigwcwjGcggeXUIQSlKECDO7gEZ7hxRk4T86r8zZtXXJmMwfwB877D5KRllw=</latexit>vsucc

CTT

<latexit sha1_base64="eOQU23K8fU647HP8td8r7LnqFm4="></latexit>

L�(v) := L(v)� L(vsucc)

Delta compression

<latexit sha1_base64="7elYST1dcl6feRC58hoLsTUjMT0=">AAAB8XicbZDLSgMxFIYz9VbrrepSkGARXJUZwcvOgpvubMVesB1KJs20oZnMkJwRy9Clb+DGhSJufYE+hQt3PoMvYXpZaOsPgY//P4ecc7xIcA22/WWlFhaXllfSq5m19Y3Nrez2TlWHsaKsQkMRqrpHNBNcsgpwEKweKUYCT7Ca17sc5bU7pjQP5Q30I+YGpCO5zykBY902gd1DUr+6HrSyOTtvj4XnwZlC7uJjWP5+2B+WWtnPZjukccAkUEG0bjh2BG5CFHAq2CDTjDWLCO2RDmsYlCRg2k3GEw/woXHa2A+VeRLw2P3dkZBA637gmcqAQFfPZiPzv6wRg3/uJlxGMTBJJx/5scAQ4tH6uM0VoyD6BghV3MyKaZcoQsEcKWOO4MyuPA/V47xzmj8p27lCEU2URnvoAB0hB52hAiqiEqogiiR6RM/oxdLWk/VqvU1KU9a0Zxf9kfX+A5zzlVg=</latexit>

XOR

RowDiff
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Idea:
• Store only diffs

GCT TTA

TAT

TAA

AGC

GGC

CTT

L2

L1 L2

L1, L3

L1, L2, L3L1, L2L1, L2

TAA
TAT
GCT
AGC
GGC
CTT
TTA

1
1

1 1
1

1
1 1
1 1

L1 L2

1

1

L3

∅

<latexit sha1_base64="246Sr1bNoVrsROgz+3O8l2G9K7I=">AAAB6HicbZC7SgNBFIbPxluMt6ilIItBsAq7CmpnwCZlAuYCyRJmJ2eTMbOzy8xsIISUVjYWitj6FHkKCzufwZdwcik08YeBj/8/hznn+DFnSjvOl5VaWV1b30hvZra2d3b3svsHVRUlkmKFRjySdZ8o5ExgRTPNsR5LJKHPseb3bid5rY9SsUjc6UGMXkg6ggWMEm2scr+VzTl5Zyp7Gdw55G4+xuXvh+NxqZX9bLYjmoQoNOVEqYbrxNobEqkZ5TjKNBOFMaE90sGGQUFCVN5wOujIPjVO2w4iaZ7Q9tT93TEkoVKD0DeVIdFdtZhNzP+yRqKDa2/IRJxoFHT2UZBwW0f2ZGu7zSRSzQcGCJXMzGrTLpGEanObjDmCu7jyMlTP8+5l/qLs5ApFmCkNR3ACZ+DCFRSgCCWoAAWER3iGF+veerJerbdZacqa9xzCH1nvP8STkWA=</latexit>v

GCT

<latexit sha1_base64="p+v/7si8dGrwfd92x8py6Rh+X/M=">AAAB9HicbVDLSgNBEOz1GeMr6lGEwSB4CrsK6jHgJccI5gHJEmYnk2TI7Ow60xuMS77DiwdFvPoRfoI3T/6Kk8dBEwsaiqpuuruCWAqDrvvlLC2vrK6tZzaym1vbO7u5vf2qiRLNeIVFMtL1gBouheIVFCh5PdachoHktaB/PfZrA66NiNQtDmPuh7SrREcwilbyB60m8ntMTcLYqJXLuwV3ArJIvBnJF48+HpiR3+VW7rPZjlgScoVMUmManhujn1KNgkk+yjYTw2PK+rTLG5YqGnLjp5OjR+TEKm3SibQthWSi/p5IaWjMMAxsZ0ixZ+a9sfif10iwc+WnQsUJcsWmizqJJBiRcQKkLTRnKIeWUKaFvZWwHtWUoc0pa0Pw5l9eJNWzgndROL+xaZRgigwcwjGcggeXUIQSlKECDO7gEZ7hxRk4T86r8zZtXXJmMwfwB877D5KRllw=</latexit>vsucc

CTT

<latexit sha1_base64="eOQU23K8fU647HP8td8r7LnqFm4="></latexit>

L�(v) := L(v)� L(vsucc)

? ?
? ?
? ?
? ?
? ?
? ?
? ?

L1 L2

?
?
?
?
?
?
?

L3

Delta compression

<latexit sha1_base64="7elYST1dcl6feRC58hoLsTUjMT0=">AAAB8XicbZDLSgMxFIYz9VbrrepSkGARXJUZwcvOgpvubMVesB1KJs20oZnMkJwRy9Clb+DGhSJufYE+hQt3PoMvYXpZaOsPgY//P4ecc7xIcA22/WWlFhaXllfSq5m19Y3Nrez2TlWHsaKsQkMRqrpHNBNcsgpwEKweKUYCT7Ca17sc5bU7pjQP5Q30I+YGpCO5zykBY902gd1DUr+6HrSyOTtvj4XnwZlC7uJjWP5+2B+WWtnPZjukccAkUEG0bjh2BG5CFHAq2CDTjDWLCO2RDmsYlCRg2k3GEw/woXHa2A+VeRLw2P3dkZBA637gmcqAQFfPZiPzv6wRg3/uJlxGMTBJJx/5scAQ4tH6uM0VoyD6BghV3MyKaZcoQsEcKWOO4MyuPA/V47xzmj8p27lCEU2URnvoAB0hB52hAiqiEqogiiR6RM/oxdLWk/VqvU1KU9a0Zxf9kfX+A5zzlVg=</latexit>

XOR

RowDiff
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Idea:
• Store only diffs

GCT TTA

TAT

TAA

AGC

GGC

CTT

L2

L1 L2

L1, L3

L1, L2, L3L1, L2L1, L2

TAA
TAT
GCT
AGC
GGC
CTT
TTA

1
1

1 1
1

1
1 1
1 1

L1 L2

1

1

L3

∅

<latexit sha1_base64="246Sr1bNoVrsROgz+3O8l2G9K7I=">AAAB6HicbZC7SgNBFIbPxluMt6ilIItBsAq7CmpnwCZlAuYCyRJmJ2eTMbOzy8xsIISUVjYWitj6FHkKCzufwZdwcik08YeBj/8/hznn+DFnSjvOl5VaWV1b30hvZra2d3b3svsHVRUlkmKFRjySdZ8o5ExgRTPNsR5LJKHPseb3bid5rY9SsUjc6UGMXkg6ggWMEm2scr+VzTl5Zyp7Gdw55G4+xuXvh+NxqZX9bLYjmoQoNOVEqYbrxNobEqkZ5TjKNBOFMaE90sGGQUFCVN5wOujIPjVO2w4iaZ7Q9tT93TEkoVKD0DeVIdFdtZhNzP+yRqKDa2/IRJxoFHT2UZBwW0f2ZGu7zSRSzQcGCJXMzGrTLpGEanObjDmCu7jyMlTP8+5l/qLs5ApFmCkNR3ACZ+DCFRSgCCWoAAWER3iGF+veerJerbdZacqa9xzCH1nvP8STkWA=</latexit>v

CTT

<latexit sha1_base64="p+v/7si8dGrwfd92x8py6Rh+X/M=">AAAB9HicbVDLSgNBEOz1GeMr6lGEwSB4CrsK6jHgJccI5gHJEmYnk2TI7Ow60xuMS77DiwdFvPoRfoI3T/6Kk8dBEwsaiqpuuruCWAqDrvvlLC2vrK6tZzaym1vbO7u5vf2qiRLNeIVFMtL1gBouheIVFCh5PdachoHktaB/PfZrA66NiNQtDmPuh7SrREcwilbyB60m8ntMTcLYqJXLuwV3ArJIvBnJF48+HpiR3+VW7rPZjlgScoVMUmManhujn1KNgkk+yjYTw2PK+rTLG5YqGnLjp5OjR+TEKm3SibQthWSi/p5IaWjMMAxsZ0ixZ+a9sfif10iwc+WnQsUJcsWmizqJJBiRcQKkLTRnKIeWUKaFvZWwHtWUoc0pa0Pw5l9eJNWzgndROL+xaZRgigwcwjGcggeXUIQSlKECDO7gEZ7hxRk4T86r8zZtXXJmMwfwB877D5KRllw=</latexit>vsucc

TTA

<latexit sha1_base64="eOQU23K8fU647HP8td8r7LnqFm4="></latexit>

L�(v) := L(v)� L(vsucc)

? ?
? ?
? ?
? ?
? ?
? ?
? ?

L1 L2

?
?
?
?
?
?
?

L3

Delta compression

<latexit sha1_base64="7elYST1dcl6feRC58hoLsTUjMT0=">AAAB8XicbZDLSgMxFIYz9VbrrepSkGARXJUZwcvOgpvubMVesB1KJs20oZnMkJwRy9Clb+DGhSJufYE+hQt3PoMvYXpZaOsPgY//P4ecc7xIcA22/WWlFhaXllfSq5m19Y3Nrez2TlWHsaKsQkMRqrpHNBNcsgpwEKweKUYCT7Ca17sc5bU7pjQP5Q30I+YGpCO5zykBY902gd1DUr+6HrSyOTtvj4XnwZlC7uJjWP5+2B+WWtnPZjukccAkUEG0bjh2BG5CFHAq2CDTjDWLCO2RDmsYlCRg2k3GEw/woXHa2A+VeRLw2P3dkZBA637gmcqAQFfPZiPzv6wRg3/uJlxGMTBJJx/5scAQ4tH6uM0VoyD6BghV3MyKaZcoQsEcKWOO4MyuPA/V47xzmj8p27lCEU2URnvoAB0hB52hAiqiEqogiiR6RM/oxdLWk/VqvU1KU9a0Zxf9kfX+A5zzlVg=</latexit>

XOR

RowDiff
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Idea:
• Store only diffs

GCT TTA

TAT

TAA

AGC

GGC

CTT

L2

L1 L2

L1, L3

L1, L2, L3L1, L2L1, L2

TAA
TAT
GCT
AGC
GGC
CTT
TTA

1
1

1 1
1

1
1 1
1 1

L1 L2

1

1

L3

∅ L3

<latexit sha1_base64="246Sr1bNoVrsROgz+3O8l2G9K7I=">AAAB6HicbZC7SgNBFIbPxluMt6ilIItBsAq7CmpnwCZlAuYCyRJmJ2eTMbOzy8xsIISUVjYWitj6FHkKCzufwZdwcik08YeBj/8/hznn+DFnSjvOl5VaWV1b30hvZra2d3b3svsHVRUlkmKFRjySdZ8o5ExgRTPNsR5LJKHPseb3bid5rY9SsUjc6UGMXkg6ggWMEm2scr+VzTl5Zyp7Gdw55G4+xuXvh+NxqZX9bLYjmoQoNOVEqYbrxNobEqkZ5TjKNBOFMaE90sGGQUFCVN5wOujIPjVO2w4iaZ7Q9tT93TEkoVKD0DeVIdFdtZhNzP+yRqKDa2/IRJxoFHT2UZBwW0f2ZGu7zSRSzQcGCJXMzGrTLpGEanObjDmCu7jyMlTP8+5l/qLs5ApFmCkNR3ACZ+DCFRSgCCWoAAWER3iGF+veerJerbdZacqa9xzCH1nvP8STkWA=</latexit>v

CTT

<latexit sha1_base64="p+v/7si8dGrwfd92x8py6Rh+X/M=">AAAB9HicbVDLSgNBEOz1GeMr6lGEwSB4CrsK6jHgJccI5gHJEmYnk2TI7Ow60xuMS77DiwdFvPoRfoI3T/6Kk8dBEwsaiqpuuruCWAqDrvvlLC2vrK6tZzaym1vbO7u5vf2qiRLNeIVFMtL1gBouheIVFCh5PdachoHktaB/PfZrA66NiNQtDmPuh7SrREcwilbyB60m8ntMTcLYqJXLuwV3ArJIvBnJF48+HpiR3+VW7rPZjlgScoVMUmManhujn1KNgkk+yjYTw2PK+rTLG5YqGnLjp5OjR+TEKm3SibQthWSi/p5IaWjMMAxsZ0ixZ+a9sfif10iwc+WnQsUJcsWmizqJJBiRcQKkLTRnKIeWUKaFvZWwHtWUoc0pa0Pw5l9eJNWzgndROL+xaZRgigwcwjGcggeXUIQSlKECDO7gEZ7hxRk4T86r8zZtXXJmMwfwB877D5KRllw=</latexit>vsucc

TTA

<latexit sha1_base64="eOQU23K8fU647HP8td8r7LnqFm4="></latexit>

L�(v) := L(v)� L(vsucc)

? ?
? ?
? ?
? ?
? ?
? ?
? ?

L1 L2

?
?
?
?
?
?
?

L3

1

Delta compression

<latexit sha1_base64="7elYST1dcl6feRC58hoLsTUjMT0=">AAAB8XicbZDLSgMxFIYz9VbrrepSkGARXJUZwcvOgpvubMVesB1KJs20oZnMkJwRy9Clb+DGhSJufYE+hQt3PoMvYXpZaOsPgY//P4ecc7xIcA22/WWlFhaXllfSq5m19Y3Nrez2TlWHsaKsQkMRqrpHNBNcsgpwEKweKUYCT7Ca17sc5bU7pjQP5Q30I+YGpCO5zykBY902gd1DUr+6HrSyOTtvj4XnwZlC7uJjWP5+2B+WWtnPZjukccAkUEG0bjh2BG5CFHAq2CDTjDWLCO2RDmsYlCRg2k3GEw/woXHa2A+VeRLw2P3dkZBA637gmcqAQFfPZiPzv6wRg3/uJlxGMTBJJx/5scAQ4tH6uM0VoyD6BghV3MyKaZcoQsEcKWOO4MyuPA/V47xzmj8p27lCEU2URnvoAB0hB52hAiqiEqogiiR6RM/oxdLWk/VqvU1KU9a0Zxf9kfX+A5zzlVg=</latexit>

XOR

RowDiff
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Idea:
• Store only diffs

GCT TTA

TAT

TAA

AGC

GGC

CTT

L2

L1 L2

L1, L3

L1, L2, L3L1, L2L1, L2

TAA
TAT
GCT
AGC
GGC
CTT
TTA

1
1

1 1
1

1
1 1
1 1

L1 L2

1

1

L3

∅ L3 ?

?

<latexit sha1_base64="eOQU23K8fU647HP8td8r7LnqFm4="></latexit>

L�(v) := L(v)� L(vsucc)

? ?
? ?
? ?
? ?
? ?
? ?
? ?

L1 L2

?
?
?
?
?
?
?

L3

1

Delta compression

<latexit sha1_base64="7elYST1dcl6feRC58hoLsTUjMT0=">AAAB8XicbZDLSgMxFIYz9VbrrepSkGARXJUZwcvOgpvubMVesB1KJs20oZnMkJwRy9Clb+DGhSJufYE+hQt3PoMvYXpZaOsPgY//P4ecc7xIcA22/WWlFhaXllfSq5m19Y3Nrez2TlWHsaKsQkMRqrpHNBNcsgpwEKweKUYCT7Ca17sc5bU7pjQP5Q30I+YGpCO5zykBY902gd1DUr+6HrSyOTtvj4XnwZlC7uJjWP5+2B+WWtnPZjukccAkUEG0bjh2BG5CFHAq2CDTjDWLCO2RDmsYlCRg2k3GEw/woXHa2A+VeRLw2P3dkZBA637gmcqAQFfPZiPzv6wRg3/uJlxGMTBJJx/5scAQ4tH6uM0VoyD6BghV3MyKaZcoQsEcKWOO4MyuPA/V47xzmj8p27lCEU2URnvoAB0hB52hAiqiEqogiiR6RM/oxdLWk/VqvU1KU9a0Zxf9kfX+A5zzlVg=</latexit>

XOR

RowDiff
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Idea:
• Store only diffs

GCT TTA

TAT

TAA

AGC

GGC

CTT

L2

L1 L2

L1, L3

L1, L2, L3L1, L2L1, L2

TAA
TAT
GCT
AGC
GGC
CTT
TTA

1
1

1 1
1

1
1 1
1 1

L1 L2

1

1

L3

∅ L3

<latexit sha1_base64="eOQU23K8fU647HP8td8r7LnqFm4="></latexit>

L�(v) := L(v)� L(vsucc)

? ?
? ?
? ?
? ?
? ?
? ?
? ?

L1 L2

?
?
?
?
?
?
?

L3

1
1

L2

Delta compression

<latexit sha1_base64="7elYST1dcl6feRC58hoLsTUjMT0=">AAAB8XicbZDLSgMxFIYz9VbrrepSkGARXJUZwcvOgpvubMVesB1KJs20oZnMkJwRy9Clb+DGhSJufYE+hQt3PoMvYXpZaOsPgY//P4ecc7xIcA22/WWlFhaXllfSq5m19Y3Nrez2TlWHsaKsQkMRqrpHNBNcsgpwEKweKUYCT7Ca17sc5bU7pjQP5Q30I+YGpCO5zykBY902gd1DUr+6HrSyOTtvj4XnwZlC7uJjWP5+2B+WWtnPZjukccAkUEG0bjh2BG5CFHAq2CDTjDWLCO2RDmsYlCRg2k3GEw/woXHa2A+VeRLw2P3dkZBA637gmcqAQFfPZiPzv6wRg3/uJlxGMTBJJx/5scAQ4tH6uM0VoyD6BghV3MyKaZcoQsEcKWOO4MyuPA/V47xzmj8p27lCEU2URnvoAB0hB52hAiqiEqogiiR6RM/oxdLWk/VqvU1KU9a0Zxf9kfX+A5zzlVg=</latexit>

XOR

RowDiff
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Idea:
• Store only diffs

GCT TTA

TAT

TAA

AGC

GGC

CTT

L2

L1 L2

L1, L3

L1, L2, L3L1, L2L1, L2

TAA
TAT
GCT
AGC
GGC
CTT
TTA

1
1

1 1
1

1
1 1
1 1

L1 L2

1

1

L3

∅ L3

<latexit sha1_base64="eOQU23K8fU647HP8td8r7LnqFm4="></latexit>

L�(v) := L(v)� L(vsucc)

? ?
? ?
? ?
? ?
? ?
? ?
? ?

L1 L2

?
?
?
?
?
?
?

L3

1
1

TAA

TAT

1
1

a 

L2

Delta compression

<latexit sha1_base64="7elYST1dcl6feRC58hoLsTUjMT0=">AAAB8XicbZDLSgMxFIYz9VbrrepSkGARXJUZwcvOgpvubMVesB1KJs20oZnMkJwRy9Clb+DGhSJufYE+hQt3PoMvYXpZaOsPgY//P4ecc7xIcA22/WWlFhaXllfSq5m19Y3Nrez2TlWHsaKsQkMRqrpHNBNcsgpwEKweKUYCT7Ca17sc5bU7pjQP5Q30I+YGpCO5zykBY902gd1DUr+6HrSyOTtvj4XnwZlC7uJjWP5+2B+WWtnPZjukccAkUEG0bjh2BG5CFHAq2CDTjDWLCO2RDmsYlCRg2k3GEw/woXHa2A+VeRLw2P3dkZBA637gmcqAQFfPZiPzv6wRg3/uJlxGMTBJJx/5scAQ4tH6uM0VoyD6BghV3MyKaZcoQsEcKWOO4MyuPA/V47xzmj8p27lCEU2URnvoAB0hB52hAiqiEqogiiR6RM/oxdLWk/VqvU1KU9a0Zxf9kfX+A5zzlVg=</latexit>
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RowDiff: results
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RowDiff: results

‣ Multi-BRWT exploits similarity of columns

‣ RowDiff exploits similarity of rows
- effectively transforms the matrix
- can be combined with any representation scheme

‣ When combined together, outperform the state-of-the-art
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- Use of succinct data structures and efficient representation schemes

- Choice of efficient algorithms (e.g., batch operations)

Indexing microbial samples (BIGSI [Bradley et al., 2019] subsets)
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1. Representing k-mer abundances
From qualitative to quantitative
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Indexing 2,586 human RNA-Seq read sets [Solomon, Kingsford, 2016]. 
Querying 100 random human transcripts (≈ 90 kbp).



Indexing k-mer counts
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- 5x smaller representations, uses 8x less RAM

- 3x faster to query

Indexing 2,586 human RNA-Seq read sets [Solomon, Kingsford, 2016]. 
Querying 100 random human transcripts (≈ 90 kbp).
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Indexing at Petabase-scale
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6.1. Constructing Petabase-scale indexes as community resource

Table 6.1: Summary of the data sets and constructed indexes. Indexes marked with † encode
genome coordinates (hence, fully lossless). Indexes marked with ‡ in addition to the membership
of k-mers to different labels also represent their respective abundances. The index sizes for
SRA-Metazoa and SRA-Public marked with * are estimated from their respective subsets as the
computations are still ongoing. The compression ratio is measured in bp/byte (base pairs of
input sequences per byte of the MetaGraph index), which corresponds to the input/output
ratio if 1 bp takes 1 byte. The last two columns show the two factors of the compression ratio:
redundancy of the data (due to sequencing depth and sequencing errors) and indexing efficiency,
i.e., how many (k-mer, label) relations are encoded per byte of the MetaGraph index.

Type Data set Tbp # labels Index size Compression Redund. Efficiency
(bp/byte) (bp/rel.) (rel./byte)

A
ss

em
bl

ed
se

q. UHGG (catalog) 0.01 4,644 3.2 GB 3.5 1.0 3.5
UHGG (all) 0.71 286,997 27.3 GB 26.0 1.0 25.9
Tara Oceans (scaffolds) 0.36 318,205,057 110.2 GB 3.2 1.0 3.1
Tara Oceans with coord.† 0.06 34,815 14.6 GB 4.2 1.0 4.2
RefSeq with coordinates† 1.70 85,375 508.9 GB 3.3 1.0 3.3

R
N

A
-S

eq

GTEx 71.2 9,759 9.6 GB 7,416 241.2 30.7
GTEx with counts‡ 71.2 9,759 76.3 GB 934 241.2 3.9
TCGA 81.2 11,095 11.1 GB 7,288 334.4 21.8
TCGA with counts‡ 81.2 11,095 81.2 GB 1,001 320.4 3.1

M
G

S MetaSUB 7.2 4,220 46.7 GB 155 40.5 3.8
SRA-MetaGut 155.8 241,384 1,111.3 GB 140 22.2 6.3

SR
A

su
bs

et
s

SRA-Microbe 221.1 446,506 65.5 GB 3,376 157.6 21.4
SRA-Fungi 162.1 121,900 98.3 GB 1,649 113.9 14.5
SRA-Plants 1,109.2 531,714 1,844.1 GB 602 61.5 9.8
SRA-Human 725.4 436,494 3,402.1 GB 213 15.7 13.5
SRA-Metazoa (Mouse) 146.6 57,938 291.6 GB 503 26.6 18.9
SRA-Metazoa (1k studies) 118.8 67,391 302.7 GB 393 33.5 11.7
SRA-Metazoa 1,999.5 805,239 5.1 TB* 390* 33.3 11.7*

SR
A SRA-Public (100 studies) 9.6 5,184 32.0 GB 300 73.3 4.1

SRA-Public to 01.01.2023 38,949.9 23,010,648 130 TB* 300* 73.3* 4.1*

efficiency reflects data duplication across different samples, and it is higher for sets of
related samples. While the first is purely due to data preprocessing, and thus, cannot
be improved unless a different cleaning approach is used, the indexing efficiency is a
result of the particular compression techniques used to represent MetaGraph indexes.

The range of input data was chosen to represent properties commonly occurring in
biomedical research. On the one end stand large cohorts containing sequences sampled
from a pool of limited diversity. A representative of this class are the RNA-Seq samples

155

29

Indexing petabase-scale inputs

Datasets: UHGG (Almeida et al., 2020), Tara Oceans (Paoli, 2022), GTEx (Lonsdale et al., 2013), TCGA (Kaiser, 2005), MetaSUB (Danko et al., 2019), SRA-Microbe (Bradley et al., 2019)
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‣ Search with Serratus [Edgar et al., 2022]
- (viral pangenome search of 82 Mbp against 4M samples at 0.62 cents per sample)

- effective query cost for SRA-Public (23M samples): $1,700 per 1 Mbp of query

‣ Search with MetaGraph
- (extrapolated from ‘SRA-Public (100 studies)’ with prices for Google Cloud)

- effective query cost for SRA-Public (23M samples): $2.8 per 1 Mbp of query

- 600x cheaper than Serratus

- indexing cost: only 2.2 cents per sample
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CTGCACGTAAAACCACAAAAGATACACTACTTAATTACCAGTAGAAATATACAATCAATGCAGTCATAGAATCGGAGGACAATACTTTGCCAAGCAGGGTTT

# sample k-mer matches 

1 SRR3885701 180
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3 SRR3885703 180
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In [1]: from metagraph.client import GraphClient

SRV = “metagraph.ethz.ch”
PORT = 12345
g1 = GraphClient(SRV, PORT, api_path=“/metasub”)
g2 = GraphClient(SRV, PORT, api_path=”/refseq”)

In [2]:

Out [2]:

query = “GGCTAACTACGTGCCAGCAGCCGCGGTAATAC”
g1.search(query, align=True)

Python Client API Graph server(s)
a

b

0
1
2
...

sample

SRR2201245
ERR1732568
ERR847096

...

sequence

GGCTAACTACGTGCCAGCAGCCGCGGTAATAC
GGCTAACTACGTGCCAGCAGCCGCGGTAATAC
GGCTAACTACGTGCCAGCAGCCGCGGTAATAC

...

score

64
64
64
...

CA C
GA A
TA C
AC A
AC G
AC T
...

0 0 0 1 1 0
0 0 0 0 0 1
1 1 1 1 0 0
0 0 0 1 1 0
1 1 1 1 1 1
0 0 1 0 0 0
. . . . . .

CA A
CA G
CA T
GA A
AC A
AG A
AG T
...

1 0 1 1 1 0
0 0 0 0 0 1
1 0 1 0 0 0
1 0 0 1 1 0
1 0 1 0 1 1
0 1 0 0 0 0
. . . . . .
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1.5. Publications relevant to this dissertation

engineering always went hand in hand. It is important to keep all the implementations
as efficient and as optimized as possible in order to make the right design choices
early. Finally, most of the algorithms in our methods have linear time complexity. How-
ever, what matters most is their careful and efficient implementation. This approach
eventually resulted in the methods presented in this dissertation being so scalable and
efficient in practice.

We are confident that our methods make it is possible to create and maintain in a
regular manner a service for sequence search at the scale of the entire SRA. Such a
service could be integrated into the infrastructure of large data repositories, such as
ENA and NCBI, and make all sequence data stored in these repositories searchable,
being essentially a "Google for DNA".
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Talks: 

• RECOMB 2019 (Washington, DC, USA) — presented by HM


• ISMB/ECCB 2021, HiTSeq COSI (online)


• RECOMB 2022 (La Jolla, California, USA)


• IGGSy 2022 (Ascona, Switzerland)


• JOBIM 2022 (Rennes, France) — invited talk 

Poster: 

• Biological Data Science - CSHL Meeting 2022 (Cold Spring Harbor, 
New York, USA)


Other talks 
• MLSS 2020 (online)


• Zurich Seminars in Bioinformatics 2022 (Zurich, Switzerland)


Collaborations 
• Tara Oceans (Sunagawa lab)


• MetaSUB consortia (C. Mason)


• Differential assembly (M. Huber)

Possible future applications 

‣ Detection/confirmation of

- novel splice junctions

- trans-splice junctions 

- genomic variants (incl. structural variants)

- novel sequence elements

- gene fusions

- phages in metagenomes

- novel functional elements in metagenomes

- pathogen pervasiveness (e.g. SARS CoV-II)


‣ Differential assembly


‣ Joint variant calling


‣ Large association studies on sequence elements
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