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Aligning sequences of unknown origins

:R1 :R2 :RN
…

align reads to 
reference genomes

(+) quantifying similarity — as detailed as it gets

(-) not scalable for large , even with efficient indexesN

(-) not suitable for higher distances & novel sequences (>15%)

Can we estimate accurate read to 
genome distances without alignment?

Because of these constraints, phylogenetic placement 
is limited to marker genes or small phylogenies.
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Problem statement and our goals
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Likelihood of k-mer matches & Hamming distances
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Observing k-mers matches with varying HDs  
Pmatch(D; x, k, h) =
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HD = 3

HD = 4

HD = 5
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(k
x)

1 2 3 4 5
HD(x,y)
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0.8

1.0
P[LSH(x)=LSH(y)]

1-FNR of locality-sensitive 
hashing for HD = x

 not all k-mers have 
to be indexed: 
- minimizers 
- FracMinHash 
- …

→

 

precomputed for  

ρi =
# of subsampled

# of distinct

Ri

10



Multiple events could lead to a mismatch
A mismatch occurs for two k-mers (query  and reference ), ifa b
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A mismatch occurs for two k-mers (query  and reference ), ifa b
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•  is indexed: , but either:b ρ
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k

∑
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ii)  and :HD(a, b) ≤ δ LSH(a) ≠ LSH(b)
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∑
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Multiple events could lead to a mismatch
A mismatch occurs for two k-mers (query  and reference ), ifa b
•  is not indexed:  orb 1 − ρ
•  is indexed: , but either:b ρ

i) :  orHD(a, b) > δ
k

∑
x=δ+1

Pmutate(D; x, k)

ii)  and :HD(a, b) ≤ δ LSH(a) ≠ LSH(b)
δ

∑
x=0

Pmutate(D; x, k)(1 − Pcollide(x, k, h))

Pmiss(D; x, k, h, δ) = (1 − ρ) + ρ (
k

∑
x=δ+1

Pmutate(D; x, k) +
δ

∑
x=0

Pmutate(D; x, k)(1 − Pcollide(x, k, h)))
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Maximum likelihood estimation of distances

HD
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D
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0.202


arg maxD Pmiss(D; k, h, δ)ui

δ

∏
x=0

Pmatch(D; x, k, h)vi,x

Optimize  w.r.t.  
for each hitting reference :

−log ℒi D
Ri

single variable & convex with a 
sensible choice of parameters
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Are maximum 
likelihood distances 

accurate?



krepp estimates distances accurately at the read-level

• Simulation experiments 
(true read distances)

~150 bp short reads
(Hamming distance) / (seq. length)default: 29-mer 

minimizers of 35-mers
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krepp estimates distances accurately at the read-level

• Simulation experiments 
(true read distances)

• Highly accurate 
(despite some noise)

• Slight overestimation 
bias for high distances

~150 bp short reads
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krepp estimates distances accurately at the read-level

• Simulation experiments 
(true read distances)

• Highly accurate 
(despite some noise)

• Slight overestimation 
bias for high distances

• High mapping rate even 
for novel reads >15%

~150 bp short reads
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krepp matches nucleotide identity on average for real genomes

• Real query/reference genomes 
(pairs with >20% mapping rate)

• krepp extends to distant (>10%) 
reference genomes accurately

Index: Web of Life (v2) 
16,000 microbial genomes

krepp bowtie2
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krepp matches nucleotide identity on average for real genomes

• Real query/reference genomes 
(pairs with >20% mapping rate)

• krepp extends to distant (>10%) 
reference genomes accurately

• Increasing the sensitivity by 
relaxing the alignment is costly
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krepp matches nucleotide identity on average for real genomes

• Real query/reference genomes 
(pairs with >20% mapping rate)

• krepp extends to distant (>10%) 
reference genomes accurately

• Increasing the sensitivity by 
relaxing the alignment is costly

• krepp is already >10x faster, 
scales well w/ large references
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Method
bowtie2
krepp

Mapping 10M reads (16 threads):
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Outline of the method & subproblems we need to tackle
krepp: k-mer-based read phylogenetic placement

II) Mapping indexed k-mers to genomes

reference genomes

RNR1 R2 R3 R4

AAAC|…|AAAT

TCCC|…|TCCA

CTCT|…|CACT

TACC|…|AACC

AAAT|…|AAAC

…

LSH index

…

III) Estimating read distances based 
on likelihood of k-mer matches

  0   1   2   3

co
un

t

Hamming distances Read distance

Likelihood model

IV) Placement on the reference phylogeny 
by modeling uncertainties of distances

Read distances to genome hits

I) Hamming distances of homologous k-mers

TCGTAA 
TCTAAA 
GAGCTC 
… 
GAGCTG 
TCTAAT

references 
k-mers

locality-sensitive 
hashing (LSH)

GAGCTC 
GAGCTG

TCGTAA 
TCTAAA

…
TCTAAT

TCTAAA

query 
k-mer:

HD 
1 
0

miss at HD=1
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Statistical distinguishability and distance-based placement
• short reads — low signal 
• high distances — many genome hits 
• small differences may not be statistically meaningful 
‣ test distinguishability
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Statistical distinguishability and distance-based placement
• short reads — low signal 
• high distances — many genome hits 
• small differences may not be statistically meaningful 
‣ test distinguishability

likelihood-ratio test 
with the closest reference:

λLR =
ℒi*(D; k, h, δ, ui*, vi*)

ℒi*(D*; k, h, δ, ui*, vi*)

: closest referencei*

: alternative distanceD

 ~  
‣ select a significance level 

(default: =90%)

λLR χ2

α
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Statistical distinguishability and distance-based placement
• short reads — low signal 
• high distances — many genome hits 
• small differences may not be statistically meaningful 
‣ test distinguishability

likelihood-ratio test 
with the closest reference:

λLR =
ℒi*(D; k, h, δ, ui*, vi*)

ℒi*(D*; k, h, δ, ui*, vi*)

: closest referencei*

: alternative distanceD

 ~  
‣ select a significance level 

(default: =90%)

λLR χ2

α

place on the largest clade 
that is indistinguishable with 
the minimum distance

: indistinguishable w.r.t. 
the closest reference

16



krepp places genome-wide reads more accurately 
than ML-based of 16S placement

• Leave all out —100 queries from 
11,000 taxa (WoLv1)

• EPA-ng: needs a MSA; only markers
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krepp places genome-wide reads more accurately 
than ML-based of 16S placement

• Leave all out —100 queries from 
11,000 taxa (WoLv1)

• EPA-ng: needs a MSA; only markers

• krepp places 86% of all reads

• 2.4 vs. 5.6 edge error (average) 0%
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R1

Rn

R2 R3

R1

Rn

R2
R3

…

associate some 
proportion with 
related edges

Phylogenetic Placements (PP)

Characterization of metagenomic samples on a phylogeny

Sample S

Sample 1

…

Sequencing Reads

…
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associate some 
proportion with 
related edges

Phylogenetic Placements (PP)

Characterization of metagenomic samples on a phylogeny

1 2 … S
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dS,2

distance matrix

Sample S

Sample 1

…

Sequencing Reads

…

wUniFrac 
Distance

quantify the shared 
branch lengths weighted 
by the proportions

Sample i

di,j

Sample j
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Characterization of metagenomic samples on a phylogeny
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Characterization of metagenomic samples on a phylogeny
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Characterization of metagenomic samples on a phylogeny
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1 0 …
2 0 …
… … … … …
S … 0

d2,1
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distance matrix

Evaluation: 
- samples often have categorical labels 
- pseudo F statistic: compare within 
group versus across group distancesSample S
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compare profile vectors
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Analyzing human microbiome with larger references

Scaling to large references further 
improves separation of body sites.
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Better characterization of less-studied microbiome of earth

Hierarchical categorization 
of earth microbiome samples

All EMPO: 746

Free-living: 382

Host-associated: 364

Non-saline: 274

Saline: 108

Animal: 286

Fungus: 12

Plant: 66

Sediment (non-saline): 47

Soil (non-saline): 208

Subsurface (non-saline): 10
Water (non-saline): 9
Sediment (saline): 66
Surface (saline): 4
Water (saline): 38

Animal corpus: 58

Animal distal gut: 182

Animal proximal gut: 26
Animal secretion: 20
Fungus corpus: 12
Plant corpus: 28
Plant surface: 38

EMPO 1 EMPO 2 EMPO 3 EMPO 4

n=

[+Bowtie2]
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Plant surface
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Water (saline)

Reference: Web of Life (v1) 
11,000 microbial genomes
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Reference: Web of Life (v1) 
11,000 microbial genomes
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Summary
An alignment-free framework for distance estimation

‣ based on homologous k-mers matches

‣ many potential applications including metagenomics
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Summary

krepp
• estimates read to genome distances >10x faster than alignment

• extends to more distant references and can map novel reads

• easily scales reference sets with >100,000 microbial genomes

• places genome-wide reads on ultra-large phylogenies (only method)

An alignment-free framework for distance estimation

‣ based on homologous k-mers matches

‣ many potential applications including metagenomics
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Thank you!
software: github.com/bo1929/krepp preprint: github.com/bo1929/krepp

Funding

Siavash Mirarab
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ACCTGCTGGG

Given a query k-mer

 LSH buckets4h

GACCTCTCGA 
GAGCTCTCCA

TCGTGCTCTG 
TCCTGCTGGG 
TCGTGCTCAG  

TCTAATGTCG 
TCTAAAGTGG 

locality-sensitive 
hashing … 

ACTGGCTGGG

GACCTCTCGA 
TCGTGCTCTG 
TCCTGCTGGG 
TCTAAAGTGG 
ACTGGCTGGG
GAGCTCTCCA 
… 
TCGTGCTCAG 
TCTAATGTCG

reference k-mers

Computing Hamming distances between homologous k-mers

Select  random but fixed 
positions (default : 14, : 29)

h
h k

HD 
4 
1 
4

miss at 
HD=2

collides for HD=  
with probability:

x (k − h
x )

(k
x)
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HD(x,y)
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P[LSH(x)=LSH(y)]



Dealing with uncertainty: statistically distinguishability
• short reads — low signal 
• high distances — fewer matching k-mers 
• small differences may not be statistically meaningful 
‣ test distinguishability
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0.202
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D*:

log ℒi*:

D

likelihood-ratio test 
with the closest reference:

λLR =
ℒi*(D; k, h, δ, ui*, vi*)

ℒi*(D*; k, h, δ, ui*, vi*)

: closest referencei*

: alternative distanceD  ~  
‣ select a significance level 

(default: =90%)

λLR χ2

α



place on top of the 
largest clade that is 
indistinguishable 

: indistinguishable w.r.t. 
the closest reference

Defining clade distances & branch length agnostic placement

vp =
∑c∈𝒞(p) vc

|𝒞(p) |

: set of children of , 𝒞(p) p {c1, c2}

recursively compute 
average HD histograms 
for internal nodes

use the same likelihood model 
and log-likelihood ratio test

p

c2

A notion of distance 
for internal nodes:

c1



krepp’s heuristic improves closest-tip placement
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bowtie−closest krepp krepp−closest

how many edges 
away is the 
placement from 
the correct edge?

• Leave one out: 100/16,000 (WoLv2) 

• Outperforms baselines: 
on the closest, on the LCA, etc. 

• >80% of all reads within four edges



Scalability: 
Avoiding the more difficult problem & effective parallelization

distributed 
partitions
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Mapping 10M reads (16 threads):
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Indexing microbial genomes (32 threads):

120,000 genomes 
in ~30 minutes!



Scalability: 
krepp can be distributed and has flexible memory requirements

adjusting partitioning based on the 
input size & available memory...

reducing memory use 
w/ further subsampling...

Mapping 10M reads (16 threads): Indexing microbial genomes (32 threads):



Let  be the length of the branch  and  and   
are the taxa proportions descending from the 
branch  for community  and , respectively. 

bi i pA
i pB

i

i A B
d(A, B) =

∑n
i bi |pA

i − pB
i |

∑n
i bi(pA

i + pB
i )



SST =
1
N

N−1

∑
i=1

N

∑
j=i+1

d2
ij SSW =

1
n

N−1

∑
i=1

N

∑
j=i+1

d2
ijδij

SSA = SST − SSW

F =
( SSA

p − 1 )
( SSW

N − p )
 is the number of groups,  is the 

number of objects in each group.
N p

Multiple permutations 
to get a -value!p


