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Abstract— The goal of stemmatology is to reconstruct a family biology, there may be no genetic data from extinct species. F
tree of different variants of a text resulting from imperfect poth cases, variants whose word orders or genetic sequences
copying, which is a crucial part of textual criticism. In reality, a6 gimilar to each other are considered to be close in the

historians often have incomplete data because some variants are It ¢ M i tic st tol thods are
not yet discovered and there are missing portions in available "€SUING tree. Many automalic stemmatology metho

variants due to physical damage. Stemmatology is similar to inspired by phylogenetic methods, and have been improved
molecular phylogenetics where biologists aim to reconstruct the since the work of Robinson and O’Hara [2]. These methods

evolutionary history of species based on genetic or protein have produced encouraging results as they have been applied
sequences. Adoption of phylogenetics methods has lead to enyq evaluated on small datasets where historians havegstron
couraging results in automatic stemmatology. We discuss and ) . . . . .
demonstrate the potential application of minimum description confidence in h_|stor|cal relation among variants. For these
length (MDL) concepts to stemmatology. Our method is applied datasets, there is a consensus stemma based on many forms
to a realistic dataset and outperforms major existing methods. of evidence.
Despite those successful automatic stemmatology results,
several challenges remain. In particular, early test d#tas
Before printing technology was widespread, text documerdse relatively small and ideal in that there are few missing
had to be copied by hand, mostly with errors. Thus, despitariants, and most available variants have few missing por-
many documents originating from a common original textions. However as mentioned before, it is known that histdri
they differ from one another. For those variants that sediv variants have missing portions due to physical damage. This
and were discovered, historians are interested in knowirg tposes additional challenges compared to phylogenetiostevh
relations among them, in particular, the family tree of thim most cases, full gene or protein sequences are avail@hle.
copying history. The research of finding such a family treée other hand, it is reasonable for phylogenetics to coosér
based on surviving variants is called stemmatology, andb#urcation tree with all variants as leaves since therelyas
proposed tree is called a stemma. A stemma is ideally a roostdoccasion where more than two species mutated and evolved
tree where a child node is copied from its ancestor node ftom an ancestor at exactly the same time, and the surviving
the tree. An accurate stemma with geographical, and terhpapecies should indeed be the result of the latest mutafidms.
if available, information of variants, may provide importa is not the case in stemmatology, where several copyists can
historical evidence related to the spread and interaction appy from an identical source and surviving variants negd no
variants with local cultures. be the latest copies. Other issues such as contaminatiorewhe
There are a number of mechanisms which lead to diffes- variant is copied based on two or more sources are also
ences in variants. During the Middle Ages, Latin was no lengenigue in stemmatology. In the review by Roos and He#kil
an actively spoken or written language. However, many teXt3], 13 major algorithms are evaluated on three artificially
were still copied in Latin; the copyists might understand generated datasets with known true stemmata. The datasets a
part of the text. This results in a large amount of uninterdlo generated by subjects copying texts but not real histodat.
copying error as well as intentional changes. Also for agiori Notably one of them, théieinrichi dataset, is a much more
nal text being copied for centuries, the errors accumutaia f realistic dataset where nearly half of the variants are ingss
one copy to another. These have resulted in large diffeeenead available variants have large missing portions. Foremor
among surviving variants. Also, to construct a stemma, a-nuitetail see Section 1V. Even though the best performing ntetho
ber of variants must be considered simultaneously. The rumlon theHeinrichi dataset obtains good accuracy slightly lower
of possible stemmata grows enormously with the number thfan results from simpler datasets, surprising failuresegéral
variants: for example, there are4 x 10° stemmata for 30 promising methods, such &npLear n, indicate that more
variants [1]. Hence, beyond traditional manual approache$ould be done to address the issue of incomplete data [4].
computer aided stemmatology methods are needed. In this paper, MDL concepts [5], [6], [7], [8] with appli-
One can quickly notice that the problem of stemmatologsations to stemmatology are discussed. MDL is data driven
is closely related to phylogenetics. The copying procesh wiand need not assume a true distribution or model of the data.
error is similar to genetic mutations during the evolutioinstead of assuming the resulting stemma is a bifurcatiea tr
process. Also in both cases, there are missing variants.and all variants are the leaves, we infer the stemma as one

I. INTRODUCTION



which minimizes the number of bits it takes to describe adl proposed stemma and the true stemma. It is equalifo
variants based on a given encoding method. This idea ighe ordering is matched,/2 if one and only one of them is
direct application of code length based MDL clustering [9kero, and0 if the ordering is mismatched. Theverage sign
In the code, a variant can either be encoded by itself, distance between two stemmat@ and H is defined as
encoded using another variant as an exemplar, i.e. in th@atre

ancestor. The resulting stemma is directly determined lig. da D(G, H) = Z u(z;j, Tk|w:) /6. )
Due to missing portions, the code length between two vegiant TiFTF Tk

has to be estimated and adjusted according to what the @issiihe sum is over all triples of variants. Dividing ks, we

locations are. Similarly in Cilibrasi and \éhyi [10], code giscount triples that are equivalent after permutatiort. Te

length is an ingredient to obtain a better distance measUfignote the true stemmata, the score of an inferred struture
the Normalized Compression Distance (NCD), between daiagefined asD(G,T)/D(T,T).

points, while the resulting clustering does not have a tirec

code length interpretation. NCD is used {onpLearn [1l. COMPUTATIONAL CHALLENGES IN HIERARCHICAL

which surprisingly failed theHeinrichi dataset. We discuss CLUSTERING WITH INCOMPLETE DATA

the possible reasons why the NCD based method fails [4] and ) . ,

why our methods and the RHM algorithm developed by Roos,_mf,errlng strucFure among data points in Fhe presence of

et al. [11], [3], work on theHeinrichi dataset. missing data is t_led closely to a set_ of graphical optimaati
This paper is organized as follows. Basic notation ar{go_blems collectively called the Steiner Tree problem.Ha t

terminology are introduced in section II. In section lllpgpu-  Steiner tree problem, a gragh = (V, E) Iand a subses of

tational challenges in stemmatology are discussed, asagell’” @€ given. The goal is to find a tre&’ that connects all

our reasons for selecting a particular angle to approao1n.thémdes inS and minimizes the' tot.al edge weights . .In

The datasets are introduced in section IV. The concepts $Mmmatology and phylogeneticS,is then the set of variants

MDL based clustering and NCD based clustering are discus$¥ddenetic sequences of interests, ands then the set of all

in section V with their applications in stemmatology. WeoalsP0SSible variants or genetic sequences that are relevaheto

discuss the performances of NCD bas@onpLear n and problem at haljd. The edge weight is a distance or similarity

the RHM algorithm. In section VI, we present a preliminar&?asure we pick. In general, the Steiner tree probleA’7s

approach and simulation results. In section VIl we propod@: and it is even\’?> to have a close approximation.

several possible future directions to further improve teutt. Under the case with missing portions in available variants,
in the worst cases, even the optimal imputation and straktur

Il. NOTATION AND TERMINOLOGY inference among only the available variants is a Steinee Tre

We denote a variant as; = (z7,---, ), wherej is the problem.
variant index, and is the supposed number of words in a Rather than adopting to our problem a general algorithm for
variant. For each locatiofy z7,i = 1,---,n is either a word the Steiner tree problem, we develop a novel approach based
or ‘?" denoting that the word is missing. The set of all on the specific properties of the datasets in stemmatology. O
available variants i. The set of all distinct words appearinggoal is to learn what concepts should yield algorithms that
in variants isX, andm is the total number of words itX. perform well. The current best performing algorithm RHM
We assume that the all variants are aligned and do not foaits/eloped by Roost at., is in fact closely related to a Steiner
our attention on alignment methods. A stemma of a set wke algorithm. We give an MDL interpretation of why RHM
variants is a connected gragh = (V, E) such thatS is a succeeds.
subset ofV. Clearly, V may contain auxiliary nodes, as it is
known that there are missing variants that might be inferred IV. DATASETS
Note that a stemma need not be a tree due to contaminatior:rhe Heinrichi
where a variant is copied from multiple sources.

To compare between stemmata, Hwerage sign similarity
is introduced by Roos and Heikk&il[3]. For a given undirected
graphG, the simple path length between two nodésnd B
is defined as the smallest number of edges needed to con

vAvhae?SaB; 22 %eoi:f;?r?e(;ﬂ:;era%rr? ri)th;slt d';ﬂ%?:g;;:ng? ’ llj())r contamination. The cqpyists are mqstly Finnish but can onl_y
any three nodesi. B, and C, the sign agreeme|71t iﬁdex iS.understand some ancient words, wh|ch re;embles the Qmatl
defined as e ' in rgal stemmatology problems. In simulation, large paoriof _
1 available variants are deleted on purpose, and only 37ntaria
w(B,C|A) =1 - §|sgr(d(A7B) —d(A,0)) are available. Thus it is similar to real world stemmatology
with the physical damage and variants uncovered. Eachntaria
— sgnd'(4,B) —d'(4,0)l, (@) has around 1200 words with an average of 300 missing words.
where| - | is the absolute value. The main idea is to check Heinrichi is currently the most realistic data set with a large
B and C have the same ordering related to a refereAdcen amount of incomplete data.

dataset and théarzival dataset are used
to evaluate algorithm performances in the Computer-Aadist
Stemmatology Challenge [3]. Thideinrichi dataset consists
of an original text, a 17th century late medieval Finnish
folkttale Piispa Henrikin Surmavirsi, written in old Finnish.
copyists participated to produce 67 text variants with



On the other hand, théarzival [3] dataset is smaller another data point;, the resulting code length being denoted
consisting of 21 variants of the German poélarzival by asL(x;|z;). To efficiently describe all the data points given
Matthew Spencer and Heather F. Windram. Only 5 out of thhese two ways of encoding, one has to find the right ordering
21 variant are missing to the algorithm and no missing postioof which data points should be encoded and followed by which
except those generated by copying error. This dataset idynmosther data points. The objection function is then
for validation that any algorithm should produce reasomabl
performance on it, and it is easy to analyze resulting on thi§1: "+ Zn[t)+L(t) = Z L(zilzs,)+ Z L(zi)+L(t),
dataset. vaiFts @iri=ti 3)

V. MDL, COMPRESSION AND CLUSTERING Wheret = (tl, e ,tn) iS a vector Of indeXeS Wheﬂ@ denOteS
L the index of the ancestor of;. We can think of a graph
Clustering is closely related to the problem of structural _ (V, E), whereV consists of allV data points and a root
inference. In cl_ustermg, data points are similar to o_natamo node, and¥ is the set of directed edges. Each directed edge is
.ShOL”d be a55|gne_d o the same group, whereas in structy, igned a weight equal to its code length. An edge pointing
inference, data points that are similar to one another shoy,, the j-th data point to theé-th data point has code length
be assigned closely on the tree. _The relation is partu;ular (:]z;). An edge from the root node to data poirttas code
cIear when one con5|d(_ars S'm""’?”‘y pased clustering, .Wh%ngth L(z;). Thus, one seeks the subgraph which starts from
the input to the clustering algorithm is af by N matrix the root and passes through all vertices with the minimum

v;/]|th|eachi,j-th helgn;]entl being trllle dls%repar?cy_frodr_r]lf the total edge length. Clearly there should be no cycle that the
th element to thej-th element. Note that this Is di erentsubgraph is in fact a tree. It is well known as the minimum

from model based _cluster?ng which is another pOpU|ar.9|aSS§rborescence tree for directed graphs, and as the minimum
cluster mgthod_s using estimated models, us.u_ally densiliels spanning tree (MST) for undirected graphs. For clustetting,
as Gaussian Mixture Models (GMM), to partition the datas|t lnumber of children of the root node is considered to be the

intuitive to utilize clustering ideas in structural infeee, and number of clusters, and data points with the same ancestor ar
a similarity measure between data points has to be Cho%%rﬁsidered to be ir’1 the same cluster [9]

properly. Recently, several similarity measures and sirityl
based clustering methods using information theoretic sde
have been proposed [10], [9]. The fundamental elementssacr
these works is to measure similarity directly in terms of bit
[9] (MDL based clustering), or through a function whose
inputs have units in bits [10] (normalized compressionattise This is based on Kolmogorov complexity and coding theory
based clustering). Algorithms closely related to theseties [12], [13], [8] that L(z;,z;) < L(z;) + L(x;), i.e. joint
of ideas were developed and applied to stemmatology (sEsmpression of two sequences takes less bits than the itstal b
the review by Roosegt al.)[11]. Here we briefly review the for compression individually. Hence given thatis available,
two information theoretic ideas for distanced based ctige one needs only.(z;,z;) — L(x;) bits instead ofL(z;) bits.
and their related stemmatology methods. We follow with @he compression algorithm used in RHMggip, which uses
discussion on why RHM works an@onpLear n fails due to LZ77 and Huffman coding. Due to the existence of missing
incomplete data. variants, RHM produces a stemma which is a bifurcation tree
_ with all variants being the leaves, similar to assumptioasien

A. MDL based clustering in phylogenetics. The internal nodes are auxiliary vasant

The idea of the minimum description length principlereated such that they minimize the total bits in the tree.
(MDL) is to select a model that requires the least numb&he process is done iteratively so that for a fixed stemma,
of bits to generate the data of interest. The total count ifchooses optimal auxiliary variants, and then computes th
bits includes both the bits used to describe the model and #iturcation tree based on fixed auxiliary variants. Priootw
bits to describe the data given the model. Hence it naturallork, the RHM algorithm was the best performing algorithm
balances model complexity and data fitness. Likewise, we cfn the Heinrichi dataset, the most complicated stemmatology
think of clustering as an idea of grouping data points so thdétaset [3].
given the grouping, it takes the least number of bits to diescr i i ) i
the data [9]. Ideally, one would like to compute the totakbitB- Normalized Compression Distance based clustering
needed to describe the data given any data partition and thefhe Normalized Compression Distance (NCD) was first
choose the most efficient one as the clustering result. Hewveproposed by Cilibrasi and Vamyi [10] for clustering. The
this is computationally expensive as the number of differemain idea is to have a theoretically sound distance measure
partitions is exponential in the number of data points.dadf for clustering methods. It starts with Kolmogorov comptgxi
for each data point we can focus on two ways of encodingnd shows that a distance measure can be derived through
One way is to encode a data poirtby itself using a chosen proper normalization. However, the Kolmogorov complexity
compression method, the resulting code length being dénote in general not computable in the sense that no general
as L(x;). The other way is to encode a data paintgiven algorithm can determine if a given code of data has the

In the RHM algorithm, which is independently developed by
Roos,et al. [11], [3], the code length of(x;|z;) is computed

L(zilx;) = L(zi, xj) — L(z). (4)



shortest code length possible. However, it is indeed plessiland for the common available portionB, and C' are indeed

to use an actual compression algorithm suchgzp and to identical. Thus in RHM, iteratively changing the stemma and
use the resulting code length to derive an analogous distanpdating auxiliary variants may help join variants that are
measure though almost the same arguments and normalizatiorfact similar to one another but have different portions
used for Kolmogorov complexity based distance. This ditanmissing. This is not possible for NCD based methods, where
measure depends on the use of a compression algoritimiormation about the variants are represented by a distanc
and normalization, hence the name Normalized Compressioatrix.

Distance. Computationally, the NCD is defined as Also, this points out an important idea that MDL is applica-
L(A, B) — min{L(A), L(B)} ble to guide where and how many euxiliar_y nodes are _needed.
er(A,B) = (5) Thus, it frees the structure from being a bifurcation tredécivh

max{L(4), L(B)} might not be the best fit for stemmatology problems. Although
Give a set of data, one can then compute pairwise NCibe resulting problem is still a Steiner Tree problem, itldou
store in a matrix\/, and feed into a distance based clusteringrovide guidance of local update. Consider three variants
algorithm. For stemmatology, one inputg to an algorithm A, B, C with A as the parent, to determine if there is a need
which generates a bifurcation tree as the inferred stemma.td add another varianb one can compute whether

general, edge lengths are put in the resulting bifurcatiea, t

such that pairwise distance of available variants are prede  L(D[A) + L(B|D) + L(C|D) < L(B|A) + L(C|A). (6)

in the tree. L . . - .
If so, it implies that adding a new variant is in fact reducing

C. RHM versus NCD based stemmatology the code length so that in an MDL sense, it is reasonable to

The NCD based method @1PLEARN seems to fail on do so.

the Heinrichi dataset. In theHeinrichi dataset, about half of
the variants are missing, which is taken into account by both
RHM and GMPLEARN through putting all available variants From the previous section, we can observe that to succeed
as leaves and inferring the locations of missing variants in hierarchical clustering with incomplete data, a key éads
a bifurcation tree. An other feature of thdeinrichi dataset that the algorithm needs to be able to get around possibde bia
is the large size of missing portions in available variantstue to missing portions in available data. On the other hand,
on average ofi of the words are missing up té. Due Steiner tree type algorithms that iteratively generatelizuy
to missing portions, it may take a lot of bits to encode wariants and update inferred structure seem promisinge Her
variant z; given another closely related variant simply we focus on a simple approach to deal with the missing portion
because a large portion af; is the missing portion of;. issue, and leave the integration of inferring missing vasa
This issue seems to be taken care of by the normalizatiosing Steiner Tree algorithms with MDL interpretation as
part of NCD and not in the RHM algorithm. However, aguture work. Without adding auxiliary nodes, it is harder to
discussed in [4], the normalization is biased in that vdsiandirectly use the code length between two variants. Howelver,
that have a large common missing portion are considerean be estimated by a very simple method, the normalized
closer. To see this, observe that in the numerator, it is a midamming distance. For a simple encoder, it searches the
operation of two code lengths while in the denominator,ehelocations where two variants are different, and encodes the
is a min operation of the same two code length. Thus if twdifference with a uniform prior on the locations and words of
variants A and B have similar length and missing portionsthe difference. Thus the code length is closely proportibma
L(A, B),min{L(A), L(B)}, and max{L(A),L(B)} would the number of differences given two variants. With missing
be similar, which results in an NCD close to unity. Howevegortions, one can still have a rough estimate about what the
when the length ofd is much larger tharB, L(A, B) would code length should be if two variants were complete. We
be similar to max{L(A),L(B)} = L(A) but both much introduce the normalized Hamming distance. For two vasiant
larger thanmin{L(A), L(B)} = L(B). However, this does i andj, the normalized Hamming dlstance% wherek;; is
not explain the success of the RHM algorithm, which dodhe number of differences in the portions that are available
not consider normalization at all. both variants, andq;; is the total length of the overlapping
Even though both RHM andConplear n generate bi- portions. Assuming that the statistics of copying error are
furcation trees, the mechanisms are quite different. Theughly the same before and after damage, the number of
RHM algorithm explicitly generates auxiliary variants weas differences between varianisand j if they were complete
ConplLear n preserves distances on the graph without es approxmatelyn Zii This assumption makes intuitive sense
timating additional nodes. This is in fact a possible reasdhat the process of phy5|cal damage should be independent of
why RHM works. Consider two variantd = (100107?70) the copying errors. Note that the minimum spanning tree of a
and B = (100101117). They may have a large compressiomgraphG is invariant to a constant scaling of the edge weights.
distance. But if we add a variardf = (100101110) as their Thus, since the code length is proportional to the number of
parent, clearly it is easy fof' to encode bottd and B as in differences, which is proportional to the normalized Hamgni
compression, missing portions require nearly no bits tmdec distance, we can use the normalized Hamming distance of all

VI. SIMULATION RESULTS



problems as example applications. We give insights that the
successful RHM algorithms have nice MDL interpretations
for dealing with both missing portions of available vargnt
and missing variants. We introduce the use of normalized
Hamming distance and minimum spanning tree idea to handle
missing portions in variants with direct MDL interpretai®)

and obtain very encouraging good results on realistic stem-
matology datasets. The idea of MDL and Steiner Tree have a
great potential in developing new algorithms for hieracahi
clustering with incomplete data. The results from nornealiz

pl4

Hamming distance can be used as a initialization step foemor
complicated algorithms.
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Fig. 1. The true stemma of thearzival dataset. The nodes labeled with
pure numbers are missing variants that are not available talgogithm
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Fig. 2. The stemma result from the minimum spanning tree basetien t [9]
normalized Hamming distance for tliarzival dataset. Note that in the true
stemma, there are five variants are not in the inferred stemma.r@silts in
several errors in the sign similarity measure. For examplent8 is directly
connect to variant 5 and variant 6 in the inferred stemma, wihiéze are
actually two missing variants between variant 8 and 5. On therohand,
in the true stemma if we view two variants connected though aiteble
variants as directly connected, the inferred structurectaaly close to the
true structure.

(20]

(11]

(12]
(13]

pairwise variants as the input to the minimum spanning tree
algorithm to infer a stemma with MDL interpretations.

Using the normalized Hamming distance, we achie6%
accuracy on thédeinrichi dataset, which is better then all 13
algorithms reviewed in [3]. The result i&8.5% on Parzival
datasets, which is about the average performance among the
13 algorithms while only slightly lower the performance bét
RHM algorithm 79.9%. The resulting tree is shown in Figure
2. The detailed results for thdeinrichi dataset will appear in
subsequent publications.

VII. CONCLUSIONS

We discuss the use of MDL concepts in hierarchical
clustering with incomplete data, and we use stemmatology
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