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against on noun classification tasks

Kow Kuroda
Medical School, Kyorin University

Abstract

This study explores efficient, parsing-free methods for
encoding word structure by comparing regular n-grams,
skippy n-grams, and extended skippy n-grams in the con-
text of inflectional classification tasks for noun gender,
plurality, and case. The classification was tested on the
nouns of four languages: Czech, French, German, and
Irish. While the outcomes were mixed and complex, the
findings suggest that extended skippy n-grams (with or
without boundary marking) outperform skippy n-grams,
and skippy n-grams perform better than regular n-grams in
terms of classification efficiency. This study provides evi-
dence that (extended) skippy n-grams offer a more effective

approach for encoding word structure.

1 Introduction

All words, or more precisely, surface word forms, pos-
sess internal structures. This is true even in languages
where the concept of a word is difficult to define, as cer-
tain languages may not exhibit the same clear-cut distinc-
tions between words. However, the existence of internal
structures in words is irrefutable. Words often exhibit in-
teresting properties that sentences do not have, crucially
because they can be classified. For example, nouns in sev-
eral languages display declensions, and adjectives often
follow suit. Similarly, verbs exhibit conjugations, which
would not be possible if words lacked internal structure.

A central question arises: How can the internal struc-
tures of words be encoded? While it is widely accepted
that sentences and phrases can be parsed, few assert that
words can be parsed in the same way. This discrepancy
arises because the structure of a word is not as easily bro-
ken down into clear categories such as Noun (N), Adjective
(A), Preposition (P), and Verb (V). But does this mean that
words do not have internal structures? No, that is not the
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case. Words in many languages reveal complex internal
patterns, even though these patterns may not conform to
traditional parsing categories.

The challenge lies in encoding these internal structures,
as there are currently no widely accepted parsing models for
word structure!). This research addresses this challenge by
exploring parsing-free methods to encode word structure,
focusing specifically on the use of skippy n-grams. Skippy
n-grams, first introduced in prior work [3], are extended in
this study to assess their efficiency for encoding the internal

structure of words.

2 Methodology

2.1 Task

The task at hand is a word (form) classification prob-
lem, where the classifier predicts the inflectional class of a
given word. Specifically, the classification involves three
attributes: gender, plurality, and case. For example, in
French, the noun maison (meaning “house” in English)
is a feminine singular noun, while maisons (meaning
“houses” in English) is the plural form of maison and
remains feminine. The classifier must predict the correct
gender and plurality for each form.

For the purposes of this study, decision tree (DT), ran-
dom forest (RF), and neural network (NN) classifiers were
used. These classifiers were optimized to the extent pos-
sible for each dataset.” It is important to note that the
objective of this research is not to identify the best classifi-

1) Arguably, Morfessor https://github.com/aalto-speech/
morfessor [1] is one of them, but it has two problems. First, it
is based on a statistical model that require an ample to train with
for better performance. Second, it is a segmentation tool unable to
handle overlaps prevalent in morphology. Prevalence is overlapping
in Japanese morphology was reported in [2].

2) There seems to be no room for detailed explanation on this paper.
Refer the Jupyter Notebook scripts available at: https://github.
com/kow-k/ngram-based-noun-classification
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cation method but to evaluate the most effective encoding.
Each encoding was assessed based on the best performance
achieved using any of the classifiers (DT, RF, or NN).

2.2 Data

A sample of 2,000 random sentences was taken from
tagged corpora of Czech, French, German, and Irish, avail-
able through the Sketch Engine® using seed lemmas in
Table 2. The data obtained was tagged with relevant in-
flectional attributes such as gender, plurality, and case.
Table 1 summarizes the target attributes. These sentences
were manually parsed to extract the relevant tags.

Itis important to note that the construction of the training
data may contain imperfections for two primary reasons.
First, the tags used for annotation are not error-free and may
be inaccurate. Second, certain information may be missing
from the data, particularly for case, due to syncretism”),

where the same form may correspond to multiple values.

2.3 Encodings under assessment

The study compares three types of encodings: (a) reg-
ular (consecutive) n-grams (abbreviated as n-grams), (b)
skippy n-grams (abbreviated as skngrams), and (c) ex-
tended skippy n-grams (abbreviated as xskngrams)®, for
various values of n (2, 3, 4). These encodings were tested
across the following tasks: i) Gender, plurality, and case
classification for Czech nouns ii) Gender and plurality clas-
sification for French nouns iii) Gender, plurality, and case
classification for German nouns iv) Gender, plurality, and
case classification for Irish nouns

Table 3 provides examples of how different types of n-
grams are formed for the word “fig,” based on the degree of
“skippiness” (i.e., the gaps between the consecutive charac-
ters). Skippy n-grams allow for gaps between the positions
of the characters, represented by character “_”.

Cleary n-grams with larger n are inefficient. This limi-
tation can be attenuated by adding inclusiveness. Note that

the comparison below is the one among inclusive versions.

6) Sources are Project Gutengerg corpora of the four languages avail-
able at https://www.sketchengine.eu

7) Syncretism is (the term for) a situation in which different functions
are expressed by the same form. Case system is notoriously suscep-
tible to syncretism. Both in Czech and German, for example, many
nouns have the same form for Accusative and Nominative.

8) This was not defined in [3]. It is worth a mention that extended
skippy n-gram was designed to get skippy n-gram to incorporate the
effect of boundary marking after the effect was accidentally found.
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The inclusion of gaps in skippy n-grams makes them
more flexible than regular n-grams, but also less efficient.
This inefficiency can be mitigated by adding inclusiveness.
This means including (n — 1)-grams along with n-grams.
Inclusive n-grams include the (n — 1)-grams for each n.
Table 3 demonstrates this for the word “fig” with inclusive
n-grams.

During the exploratory stages of the experiment, it was
discovered that explicitly marking word boundaries im-
proved performance in several cases. Thus, this option
was included for testing. Examples of relevant cases are

shown in Table 5.

2.4 Other training parameters

For training and validation, three different data sizes
were used: 1.2k, 2k, and 3k samples. For cross-validation,
10% of the data was held out as test data.

An upper limit was set on the length of words in the
training data. This parameter, called the max_doc_size,
had values of either 9 or 11 characters.

To ensure computational and cognitive efficiency, a limit
was imposed on how far a gap could extend within skippy n-
grams. The max_gap_size parameter was chosen relative
to the maximum document size (i.e., max_doc_size). It
was defined by a max_gap_ratio, which had values of .33,
.67, or 1.00, corresponding to max_gap_val values of 3, 6,
or 9 characters when the max_doc_size was set to 9.

The final parameter in the training setup concerned the
inclusion of supplementary attributes in the encoding.
If supplementary attributes were not used, words were en-
coded solely by n-grams. However, when supplementary
attributes were included, they were added to the n-gram-
based encodings. This modification often led to better

performance, though it was not always effective.

3 Results

Experiments were conducted across various combina-
tions of training data sizes (1.2k, 2k, and 3k), maximum
document sizes (9 and 11 characters), and maximum gap
ratios (.33, .67, and 1.00). Due to space limitations, a full
report of all results is not feasible. We focus here on one
specific analysis, where training was performed with a 1.2k
sample, a maximum document size of 9, a maximum gap
ratio of .67 (which corresponds to a maximum gap value

of 6), and the use of supplementary attributes in training.
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Table 1

Target attribute values

Attribute German French Trish Czech
gender Fem, Masc, Neu Fem, Masc, Comm> | Fem, Masc Fem, Masc{0,1 }4), Neut
plurality Sg, Pl Sg, PI, Inv® Sg, P, Inv Sg, Pl
case Nom, Acc, Gen, Dat n.a. Nom, Gen | Nom, Acc, Gen, Dat, Instr, Loc

Table 2 lemmas used for data construction

English | German | French Trish Czech
book Buch Tivre leabhar | kniha
cat Kat chat cat kocka
dog Hund chien madra pes
man Mann homme fear muz
sea Meer mer farraige | mofe
water Wasser eau uisce voda

Table 3 n-gram encodings for “fig”

n [ regular skippy extended skippy
1 f,i, g f,i, g i, g

2 fi, ig fi, f_g, ig fi_, f_g, _ig

3 fig fig fig

The results are presented in two sections: the first com-
pares performance across languages, and the second com-

pares performance across attributes within each language.

3.1 Language-wise comparison

Method 29 3g 49 sk2g sk3g skag xsk2g xsk3g xskdg 2g-ha:3g-ha: 4g-ha sk2g- sk3g-I skdg-1xsk2g- xsk3g- xskdg: max
Gender  0.66 0.64 056 0.62 0.64 064 063 0.61 060 059 065 0.62 068 063 061 062 068 055 0.68
Gender2 091 0.87 092 088 0.88 093 087 0.88 089 093 087 092 083 088 093 086 084 0.80 0.93
Pluraity  0.89 0.92 082 089 0.84 087 090 0.81 088 08 082 097 083 086 0.84 089 080 079 0.97
Case 044 050 053 047 055 049 044 043 048 052 052 047 052 052 062 044 050 044 0.62
rankgeor 43 31 67 45 33 52 66 83 66 61 39 64 22 55 3 47 41101

Figure 1 Czech all attributes under mgr 0.67 on 1.2k sample

Method 29 3g 49 sk2g sk3g skag xsk2g xsk3g xsk4g 2g-ha: 3g-ha: 4g-ha: sk2g+ skag+ skdg+ xsk2g-xsk3g- xskdg- max
GenderYesBe: 079 071 081 078 072 0.82 079 078 083 074 082 083 079 069 079 077 080 071 083
GenderNoBes 078 0.71 0.1 0.80 069 0.84 078 0.78 084 073 079 0.78 078 068 079 0.79 080 0.69 084
Plurality.Yes;Be 094 0.93 093 096 095 093 094 094 095 093 091 092 096 095 093 099 096 097 099
Plurality:No;Be 093 0.93 093 0.95 094 093 094 095 093 093 093 091 094 095 096 097 097 096 097
rank.geomean 8.9 133 67 51 104 45 82 82 29 127 77 72 62 99 62 3 29 63

Figure 2 French all attributes under mgr 0.67 on 1.2k sample

Method 29 35 4g  sk2g sk3p skdg xsk2g xsk3g xskdg 2g-ha:3g-ha: 4g-ha: sk2g+ sk3g+ skdg+ xsk2g: xsk3g: xskdg: max
Gender 0.58 056 0.56 0.55 055 0.58 060 047 0.50 055 0.61 054 056 0.55 067 059 051 053 0.67
Pluraity 0.86 0.87 0.86 0.84 0.84 0.85 082 0.83 086 0.88 0.87 086 0.84 077 084 0.82 086 0.82 0.88
Case 037 043 050 041 043 036 033 042 046 040 045 039 045 038 040 038 038 042 0.50
rankge 9 83 24 64 66 7.6 84 123 69 76 24 96 68[126 33 85 81 89

Figure 3 German all attributes under mgr 0.67 on 1.2k sample

Method 2 3g  4g  sk2g sk3p skdg xsk2g xsk3g xsk4g 2g-ha:3g-ha: 4g-ha: sk2g+ sk3g+ skag+ xsk2g: xsk3g-xsk4g: max

Gender 077 075 075 079 072 0.78 081 082 072 075 077 081 073 073 077 073 074 077 0.82
Pluraity 0.72 067 076 0.74 070 070 0.67 073 062 071 0.68 068 068 0.64 066 065 0.64 0.66 0.76
Case 098 099 099 096 096 099 099 096 097 1.00 099 096 0.97 096 096 0.94 097 097 1.00

rank.ge 7.4 46 43 7 122 28 38 31 121 49 26 61 103 131 92 152 92 638

Figure 4 Irish all attributes under mgr 0.67 on 1.2k sample

Figures 1 to 4 display the language-wise accuracy dis-
tributions for Czech, German, and Irish. The accuracy
distributions for each language are organized by the clas-
sification task (gender, plurality, and case) and by the en-
coding methods used. From the results, we observe the
following: Czech: The best-performing encodings are the
skippy 2-gram, skippy 4-gram, and regular 3-gram, in that
order. These results highlight the effectiveness of skippy
n-grams for this language. French: The best performers are
extended skippy 4-grams and extended skippy 3-gram with
hashing. The inclusion of hash-based encodings appears
to boost performance significantly. German: The most
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Table 4 inclusive n-gram encodings for “fig”

n regular skippy extended skippy

1 fi, g fii, g i, g

2 fi,ig, f,1, g fi, g, ig, f, i, g fi_, f_g, g, f_, i, g
3 | fig, fi,ig,f,i,g | fig. fi,f_g,ig,f.i, g fig, i, ..., 4., g

Table 5 Non-inclusive hashed n-gram encodings for “fig”

n regular skippy extended skippy
1 #1110, g # # 1, g # #, ., g, #
2 | #f fi,ig, g# | #f,#4, ..., g# #_ #i., ..., dg., -g#
3 #, fig, igh | #6, #f_g, ... ig# | #,#_ g, ..., fig_, [igh

effective encodings are the 3-gram with hashing and the
skippy 4-gram with hashing. These results demonstrate
the advantage of using skippy n-grams in combination
with hash-based encodings. Irish: The best-performing
encodings include the regular 4-gram and the 3-gram with
hashing. Extended skippy 3-grams also perform well, but

overall, regular n-grams seem to be more effective for Irish.

3.2 Attribute-wise comparison

This section provides a detailed analysis of the results
for plurality, gender, and case classification tasks across
the languages studied. The accuracy distributions for each
attribute (gender, plurality, and case) are presented in fig-
ures 9 to 15, which show how each encoding method per-

formed across different attributes.

[Target  SuppleMethoi2g 39 49 skzg sk3p skdg xsk2g x3k3g xskdg hash hash hash sk2g-Isk3g-| skdg-Ixsk2g-xsk3g xskdg-max rank

Pluraliy Yes DT 0.8 085 076 087 082 085 0.74 077 08 082 082 097 081 085 081 086 079 072 097
Plurality Yes RF 089 092 0.80 089 084 087 090 081 08 082 082 085 08 085 084 089 078 079 092
Plurality Yes NN 082 088 082 083 076 083 083 075 082 082 072 084 081 084 082 087 080 075 088 3
max | 089 092 0.82 089 084 087 090 081 088 052 082 097 033 085 0.54 089 080 079 097
ak 42 13 4 n 9 30098 7 13 131 7 10 n 4z

Plurality classification

Figure 5 Czech plurality under mgr 0.67 on 1.2k

Plurality Yes DT 093 093 086 088 087 085 088 094 082 088 089 087 092 085 092 094 087 088 094

Plurality Yes RF  0.94 093 092 096 091 093 093 094 0.89 092 089 092 093 093 093 097 096 097 097

Plurality Yes NN 0.90 090 0.93 095 095 092 094 093 095 093 091 091 096 095 093 099 095 095 099 |
max 094 093 093 096 095 093 034 094 095 093 091 092 096 095 093 099 096 097 099
ak 9 12 12 3 6 12 9 9 6 12l 08 17 3 6 12 1 3 2

Figure 6 French plurality under mgr 0.67 on 1.2k

Plurality Yes DT 076 085 078 074 084 078 078 075 080 088 077 086 080 0.71 075 076 072 076 088 2
Plurality Yes RF 086 087 086 084 078 085 082 083 078 085 087 085 084 077 084 082 086 082 087 1
Plurality Yes NN 078 076 085 080 078 075 077 075 08 082 082 081 082 076 078 079 077 079 086 2
ma 085 067 08 084 0.84 085 082 0.3 085 088 087 085 0.84 077 084 082 085 062 088
rank 4 2 a4 10 w0 o a5 14 4 12 a4 w8 0 15 4 s

Figure 7 German plurality under mgr 0.67 on 1.2k

[Target  SuppleMethod 29 3g 49 sk2g sk3g skdg xsk2g xsk3g xskdg hash hash hash -+hash +hash +hash xsk2g-xsk3g xskdg max _rank

Plurality Yes DT 060 065 063 074 063 069 063 071 061 064 065 066 063 059 060 059 062 058 074 2
Plurality Yes  RF 072 067 076 069 070 070 067 073 062 063 068 068 068 064 066 059 062 064 076 |
Plurality Yes NN 059 064 0.66 059 062 067 060 068 054 071 061 063 061 061 058 065 064 066 071 3

me< 072 067 076 074 070 070 067 073 062 071 068 068 068 0.64 0.66 065 064 066 076
rank 4 m_ 1 2 & 6 m 31 s s 8 8 16 13 15 16 13

Figure 8 Irish plurality under mgr 0.67 on 1.2k sample

Figures 5 to 8 show the accuracy distributions for plu-
rality classification of nouns in Czech, French, German,
and Irish. The best-performing methods for plurality clas-
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sification include: Czech: The highest-performing method
is skippy 2-gram, followed by skippy 4-gram and regular
3-gram. French: Extended skippy 4-grams with hashing
yield the best results, followed by regular 3-grams and
skippy 3-grams. German: The most effective methods are
3-grams with hashing and skippy 4-grams with hashing.
Irish: Regular 4-grams and 3-grams with hashing are the

top performers, followed by extended skippy 3-grams.

3.2.2 Gender classification

Target SuppleMetho2g 35 4g  sk2g sk3g skdg xsk2g xsk3g xskdg 2g-hai3g-ha: 4g-ha sk2g-1sk3g-1skag-I xsk2g xsk3g xskag- max _rank
Gender2 Yes DT 088 082 0.83 0.88 083 076 075 055 066 093 082 083 088 083 076 075 058 044 093 1
Gender2 Yes RF 091 0.87 092 087 088 093 087 088 089 093 087 092 087 088 093 084 084 078 093 1
Gender2 Yes NN 091 085 090 082 088 082 084 079 072 091 085 090 0.82 088 082 08 084 080 091 3
max 091 087 092 088 088 093 0.7 088 039 093 087 0.92 0.88 088 093 0.86 034 080 093
rank 6 13 4 8 8 1 13 s 7 1 13 4 8 & 1 16 17 18

Figure 9 Czech gender (version 2) under mgr 0.67 on 1.2k
Target  ement d 29 39 49 sk2g sk3g sk4g xsk2g xsk3g xskd4g hash hash hash +thash +hash +hash hash hash hash max rank
max 079 071 081 078 072 082 079 078 0.83 074 082 0.83 079 069 079 077 080 071 0.83

Figure 10 French gender under mgr 0.67 on 1.2k

Target ement Method 29 39 4 sk2g sk3g skdg xsk2g xsk3g xskdg hash hash hash -hash +hash +hash hash hash hash max rank
Gender Yes DT 053 056 0.49 053 055 056 047 047 039 0.41 053 050 0.48 049 060 051 044 049 060 2
Gender Yes  RF 058 052 056 054 055 058 060 045 0.50 055 061 054 045 054 067 056 050 053 067 1
Gender Yes NN 055 054 048 055 055 051 051 043 049 045 054 051 056 055 053 059 051 053 059 3

max 058 056 056 055 055 058 0.60 047 050 055 0.6 054 056 055 0.67 059 051 053 0.67
rank s 7 7 10 10 5 38 47 10 2 14 7 10 1 4 16 15

Figure 11 German gender under mgr 0.67 on 1.2k
Target ement Method 29 3g 4g  sk2g sk3g skdg xsk2g xsk3g xskdg hash hash hash +hash +hash +hash hash hash hash max rank

Gender Yes NN 074 073 075 078 072 075 074 078 072 066 075 071 068 070 069 067 074 074 078 2

max 077 075 075 079 072 078 081 082 072 075 077 081 073 073 077 073 074 077 082

rank 6 10 10 400 5 2 1002 10 6 2 14 14 6 14 13 6

Figure 12 Irish gender under mgr 0.67 on 1.2k

Figures 9 to 12 display the accuracy distributions for
gender classification in Czech, French, German, and Irish.
The best-performing methods for gender classification in-
clude: Czech: The extended skippy 4-gram with hashing,
followed by the regular 3-gram, showed the best results.
French: The best-performing method is extended skippy
3-gram with hashing, followed by regular 4-grams. Ger-
man: Skippy 4-grams and extended skippy 3-grams with
hashing produced the best results, with the 3-gram with
hashing also performing well. Irish: Extended skippy 3-
grams with hashing and skippy 4-grams produced the best

performance for gender classification.

3.2.3 Case classification

Figures 13 to 15 present the accuracy distributions for
case classification in Czech, German, and Irish. The re-
sults indicate the following: Czech: Skippy 2-grams with
hashing and regular 4-grams are the top performers for
case classification. German: The best results are obtained
with 3-grams with hashing and extended skippy 4-grams.
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[Targer  SuppleMethoizg 35 45 skeg skdp skdg xckag xsk3g xskdg hash hash hash sk2g-lsk3g-l skdg-|xsk2g xskig xskdg max _rank
Case Yes DT 043 045 041 041 042 040 032 032 048 051 043 042 041 046 042 035 038 038 05 2
Case  Yes R 039 050 053 047 055 049 044 043 046 052 052 047 052 052 062 039 050 044 062 1
Case _Yes NN 044 038 034 047 043 042 037 034 041 041 046 036 035 039 046 044 039 031 047 3
max 044 050 053 047 055 049 044 043 0.48 052 052 047 052 052 062 044 050 044 062
ak |14 8 3 120 2 0 @ v 4 4 12 a4 40 4 s 4

Figure 13 Czech case under mgr 0.67 on 1.2k sample

[Target  SuppleMethod 29 35 45 sk2g sk3p skdg xsk2g xsk3g xskdg hash hash hash -+hash +hash +hash xsk2g-xsk8g-xskdg:max _rank
Case  Yes DT 027 037 040 029 037 036 033 035 044 040 041 033 043 036 036 028 034 028 044 2
Case  Yes RF 037 043 050 041 043 031 029 042 046 038 045 032 045 037 040 038 038 042 050 1|
Case  Yes NN 032 030 037 035 034 034 033 031 034 031 032 039 033 038 034 036 037 034 039 3
max 037 043 050 0.41 043 036 033 042 046 040 045 039 045 038 040 038 038 042 050
rank % s 1 o s_ w8 7 2 10 3 12 3 13 10 13 13 7

Figure 14 German case under mgr 0.67 on 1.2k sample

[Target — SuppleMethod 29 39 49 sk2g sk3g skdg xsk2g xsk3g xskdg hash hash hash +hash +hash +hash xsk2g-xsk3g xskdg:max _rank

Case  Yes DT 098 097 097 096 096 098 099 096 097 098 097 094 096 092 095 094 096 096 099 3
Case  Yes RF 098 099 099 096 096 099 098 096 097 1.00 099 096 097 096 095 094 097 097 100 |
Case  Yes NN 098 099 099 096 096 099 098 0965 097 100 099 096 097 096 096 094 097 097 100 1

max 098 099 099 096 096 099 099 096 097 1.00 099 096 097 096 096 094 097 057 1.00
rank 7 2 2 92 2 2 2 12 s 1 2 12 & 12 12,18 s 8

Figure 15 Irish case under mgr 0.67 on 1.2k sample

Irish: Extended skippy n-grams and 3-grams with hashing
produced the highest accuracy for case classification.

In general, the best performing methods for case classi-
fication are similar to those for gender and plurality clas-
sification. Skippy n-grams, especially those extended or
combined with hashing, show superior performance across

different tasks and languages.
3.3 Discussion

The results obtained from these experiments provide
several insights into the effectiveness of various n-gram
encoding methods for word classification tasks. One key
observation is that, in certain cases, ((extended) skippy) n-
grams perform worse as n increases, while in other cases,
they show improved results with larger n-values. This in-
consistency suggests that while skippy n-grams offer flexi-
bility in encoding word structure, the relationship between
n-gram size and performance is not always straightforward

and depends on the specific language and task.

4 Conclusion

This study investigated the efficacy of different n-gram-
based encoding methods for word structure classification
tasks, focusing on gender, plurality, and case attributes
across multiple languages (Czech, French, German, and
Irish). It is sugggested that (extended) skippy n-grams,
when used with boundary markers and hash-based encod-
ing, offer an effective and efficient method for word struc-
ture classification. However, further exploration is required
to understand the nuances of n-gram size, encoding type,
and language-specific factors in order to fine-tune these

methods for optimal performance.

This work is licensed by the author(s) under CC BY 4.0
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A Appendix: Attribute-wise analy-
sis of mgv: 1.00 results
This appendix gives the results of another analysis with

parameters max_gap-ratio = 1.00 on 1.2k sample.

A.1 Plurality classification

max 089 082 086 0.82 032 088 088 0.8 092 091 088 089 033 085 086 0.83 0389 0.85 O.!Z1:xsk4‘
w OElE EEEE - BN s o D

Figure 16 Czech plurality under mgr 1.00 on 1.2k

Target SuppleMetho2g  3g  4g  sk2g sk3g skdg xsk2g xsk3g xskdg hash hash hash +hash +hash +hash xsk2g-xsk3g xskag- max _rank
Plurality Yes DT 093 0.85 0.86 085 089 0.89 095 0.82 090 088 082 091 093 090 0587 0.8 08 08 095 3
Plurality Yes RF 094 092 092 090 091 090 097 093 096 089 0.87 096 096 094 089 093 093 097 097 1
Plurality Yes NN 091 0.88 091 093 095 093 097 095 096 089 0838 088 096 097 091 093 097 097 097 1

max 094 092 092 093 095 093 097 095 096 089 088 095 096 097 091 093 0.97 057 087 lxsk2

Figure 17 French plurality under mgr 1.00 on 1.2k

Plurality Yes DT 084 082 078 074 075 081 075 075 081 082 083 084 083 077 0.8 078 079 075 084
Plurality Yes RF  0.82 0.87 083 083 080 083 078 079 085 079 0.85 088 087 086 081 082 079 082 088

Plurality Yes NN 0.84 0.80 078 078 078 080 077 0.82 078 076 077 074 089 082 074 082 081 084 089

max 084 087 083 0.3 030 083 078 0.82 085 082 085 0.88 0.89 086 082 0.82 081 084 0.89
rank 73 9 9l 17 9 12 s 12 s 2 1 4 12 12, 16 7

Figure 18 German plurality under mgr 1.00 on 1.2k
Target  Supple Methoi 29 39 49 sk2g sk3g sk4g xsk2g xsk3g xskd4g hash hash hash +hash +hash +hash xsk2g-xsk3g-xsk4g- max rank
Plurality Yes DT 0.69 070 065 0.67 057 0.64 058 059 070 067 074 0.68 0.63 069 070 0.62 058 070 0.74 2
ity Yes ® 065 09 066 055 060 072 063 055 065 072 075 071 069 072 074 064 08 068 075 1

Plurality Yes NN 059 0.59 061 065 060 065 070 0.54 061 070 0.68 071 068 068 073 056 059 061 073

max 069 070 066 0.68 0.60 072 070 0.65 070 072 075 071 0.69 072 074 064 063 070 075

ank 17 14 13 3 7 8 7 3 1 & u_ 3 2 6 7 7

Figure 19 Irish plurality under mgr 1.00 on 1.2k sample

Figures 16-19 give the accuracy distributions for plural-
ity of nouns in Czech, French, German and Irish. Perfor-
mace of extended skippy n-grams, with or without hash,
seem to be improved.

A.2 Gender classification

Suppl Metho 2g- 3g- 4g- skeg- skig- skdg- xsk2g xsk3g xskdg
Target ementd 29 39 4g  sk2g sk3g sk4g xsk2g Xsk3g Xsk4g hash hash hash hash hash hash -+hash +hash —hash mex _rank
Gender Yes DT 058 058 051 057 049 056 057 057 040 057 059 053 047 0.44 050 052 044 046 059 3
Gender Yes RF 065 066 0.68 0.60 054 066 0.60 068 062 062 059 062 059 062 063 065 055 065 068 2
Gender Yes NN 057 055 062 054 058 059 061 063 067 056 052 069 059 067 054 057 053 062 069 1

mex 065 066 068 0.60 0.58 066 061 068 0.67 062 059 069 059 067 063 0.65 055 065 0.6 ldg+
rank 8 6 2 14 17 s 13 2 4 12 15 1 15 4 1§ 8

Figure 20 Czech gender under mgr 1.00 on 1.2k
Suppl Metho 29- 39~ 4g- sk2g sk3g skdg xsk2g-xsk3g-xskdg-
Target  ement d 29 3g 49 sk2g sk3g sk4g xsk2g xsk3g xskdg hash hash hash +hash +hash +hash hash hash hash max rank
Gender Yes DT 071 068 068 072 069 068 064 069 067 063 072 061 068 068 067 065 072 057 0.72 3
Gender ves %077 030 089 081 08 079 074 075 075 073 072 071 080 074 077 076 076 075 081 1

max 077 0.80 063 081 080 079 075 076 075 073 072 071 0.80 074 077 079 076 075 0.81 l:sk2|!
o IR s 0 - N L - o

Figure 21 French gender under mgr 1.00 on 1.2k

Suppl Metho 2g- 3g- 4g- skeg sk3g skig xsk2g xsk3g xskdg
Target  ement d 29 39 49 sk2g sk3g sk4g xsk2g xsk3g xskd4g hash hash hash +hash +hash +hash hash hash hash max rank
Genier Yes DT 032 047 047 048 057 053 056 048 043 047 052 050 047 051 052 054 039 053 059 2
(Gender Yes  RF 0.57 054 057 061 057 057 061 054 055 056 054 061 059 050 0.62 056 0.61 058 0.62 1
Gender ves NN 032 044 056 057 034 053 045 055 035 046 045 055 036 02 03¢ 050 032 00 0573

mex 057 054 057 061 057 057 061 055 055 056 054 061 059 052 062 056 061 058 0.62 liskdg
rank 8. 16 s 2 8 8 2 14 14 12| 16 2 6 12 2 7

Figure 22 German gender under mgr 1.00 on 1.2k

Gender Yes DT 082 067 068 076 066 070 068 058 059 079 075 075 070 072 072 069 056 068 0.8 1

Gender Yes RF 076 077 074 078 071 081 078 068 070 075 073 075 078 074 079 075 068 070 081

Gender Yes NN 075 070 0.68 078 071 080 076 068 069 069 075 077 070 075 074 068 061 070 0.80

max 082 077 074 078 071 081 078 068 070 079 075 077 0.78 075 079 0J5 0.68 070 0.82

rank 18 13 s 14 2 s 15 3 10 8 s 10 3 10 15

Figure 23 Irish gender under mgr 1.00 on 1.2k
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Figures 20 to 23 provide the accuracy distributions for
gender classification of nouns in Czech, French, German
and Irish. Performace of extended skippy n-grams, with or

without hash, seem to be improved.

A.3 Case classification

Target  SuppleMethor2g 3y 49 sk2g sk3g skdg xsk2g xsk3g xskdg hash hash hash sk2g-| skag-| skag-Ixsk2g xskig xskag max rank
Case Yes DT 056 051 048 047 030 041 032 036 039 042 045 053 047 040 036 036 031 034 056 2
Case  Yes RF 040 053 056 052 050 052 042 059 049 050 051 050 049 054 053 055 038 053 059 1
Case _Yes NN 036 037 041 041 032 040 039 042 037 037 040 045 042 033 043 036 027 043 045 3
max .56 053 056 052 0.50 052 042 059 049 050 051 053 049 05¢ 053 055 0.38 053 059 1osky
rank 2 6 2 10 13 ol 02 1 15 13 12 6 15 5 6 4 6

Figure 24 Czech case under mgr 1.00 on 1.2k sample

Target SuppleMethor2g 3y 49 sk2p sk3g skdg xsk2g xsk3g xskdg hash hash hash +hash +hash +hash xsk2g-xsk3g-xskag: max _rank
Case  Yes DT 033 035 032 038 034 029 037 025 033 035 041 028 039 042 033 040 037 033 042

max 037 035 038 043 036 041 047 035 033 035 043 032 039 042 041 047 046 0383 047
sy B0 BE .. . EOREE 0 WD

Figure 25 German case under mgr 1.00 on 1.2k sample

Target  SuppleMethior2g 35 49 sk2g sk3g sk4g Xsk2g xsk3g xsk4g hash hash hash -+hash +hash +hash xsk2g-xsk3g-xskdg-max _rank

Case  Yes DT 092 097 097 098 097 096 094 097 095 095 093 096 095 095 096 096 093 0.97 098

Case  Yes RF 091 098 098 099 097 098 095 096 095 096 096 096 096 095 096 096 097 097 099 1

Case  Yes NN 091 098 098 099 097 098 095 096 095 096 096 0.96 096 095 096 096 097 097 099 1

max 092 098 098 099 097 098 095 0597 095 096 0.96 096 096 095 0.96 096 097 097 0.99

rank - 2 2 1 5 2 15 5 15 9 9 9 9 15 9 9 5 5
Figure 26 Irish case under mgr 1.00 on 1.2k sample

Figures 24-26 give the accuracy distributions for plu-
rality classification of nouns in Czech, German and Irish.
Like the two cases above, performace of extended skippy
n-grams, with or without hash, seems to be improved but

not quite remarkably.
A.4 Discussion

In addition to increased performance of extended skippy
n-grams mentioned above, overall performance is im-
proved with the full max_gap_ratio = 1.00. The poten-
tial problem with larger mgv is that it takes more com-
putational resources, and it works only under reasonably
shorter words. With larger max_doc_sizes, adverse effects

are quite likely.
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