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Abstract. We use morphological features together with the semantic representations of words to solve chunking problem in Turkish. We separately train and tune
word embeddings for semantic representations and conditional random fields for
morphological features. We combine the two in a random forest.
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Introduction

Chunking is considered as an early form of parsing and defined as dividing a sentence
into syntactically disjoint sets of meaningful word-groups or chunks [1]. An example
of a sentence split up into chunks is shown below:
(1)

[By midday] [NP the London market] [VP was in full retreat]

In Example (1), the chunks are represented as groups of words between square
brackets, and the tags denote the type of the chunk.
Extracted chunks can be used as input in more complex natural language processing tasks, such as information retrieval, document summarization, question answering,
statistical machine translation, etc. Compared to syntactic and/or dependency parsing,
chunking is an easier problem. For this reason, in the earlier years of statistical natural
language processing, many researchers put emphasis on the chunking problem [2].
In manually tagging a corpus, human annotators intuitively combine their linguistic
knowledge with their competence of the language. In our approach, we try to capture
these two sources of expertise and native knowledge about a language. We train a CRF
with morphological features to learn the linguistic knowledge. For the competence, we
train a neural network to represent the words as numeric vectors in an high dimensional
space.
The paper is organized as follows: In Section 2, we give related work on chunking
in Turkish and other languages. We describe our approach in Section 3. We report the
experimental results in Section 4 and discuss them in Section 5. We conclude in Section
6.
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Related Work

Ramshaw and Mitchell (1995) work [3] was one of the earliest works on chunking. They
applied transformation-based learning approach for NP chunks on the data derived from
Penn-Treebank. [4] applied support vector machines (SVM) to identify NP chunks.

Using an ensemble of 8 SVM-based systems, they got 93% in terms of F-measure on
CoNLL shared task data. The work in other languages, especially on less resourced
and/or morphologically rich languages, is scarce. There are limited works on Korean
[5, 6], Hindi [7], and Chinese [8, 9].
Kutlu’s works [10] and [11] proposed the first Turkish NP chunker based on a
dependency parser with handcrafted rules. NPs are divided into two sub-classes as
main NPs (base NPs) and all NPs (including sub-NPs). Kahlout work [12] annotated
verb chunks in METU-Sabancı Turkish dependency treebank [13] and replaced phrase
chunks with constituent chunks. The remaining chunks are left as general chunks and
only their boundaries are detected. The algorithm is based on conditional random fields
(CRF) and achieves a best accuracy of 91.95 for verb chunks and 87.50 for general
chunks.

3

Combining nominal features with word embeddings

For the modeling part, we train the semantic and morphological models separately and
combine them in a random forest. Each part is tuned to maximize its performance in
the chunking task when used in isolation.
3.1

Semantic representation

We restrict ourselves to the semantics of a word as defined by the contexts in which it
is used. To encode the context information we embed the words in real vectors using
word2vec algorithm described in [14]. In order to customize the embeddings towards
our task, we tuned the free parameters, window size and the embedding dimension of
word2vec that maximize the performance in a partial evaluation of chunking.
3.2

Morphological features

In order to train a learner for the morphological features in isolation, we use a CRF with
a set of nominal features that are derived from a word. CRFs are known to perform well
in sequential labeling tasks with nominal contextual features, [15].
For languages like Turkish where the syntactic functions of the words are often indicated by the case suffixes, morphological features become crucial for automatic labeling
tasks. A particular example that is common in chunking is the genitive-possessive NP
structure in Turkish. The genitive case marker and the possessive morpheme often also
mark the boundaries of a NP. Even when the genitive possessive NP is composed of
other NPs, anything between genitive marker and the possessive morpheme is often
inside the outer NP.
Another set of case markers that are important in identifying propositional phrases
in Turkish are the dative, locative and ablative markers, -A, -DA and -DAn. In English,
starting boundaries of PPs are often marked with function words like “to,” “at” and
“from” These function words roughly correspond to the markers for the three noun
cases just mentioned. As Turkish is a head final language, these three cases indicate the
right boundary of a PP.

Many verbs in Turkish are formed by combining a noun with one of the two auxiliary verbs et- (do) and ol- (be). Examples are “yardım etmek” (to help), “kabul etmek”
(to accept), “neden olmak” (to cause), “ait olmak” (to belong). For such cases, the auxiliary verb and noun preceding it must be chunked together. For surface forms we define
the ETOL binary feature which indicates whether the root is et- or ol-.
The full set of features used in the isolated morphological chunking is given in Table
1. The contribution of the addition of each feature to the performance is given in the
experiments in Table 1.
Table 1: Morphological features
Identifier Definition
F0
F1
F2
F3
F4
F5
F6
F7
F8

3.3

Previous case
Current surface form
Previous surface form
Next is ETOL, binary
Previous POS
Current is possessive, binary
Previous is possessive, binary
Current case
Current is ETOL, binary

Combining semantics and morphology

Among the nominal features that we used in the CRF chunking were surface forms of
the word itself and its surrounding words. Considering the effective vocabulary size of
a morphologically rich language like Turkish, the surface forms in a training set make
a rather sparse set of features. The same is to lesser extent true for the root forms of the
words.
On the other hand, the morphological features have values from a small set, often
binary.
Instead of surface forms, we used their embedded representations as real vectors.
This brings into the learner the semantics contained in the word embeddings. Besides,
using vectors alleviate the problems of sparsity.
CRFs as commonly used for sequential labeling do not handle continuous valued
features without a pre-processing such as binning. In order to directly combine the
nominal features with continuous vector features, we use random forest.
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Experiments

For training word2vec, we used the Milliyet corpus of Turkish which contains more
than 5M sentences. For training and testing in the chunking task, we used the translated

sentences of a portion of Penn Treebank with about 8K sentences [16]. The first 90% is
used for training and the rest for testing. We generated the chunk labels automatically
using the root label of the largest subtree under the tree root.
We experimented with two sets of chunk labels. The simple set B, I only identifies
the boundaries of the chunks. The larger set identifies the class of the chunks as well.
In order to find the most suitable window and vector sizes in word2vec for chunking task, we set up an SVM classifier that uses only the vector representation of word
at t as the feature in deciding the chunk label at t. For the SVM and random forest
implementations, we used the one provided by Weka, [17].
We used the simple label set {B, I}. The average F-scores are shown in Table 2.
Comparing the F-scores, we chose a window size of 1 and an embedding size of 20. We
used these parameters for the rest of the experiments.

Table 2: The average F-scores for different embedding and window size combinations.

vector

window
1

2

3

5

68.1 66.2 65.7

10

69.8 69.3 67.9

20

70.3 69.3 68.7

50

69.4 69.4 68.2

Next, we determined the relevant context window for the surface forms of the words
around the current word wt . The largest window is {wt−2 , wt−1 , wt , wt+1 , wt+2 }. We
tested the random forest classifier with concatenated embeddings for window sizes of
1, 2 and 3 within this larger context. The weighted F-scores as percentages are given in
Table 3. We see that the most relevant surface forms for chunking are {wt−1 , wt , wt+1 },
one word to each side of the current word to be tagged.

Table 3: The average F-scores for different contexts around the word to be tagged.
wt−2 wt−1 wt wt+1 wt+2 F-score

3

3

3

3

3

3

3

3
3

3

3

73
84.6
81.8

3

74

3

82.7

3

71.70

To find the best morphological features for chunking, we used a CRF where for each
set of candidate features, we also included the surface forms {wt−1 , wt , wt+1 }. For a
fast implementation of CRF, we used wapiti, [18]. Table 4 shows the incremental
contribution of each feature to the overall performance. We used the floating feature
selection algorithm [19] to determine the set of features in Table 1.

Table 4: Feature selection for morphological chunking.

Feature set Description F-score
S0

F0

74.06

S1

S0 ∪ {F 1}

78.84

S2

S1 ∪ {F 2}

80.31

S3

S2 ∪ {F 3}

81.93

S4

S3 ∪ {F 4}

83.16

S5

S4 ∪ {F 5}

83.66

S6

S5 ∪ {F 6}

83.89

S7

S6 ∪ {F 7}

84.19

S8

S7 ∪ {F 8}

84.42

Finally, we combine the semantics and morphological features by using the best
morphological feature set of CRF by replacing the surface forms with their embeddings.
The resulting set contains both numerical and nominal features. We used a random
forest to combine these. The performance for the set of simple labels is given in Table
5.

Table 5: Performance of the combined features for the set of simple chunking labels, B and I.

Label F-score
B

84

I

88.9

The performance and the confusion matrix for the set of full labels are given in
Table 6 and Table 7. In order to save space, we show a partial confusion matrix that
contains only the most salient errors.

Table 6: Performance of the combined features for the full set of chunking labels.

Label

F-score

B-CC

0.882

B-VG

0.738

B-NP

0.684

I-NP

0.632

B-ADVP 0.578
I-ADVP 0.491
I-PP

0.446

I-VG

0.411

I-S

0.395

B-PP

0.317

B-S

0.168

I-ADJP 0.095
B-ADJP 0
I-CC

0

Table 7: Confusion matrix for the full set of labels.

I-S

B-S

I-VG

I-ADVP

I-PP

B-PP

B-VG

I-NP

B-NP

classified as

B-NP 390 46 13 15
3 0 2 10 19
I-NP 42 648
8 9 56 3 20 3 52
B-VG 25 21 282 6
2 0 12 2 16
B-PP 51 24
6 42
9 1 1 5 11
I-PP 10 129
1 6 127 4 3 0 31
I-ADVP
4 11
1 3
4 27 3 0
2
I-VG
5 72 41 3 14 4 77 0 19
B-S 56 32
3 9
3 0 0 15 10
I-S 28 185 27 14 32 10 10 5 162
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Discussion

We see that the highest performance is for CC which identifies conjunctions. This is
somewhat expected as there are only a few conjunctions in Turkish and they can easily
be identified through their surface forms.
The next best performance is for the start of verb groups (VG). Most verb groups in
Turkish are just single words. The case of the previous word is an indicative feature in
distinguishing the start of a verb group.

In English parsing, VP groups together the object NP and several PP and ADVP
phrases under the same VP tree. However, for Turkish, such a grouping is too coarse.
In generating our training and test data out of translated PennTreebank sentences, we
automatically identified and extracted the verb under VP and chunked it as a verb group,
VG. Then, we identified the remaining subtrees of VP tree as chunks with their own
labels.
The confusion matrix in Table 7 highlights the distribution of errors in different
chunks. Most salient error source is the wrong classification of words within a NP as
either being inside a PP or S. PP errors must be due to the insufficiency of case marking
features to differentiate between stand alone NPs and NPs within PPs. Similarly, many
sub-clauses in Turkish is bounded by genitive cases marking which is similar to genitive
possessive NP constructions.

6

Conclusion

In this work, we proposed a new hybrid approach to Turkish chunking. We combined
morphological features of the words together their semantic representations as real valued vector embeddings. We trained a CRF and a random forrest separately to determine the best feature set and the best surface context around a word to be tagged. We
combined the selected nominal features and surface embeddings in a random forest to
achieve a hybrid chunker.
For training CRF, we intentionally refrained from using the root forms of the words
as it is not obvious how we would replace them with their vector embeddings because
word embeddings were estimated from a corpus of surface forms. As a future study,
we plan to device a method to meaningfully embed the roots and thus enrich the hybrid
feature set.
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