
AI translation ・View original & related papers at
chinarxiv.org/items/chinaxiv-201901.00044

Postprint: Kazakh Syntactic Analysis Based on
Sentence Spans
Authors: Chai Wei, Gulila・Adongbieke

Date: 2019-01-03T00:00:00+00:00

Abstract
Due to the currently low accuracy of Kazakh syntactic parsing and the lack of
relevant research on neural network-based Kazakh syntactic analysis, this study
addresses phrase-structure syntactic parsing for Kazakh using a shift-reduce ap-
proach. However, it stores sentence spans in the stack rather than partial tree
structures, thereby eliminating the need for syntactic tree binarization during
parsing. For sentence feature extraction, this study employs bidirectional LSTM
to extract sentence span features, obtaining contextual information of sentence
spans within the entire sentence. A multilayer perceptron is then used to train
the syntactic parsing model, and dynamic programming is utilized during decod-
ing to select the optimal parsing result. This approach ultimately achieves an
accuracy of 76.92% for Kazakh phrase syntactic parsing. The research findings
contribute to further improvements in Kazakh syntactic parsing accuracy and
lay a solid foundation for subsequent Kazakh machine translation and semantic
analysis.
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Abstract: Due to the low accuracy of Kazakh syntactic parsing and the lack
of research on neural network-based approaches, this paper addresses phrase-
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structure parsing for Kazakh using a shift-reduce method that stores sentence
spans rather than partial tree structures in the stack, thereby eliminating the
need for binarization during parse tree construction. The model employs bidi-
rectional LSTM to extract sentence span features, capturing contextual infor-
mation across the entire sentence, and uses a multilayer perceptron to train
the parsing model. Dynamic programming is applied during decoding to select
the optimal parsing result, achieving a final phrase-structure parsing accuracy
of 76.92% for Kazakh. These results represent a significant improvement in
Kazakh syntactic parsing accuracy and provide a solid foundation for subse-
quent Kazakh machine translation and semantic analysis.

Keywords: Bi-LSTM; sentence span; dynamic oracle

0 Introduction
Syntactic parsing automatically derives the grammatical structure of a sentence
according to a given grammatical system, analyzing the grammatical units con-
tained in the sentence and their relationships to transform the sentence into a
structured syntax tree [1]. As a crucial bridging component in natural language
processing, syntactic parsing provides a essential foundation for deeper tasks
such as machine translation and semantic role labeling.

In early rule-based parsing research, linguists manually crafted grammatical
rules. For example, Collins and Hallet et al. [2,3] employed context-free grammar
rules or scored sentences based on generated rules to produce phrase-structure
trees. In statistical parsing research, Charniak [4] proposed a pure PCFG-based
parsing method and subsequently developed a lexicalized PCFG approach. Cur-
rently, neural network methods have substantially improved parsing accuracy,
reducing the importance of explicit grammatical rules. For instance, Dyer and
Stern [5,6] utilized encoder-decoder models where the encoder reads and repre-
sents sentences as vectors, and the decoder generates labeled syntax trees from
these vectors.

Previous research has explored Kazakh phrase-structure parsing. Reference [7]
implemented a self-learning Kazakh phrase-structure parser using PCFG with
Viterbi algorithm in the decoding module. Reference [8] combined probabilis-
tic context-free grammar with the Chart algorithm to develop a PChart-based
Kazakh phrase-structure parser. Reference [9] employed PCFG with perceptron-
based reranking to implement a coarse-to-fine Kazakh phrase-structure parser.

Although Kazakh syntactic parsing has been studied using rule-based and sta-
tistical methods, the advancement of neural network technology has yielded
increasingly accurate models for sequential prediction. This paper applies such
techniques to Kazakh parsing by modifying the shift-reduce system to store
sentence spans instead of partial tree structures in the stack, using bidirec-
tional LSTM to capture contextual span features. Bidirectional LSTM obtains
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sentence-level information, capturing the context of sentence spans within the
entire sentence. Additionally, dynamic programming is integrated into Kazakh
syntactic parsing, enabling optimal parsing results without reranking during
decoding. The advantage of sentence spans over partial tree structures lies in
their representation of sub trees corresponding to sentence fragments, where the
head word must be located at either the beginning or end of the span, thereby
reducing the search space complexity during decoding.

The main contributions of this paper are: (a) applying neural networks to
Kazakh syntactic parsing with favorable results; (b) utilizing sentence spans
as the basic unit stored in the stack for shift-reduce parsing; (c) employing
bidirectional LSTM to capture sentence context information; and (d) using dy-
namic programming to obtain optimal parsing results without reranking during
decoding. In this system, reduction is always prioritized when both shift and
reduce actions are possible.

1 Kazakh Syntactic Parsing System
Kazakh belongs to the Turkic branch of the Altaic language family and is an
agglutinative language. Based on its characteristics, Kazakh currently employs
a two-level phrase annotation system with five basic phrase types and ten part-
of-speech tags at the first level [8].

Recent work [10,11] has proposed a novel parsing approach that relies on ex-
tracting information directly from surface sentence spans rather than through
rich grammatical structures. A phrase-structure syntax tree can be viewed as a
collection of labeled spans within a sentence. Guided by this principle, we pro-
pose a model consisting of two components: one that scores label assignments
to sentence spans, and another that directly scores the existence of sentence
spans. The former determines output labels, while the latter provides the out-
put span structure. The core challenge in both components is the representation
of sentence spans. Since the correct labeling of a span depends heavily on its
context, we leverage neural networks, which have proven effective at capturing
contextual information suitable for various natural languages.

The parsing process employs a shift-reduce method as the fundamental model,
involving two primary data structures: an input queue and an analysis stack.
Here, 𝜎 represents the analysis stack storing sentence spans corresponding to
phrases being analyzed bottom-up; z records the number of shift-reduce parsing
steps; i and j denote elements to be analyzed in the stack; X represents a unary
chain or non-terminal node. Since there is only one labeling action choice,
parsing a sentence of n words requires (4n-2) steps; t represents the collection of
sentence spans, which contains the complete syntax tree upon finishing parsing.

The parsing process involves four main actions:

a) Shift: Push <word, POS> from the queue onto the stack.
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b) Combine: Merge the top two sentence spans on the stack.

c) Label-X: Label the top span of the stack.

d) Nolabel: Perform no labeling.

The first two are structural actions, while the latter two are phrase-labeling
actions. Phrase-labeling actions primarily convert one or more non-terminal
sentence spans in the stack into partial tree structures.

This approach resembles the odd-even parsing method proposed in [12], but
since the stack stores sentence spans rather than partial tree structures, no bi-
narization is required during training or parsing. For example, given a sentence,
Figure 1 [Figure 1: see original paper] shows its gold parse tree. Table 1 il-
lustrates the static decoding process: steps 1-2 perform shift actions with no
labeling since they do not form a phrase; steps 5-6 combine the top two spans
into a phrase and label it (label-VP), with other steps following similarly. This
static decoding method generates “short-stack”style syntax trees, where both
shift and reduce actions can produce results.

The parsing input consists of word and POS tag vectors, with POS tags provided
as input to the parser. Word vectors can be initialized randomly or pre-trained
on large corpora; this work uses random initialization. The neural network
architecture is shown in Figure 2 [Figure 2: see original paper]: after extracting
span features using a 2-layer bidirectional LSTM, a multilayer perceptron is
employed for training. Each word is represented by a d-dimensional vector, and
POS tags are similarly represented by d-dimensional vectors. The input passes
through ReLU activation functions to map words and POS tags to hidden layers,
where bias terms are included. A softmax layer atop the hidden layer calculates
multi-class probabilities to determine the most likely label, with |L| representing
the number of phrase labels.

2 Sentence Span Feature Extraction
Reference [13] demonstrated that a single-layer bidirectional LSTM can repre-
sent word positions in sentence context, while a 2-layer bidirectional LSTM
further improves parsing performance by feeding the two-layer positional fea-
ture representations into a fully connected layer. This work employs a 2-layer
bidirectional LSTM to obtain contextual information for an input i encoded in
forward and backward directions. The representation of sentence span (i, j) is
computed through vector differences combined with the shift-reduce system for
parsing. As shown in Figure 3 [Figure 3: see original paper], sentence spans are
modeled by computing vector differences. In this model, the sentence is input
once, and the same recurrent outputs are used throughout the parsing process
to compute span features.

When considering structural actions during parsing, the decision of whether to
combine the top two spans is crucial; for labeling actions, the top stack span
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is an important candidate. Therefore, four span features determine structural
actions, while three span features determine phrase-labeling actions, enabling
precise sentence segmentation. In both cases, prefix and suffix of the remaining
input are also considered. The feature templates are shown in Table 2 .

3 Dynamic Programming
Dynamic programming has been used and proven optimal for span labeling in
[14-16]. It makes labeling decisions based on two principles: (a) if the label
assigned to a sentence span is part of the gold syntax tree, it is correct; (b)
otherwise, the label is empty.

For structural decisions, dynamic programming operates on syntax tree branch
points. If sentence span (i, j) appears in the gold tree, b(i, j) represents its
internal boundary points. For example, span (1,8) with sub-spans (1,3), (3,5),
and (5,8) has internal boundary points b(1,8) = {3,5}. Dynamic programming
precisely outputs spans consistent with the gold tree. If span (i, j) does not cor-
respond to the gold tree, it identifies the minimal similar span, where minimality
depends on a partial order induced by span length. The dynamic programming
output is the set of internal boundary points enclosing the span, which also lies
within the original internal boundary points.

4 Experiments
4.1 Experimental Data and Evaluation Metrics

The experimental data is derived from the Xinjiang Daily (Kazakh edition),
with all corpora manually annotated and proofread. The data is split in an
8:1:1 ratio for training, development, and testing. The experimental results are
evaluated using the PARSEVAL metric, primarily computing labeled precision
(LP), labeled recall (LR), and F-measure (F1) to assess parsing quality. The
evaluation functions are defined as:

LP = Number of correctly parsed phrases
Total number of parsed phrases × 100%

LR = Number of correctly parsed phrases
Total number of phrases in gold treebank × 100%

F1 = 2 × LP × LR
LP + LR × 100%

4.2 Experimental Environment

The experiments are implemented in Python using the LSTM neural network
model from the DyNet toolkit [17]. DyNet, developed by Google and Carnegie
Mellon University among others, is a dynamic neural network toolkit for natural
language processing that includes common models such as RNN, CNN, and
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LSTM. The hardware environment consists of 32 GB RAM, an NVIDIA GeForce
GTX 1080Ti GPU, and a 64-bit Ubuntu 16.04 operating system.

4.3 Experimental Results and Analysis

The proposed Kazakh parsing model is influenced primarily by word vector fea-
tures and sentence length. The following experiments investigate these factors.

4.3.1 Impact of LSTM Feature Extraction on Parsing Accuracy When
using Bi-LSTM for sentence feature extraction, the number of hidden layer nodes
affects feature quality. To examine this impact, experiments were conducted
with hidden layer sizes of 50, 70, 100, 120, 150, and 200. The results are shown
in Figure 4 [Figure 4: see original paper].

The results demonstrate that: (a) hidden layer size affects feature extraction
and consequently parsing performance; (b) beyond 120 hidden units, increasing
size yields diminishing returns. Therefore, subsequent experiments use a hidden
layer size of 120.

4.3.2 Impact of Sentence Length on Parsing Accuracy Sentence length
significantly affects parsing performance. The test corpus was divided by sen-
tence length into categories of 1-5 words, 6-15 words, and over 15 words. The
results are presented in Table 3 .

The results show that shorter sentences achieve better parsing accuracy than
longer ones, primarily because shorter sentences contain fewer nested phrases
and simpler syntax tree structures.

4.3.3 Parser Performance Comparison To evaluate the proposed model,
its performance was compared against existing Kazakh parsers. The neural net-
work structure parameters are listed in Table 4 , and training hyperparameters
in Table 5 .

Table 4 Neural Network Structure Parameters - Word vector dimension:
100 - POS vector dimension: 50 - LSTM layers: 2 - LSTM hidden dimension
(per direction): 120 - ReLU hidden units (per action): 200

Table 5 Training Hyperparameters - Vector initialization: Random initial-
ization - Gradient descent rate: � = 0.01 - Adaptive learning rate: � = 0.0001 -
Dropout: p = 0.5

Using the parameters from Tables 4 and 5, the trained parser was tested and
compared with results from [7-9], as shown in Table 6 .

Table 6 Comparison of Performance of Different Parsers on Kazakh
Test Set

chinarxiv.org/items/chinaxiv-201901.00044 Machine Translation

https://chinarxiv.org/items/chinaxiv-201901.00044


Method LP (%) LR (%) F1 (%)
Method from [7] 68.36 67.89 68.12
Method from [8] 70.29 69.87 70.08
Method from [9] 71.42 71.03 71.22
Our method 76.92 76.53 76.72

The comparison demonstrates that span-based Kazakh phrase-structure parsing
with dynamic programming significantly improves accuracy, achieving gains of
8.56%, 6.63%, and 5.5% over PCFG, PChart, and PCFG-perceptron methods,
respectively. The use of bidirectional LSTM for span feature extraction proves
highly effective for Kazakh phrase-structure parsing.

5 Conclusion
This paper investigates Kazakh phrase-structure parsing based on sentence
spans. Compared to previous methods using fixed feature templates for con-
textual information, bidirectional LSTM effectively captures contextual span
features, improving parsing accuracy. The integration of dynamic program-
ming into Kazakh syntactic parsing yields excellent results without requiring
reranking during decoding. Future work will focus on increasing training cor-
pus size and exploring different neural network architectures to further enhance
Kazakh phrase-structure parsing accuracy.
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