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This study presents a hybrid approach to Myanmar morphological analysis and generation (MAG)
by combining Finite State Techniques (FSTs) with Long Short-Term Memory (LSTM) models.
Myanmar's complex morphological structures, such as affixation and morphotactics, and the lack
of linguistic resources pose significant challenges. FSTs provide a rule-based framework for
morphotactics, while LSTMs enhance adaptability by learning sequential patterns from data.

We created MM-Morph-Shallow and MM-Morph-Deep datasets, containing over 11 million tagged
word pairs, and evaluated the system using these datasets. Experimental results show high accuracy,
with MM-Morph-Shallow achieving 98.98% accuracy for verbs and 98.70% for nouns, while MM-
Morph-Deep achieves 97.98% and 97.70%, respectively. A user-friendly GUI, MM-Morph (v2),
was developed to facilitate real-time morphological analysis, enabling researchers and linguists to
interact with the system efficiently. This research advances Myanmar NLP, enabling machine
translation, spell-checking, grammar-checking and text generation applications.

1. Introduction

Morphological analysis and generation are vital components of computational linguistics,
playing a key role in understanding the structure and semantics of words. These tasks involve
breaking down words into their morphemes (the smallest meaning-bearing units) and
generating word forms based on morphological rules. Morphological processing enables
deeper linguistic insights and facilitates the development of robust NLP applications across
languages.

The Myanmar language poses several challenges due to its complex word structures. It features
extensive use of affixes, reduplication, and compounding. The lack of linguistic resources,
annotated datasets, and standardized tools for Myanmar language processing further
compounds these challenges.

To address these challenges, this research combines two approaches: Finite State Techniques
(FSTs) and Long Short-Term Memory (LSTM) networks. Finite State Techniques are used as
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the primary method to define and implement Myanmar's morphological rules. However, FSTs
alone struggle with exceptions, ambiguous patterns, and unseen word forms.

To overcome these limitations, LSTM-based deep learning models are integrated into the
system. LSTMs are well-suited for processing sequential data and can learn complex patterns
from large datasets. By combining FSTs with LSTM models, this study introduces a hybrid
system that blends rule-based precision with the adaptability of machine learning. The FSTs
provide a strong foundation for modeling the structure of Myanmar words, while LSTMs
improve the system's accuracy by learning from data and handling variations.

2. Literature Review

The table below compares various methods from the literature, providing the rationale for
selecting a hybrid approach that combines Finite State Techniques (FSTs) with deep learning
models like LSTM networks.

Table 1: Comparative overviews of related works

Method

Description

Applicability to Myanmar Language

Ref No

Corpus-Based ML

Learns patterns from large datasets
using ML models like HMMs and
RNNSs.

Limited by Myanmar's scarce linguistic resources
and complex morphology.

[11.[21,[31,[4], [5].[6]
[71.[81,[9]

Finite State | Uses finite state automata for precise | Effective for Myanmar's rule-based morphology | [10],[11],[12], [13],
Techniques (FSTSs) rule-based modeling. but needs integration with adaptive methods for | [14],[15]
exceptions.
[16].[17].[18]
Hybrid FST + Deep | Combines FSTs with adaptive models | Best suited for Myanmar, addressing both rule- | [19],[20],[21], [22],

Learning

like LSTM for enhanced accuracy.

based and probabilistic variations.

[23],[24]
[25].[26],[27]

Paradigm-Based
Approach

Uses templates of word inflection
patterns (paradigms) to analyze and
generate word forms.

Efficient for Myanmar's agglutinative
morphology but limited by the need for extensive
paradigm libraries.

[28],[291,[30]

Suffix Stripping

Removes affixes to find root forms
using predefined rules.

Struggles with Myanmar's irregular forms and
nuanced affixation.

[31],[32],[33]

DAWG Approach

Represents word forms in graph
structures for efficiency.

Useful for compactly representing variations but
requires extensive pre-processing.

[341,[35],[36]

A thorough study shows that combining finite-state techniques with LSTM deep learning is
highly effective for morphological analysis and generation. Finite-state techniques provide a
strong mathematical foundation, while LSTMs enhance the system's ability to handle complex
patterns. This conclusion is supported by a review of existing research, which highlights this
hybrid approach as the most suitable solution for language processing tasks.

3. Methodology
The methodology is detailed in the following steps:

o Identification and Categorization of Morphemes
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o Listing Morphemes and Lexical Categories

. Collection of Roots and Affixes

o Defining and Specifying Morphotactics

o Development of Finite State Transducers (FSTs)

o Dataset Preparation and Formatting

o Training LSTM Models

o Morphological Analysis of Word Classes

o Implementation of a Graphical User Interface (GUI)
o Testing and Evaluation

4. The Study of Myanmar Morphology

Morphology is a branch of linguistics that studies the structure and formation of words. It
focuses on understanding how the smallest units of meaning, called morphemes, combine to
create words with different meanings and grammatical roles. This study systematically
analyzed the Myanmar language to identify and classify morphemes, such as roots, prefixes,
and suffixes, which are essential for understanding its morphological structure. The analysis
focused on categorizing morphemes into lexical categories like nouns, verbs, adjectives, and
adverbs, establishing the foundational linguistic components required for computational
processing. A detailed inventory of morphemes and their corresponding lexical categories was
compiled to support lexicon development. This inventory includes both frequent and less
frequent morphemes, ensuring broad coverage of Myanmar's rich morphological structures.
The following table shows the morphological classification of Myanmar affixes throughout
extensive linguistic studies.

Table 2. The morphological classification of Myanmar affixes

No Affix names Morphological tags | No Affix names Morphological tags
1 Subjunctive SUBJ 48 Ablative ABL

2 Imperative IMP 49 Associative ASSO

3 Suggestive SUG 50 Connective CON

4 Present PREASP 51 Sequential Conditional SECQ

5 Past PAASP 52 Inquisitive INQ

6 Perfect PERASP 53 Interrogative INTERQ

7 Continuative PROGASP 54 Definitive DEFI

8 Future FUTASP 55 Subjunctive SUBJUNC
9 Condition COND 56 Emphatic EMPH

10 Plural PL 57 Distributive DISTR

11 Experimental EXP 58 Classifier CLASS
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12 Concessive CONC 59 Matter MAT
13 Copula COP 60 Relation REL
14 Priority PRI 61 Limit LIM
15 Compassion COMP 62 Manner MAM
16 Aspiring ASP 63 Substitution SUBT
17 Adverbial ADVAL 64 Addition ADD
18 Adjectival ADJVAL 65 Realis REAL
19 Nominalizer NZRP 66 Generalization GENR
20 Nominalizer NZRS 67 Purpose PURP
21 Subordinate SUBO 68 Politeness POL
22 Reason REA 69 Benefactive BEN
23 Purpose PUR 70 Quotation QUOT
24 Evidential EVD 71 Reciprocal RECIP
25 Accidental ACCD 72 Subordinate SUBORD
26 Un-Expectational UNEXP 73 Honorific HON
27 Expectational EXP 74 Comparison COMP
28 Just JUST 75 Similarity SIM
29 Doubt DOBT 76 Measure MSR
30 Habitual HAB 77 Identity IDEN
31 Endearment DEAR 78 Topic TOP
32 Precative CAUS 79 Appellative APPEL
33 Modality MOD 80 Euphonic EUPH
34 Probability PRB 81 First Person 1P

35 Honorific HON 82 Second Person 2P

36 Question Final Marker Q-WH 83 Third Person 3P

37 Interrogative Marker INTER 84 Q-Wh Q-WH
38 Negative Marker NEGP 85 Demonstrative DEMO
39 Comparative COMP 86 Distal DIST
40 Causative CAUS 87 Nominalizer NZRP
41 Euphonic EUP 88 Nominalizer NZRS
42 Singular SG 89 Nominative NOM
43 Plural PL 90 Instrumental INSTR
44 Masculine MASC 91 Accusative ACC
45 Feminine FEM 92 Dative DAT
46 Causative CAUS 93 Genitive/ GEN
47 Locative LOC
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The figure below illustrates the key functions of morphological analysis and generation, using
the example word "mecozeeﬂozwogoge@oé&" The word is analyzed and broken down

into its root word and corresponding grammatical morphemes: ooecos + NOUN + FEM + PL
+ BEN + CAUS + POL.

Lexical form Lexical form

Me0:+NOUN+FEM+PL+BEN+CAUS+POL  0necos+NOUN+FEM+PL+BEN+CAUS+POL

Morphological Morphological
Analysis Generation
C C o o C C
memoeqpozaogme;@‘)gdl meco.,ec:tp,zaogme@:g{ﬂ
Surface form Surface form

Figure 1. The key functions of morphological analysis and generation

5. Theoretical Framework for FST and LSTM Deep Learning Models

The figure below illustrates the proposed taxonomy for developing the Morphological
Analysis and Generation (MAG) system.

_Study Finite-State DEEP LEARNING
morphology of LEXC technique __ METHOD
Myanmar M i
Creating XFsST -Character Encoding
Lexicons (Embedding)
-Data Collection contained -To generate all -Softmax (Output Activation)
morphemes. possible Finite -Loss Function
. —| - State Networks.
-Dta Preparation and — - . . N .
morphotactics s a=fi@ca+i @&
T=(Q.2.1.6.40.5) - e
-Creating - =l
(u,l) = Zwx = MM-Morph -
Datasets - L 2 i1
J} * A
Baseline
Morphological Analysis and Generation of Myanmar language comparison
] -SVM
Creating GUIs,Performance analysis -Logistic
Regression

Figure 2: The proposed taxonomy for developing the Morphological Analysis and
Generation (MAG) system.
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The theoretical framework of this study is divided into two parts.

o Finite State Techniques (FSTs) focus on their role in defining morphotactics and
generating surface-lexical word pairs as input data. Finite-state Transducers (FST) A finite-
state transducer can be represented as a 6-tuple, T=(Q, X, T',5,q0, F), where: Q is a finite set of
states, X is the input alphabet, I" is the output alphabet, 6 is the transition function Qx(ZU{g})
x(T'u{e})—QxTI+*, q0 is the initial state, F is the set of final states.

o Long Short-Term Memory (LSTM) models are used to enhance the system's ability to
learn and predict complex morphological patterns. LSTMs consist of repeating modules, each
containing three main gates: forget, input, and output. These gates regulate the flow of
information through the network, allowing it to retain or discard information as needed. Input
characters to numerical representations using embeddings or one-hot encoding. These
embeddings are then processed through the layers of the network

Forget Gate: Determines what information to discard from the cell state.
fe = o(We - [he—1,X¢] + by)
Input Gate: Determines what new information to add to the cell state.
ip = o(W; - [he_y, x¢] + by)
C¢ = tanh(W - [he—1, %] + b)

Cell State Update: Combines the forget and input gates to update the cell state
Ce = fy- Cooq +ig- G

Output Gate: Determines the hidden state for the next time step.
or = 6(Wo - [he_y,%¢] + by)

h; = o; - tanh(C,)
Each character in the sequence is processed in order. The hidden state h, captures
dependencies between characters and morphemes, while the cell state C; retains long-term
information.

5.1 LSTM Model Step-by-Step Example with The Burmese Word Sequence

n C C
Burmese word sequence: mem:ee{pz:raogme@')gcﬂ

Words in Sequence: "oneoo" — "@" — "Qps" — "330305” — "e@;gc" — gl
LSTM model to remember that "ooeoos" is the noun root, and track affixes like "e{pg" (plural)

and "330805” (beneficiary).

o Time Step 1: Input "ooeoos™

Nanotechnology Perceptions Vol. 20 No. S15 (2024)
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o Forget Gate f, : Decides what to forget from the cell f; = (W - [hi_q1,X¢] + bf)
(initially zero).

o Input Gate i, : Decides what to add (e.g., "NOUN"). i; = o(W; - [hy_1, %] + b;)

o "mneows" as NOUN and updates the memory C;

o Time Step 2: Input "o"

o Forget Gate f, : Decides if "NOUN" information should persist.

o Input Gate i; : Adds new information for "FEM" (feminine affix).

o Cell State Update C; : Memory now stores "NOUN + FEM".

o Time Step 3: Input "etpz"

o Forget Gate f;: Keeps previous memory (NOUN + FEM).
o Input Gate i; : Adds "PL" (plural suffix).

o Cell State C; : Updates to "NOUN + FEM + PL".

o Time Step 4-6: Input "330808", "G@')gc", "ol

Adds BEN (beneficiary marker), CAUS (causative marker), and POL (politeness marker).

Final Memory C: Contains "NOUN + FEM + PL + BEN + CAUS + POL". In this example,
LSTMs avoid forgetting earlier steps (e.g., "0necos") due to the cell state C, . The forget gate

allows the model to control which parts of the memory are important.

6. Dataset Creation Processes
The creation of datasets for Burmese morphological analysis followed six key steps:

1. Data Collection: Data were gathered from sources like mypos-ver.3.0 corpus and
English-Myanmar Dictionary databases and grammar books

2. Data Preparation: Categorization of roots and affixes and morphological tagging
ensured compatibility with computational tools.

3. Lexicon Construction: Shallow and deep morphotactic lexicons were built using the
LEXC tool to represent varying levels of morphological detail.

4, Finite-State Compilation: Lexicons were compiled into finite-state transducers (FSTs)
for efficient morphotactic modeling.

5. Word Pair Generation: Surface-lexical word pairs were generated using the XFST
tool, linking surface forms to their lexical representations.

6. Dataset Creation: Generated pairs were refined into MM-Morph-Shallow and MM-
Morph-Deep datasets, incorporating detailed morphological tags for machine learning
Nanotechnology Perceptions Vol. 20 No. S15 (2024)
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applications. MM-Morph-Shallow and MM-Morph-Deep datasets comprise over 11 million
morphologically tagged word pairs.

B rEsTnoRMAL csv | B TRAINDATA_comcsy | B s-verb-suffixes lexc 4| B train 1
[Geogorfogeaml™, "V+PERASP/(G+EXP/ oz0:+PL/ oy +PUR/eanl ", "§os86/ V"

o

S\

.s verb-prefixes lexc . train1

5",

6", " [Grogoelogedeon:™ , "V+PERASP/(§:+EXP /ogo+ PL/ [+ EVD/ cBeon:", " 0586/ V"
"§osgs", " [Grogodlogeon:™, "V+PERASP/ [§:+EXP / aps+ PL/[og+EVD/ cons" "U{,Sg&/v"
M8o585" , "Bos26fGrogrfopon™, "V + PERAS P/ [+ EXP /oo +PL/FQ+JUST/qm" "8S85/ V"
"§osas", " [qan [03690:0™ , "V+PERASP/[: +EXP/m +PL/ [+ JUST/ §gpon", "%ré%/v"
"§osgs", " [Gragpiogen™, "V+PERASP/[§:+ EXP/ ag: +PL/[F?+ADVAL/@;" "§eS8S/ V"
M30585", "8oS2Sfragonon™, "V +PERAS P/ [+ EXP / aport PL/ [0 HADVAL/ 0", "“m‘%é/\l"
"gosas", " [Grogodlogqée", "VHPERASP/[g: +EXP/an +PL/[og+ADVAL/ g&:" "%aggé/v"
"§osgs", " I m@aﬂo%" "V+PERASP/[§: +EXP/33'J +PL/[m+ADVAL/ cqob 5 P A
"§0580" , "§os80[Gragorlopeps ™, "V+PERASP/[§: +EXP/9.)'J +PL/[0y+ADJVAL/upS" "50536/\7"
" gosas", " [Grogo{oggoean™ , "V+PERASP/(§: +EXP/:m +PL/[F7+ADJVAL/mm" A
"gosss", " [ m@mpS" "V+PERASP/[§+EXP/ ape +PL/[F?+ADJVAL/m 5" "%aS%&/v"

f

cowom
Oy

ooy, "V+PERASP/(§ +EXP/Q)'J +PL/[?q+ADJVAL/ean" B YA
[qm [3lqco™, "V+PERASP/[G: +EXP/m +PL/[m+EUP/dlgeo", "§«S$5/V"
[Gogilogdlee™, "V+PERASP/[§: +Exp/m +PL/[m+EUP/dea™, "§o585
[Beogroponcs™, "V+PERASP/ 5 +EXP/Q)'J +PL/[r_\rf+COP/mUS" "§0585
BrogpfogosS™ , "V+PERAS P/ [+ EXP /sgor+ PL/ [+ COP/ 0p5"
[Grogodlogel™ , "V+PERASP/ [ +EXP/33'J +PL/[m+COP/&", "“régs/ "
[ m[;?oopg" "V+PERASP /G +EXP/Q)'J +PL/[r_\rf+COP/aJpS" "§os85/ V"
Grogioges™ , "VHPERASP/ [§+EXP/ ot PL/ [54HCAUS /5", "§ob35/ V"
coiops” , "V+PERASP/[§r+EXP/ opst FUTAS B/ opS" , "8c536/ V"
2o (\U)(Supg" "U+PERASP/[§-+EXP/ o+ FUTASP/ 85up5", "§0385/ 7"
apie0dad”, "VH+PERASP/ (G +EXP/:m +CONC/e0dcd™, 5«525/\1
3", "VAPERASP/[§+EXP /opit PUR/", "§0535/V"
[q.og')‘sﬁ," "V+PERASP/[q +Exp/m +PUR/sﬁ," "§aS3S SV
[Grognieané™, "VH+PERASP/[&: +EXP/:m +PUR/ et 8535/ VT
[GrogoecGoome™, "'\HPERASP/[@#EXP/@#EVD/(@’M:", "§as8S /v
[Gragoscon:" "V+PERASP/ﬁ‘:+EXP/ogJ:+EVD/<\n:", "E]aS”/v"
Grogogom™, "VHPERASP/ B EXP/ it JUST/ gon™, "§0536/ V"
[Grogoegoppn™, "VH+PERASP/ (G +Exp/m +JUST/mm" BT
[Grogoeen ™, "V+PERASP/[q +EXP /oy +ADVAL/m" "§e58S/ V"
[qm on", "V+PERASP/[§ +EXP/:m +ADVAL /0", 5«8%&/\1
[Grogoeqé:", "VH+PERASP /(G +EXP/m +ADVAL/q&:", "§a585/ V"
[Gragos <\ﬂm" "V+PERASP/ G +EXP/Q)'J +ADVAL/aﬂm", RE YA
[q o0 e['.)o "V+PERAS P/[ +EXP/00’J +ADJVAL/e[:>o I(‘rg?aﬁ A
S[Grags meoo’)", "V+PERASP/(G: +Exp/m +ADJVAL/me:m", A

=)
3,
-0
(=2}
~
<

VO LI

T

o

Fot

non

=2}

mon

C’) C’v C’v C’) C’v C’v C’) C’v C’v CA Ch CA Ch Ch Ch Ch C’v C’v C’) C’v C’v C’) C’v C’v C’) C’v C’v C’v C’v C’v C’v C’) C’v C’v C’) C’v =

1 3037373737 373937 303037353737 3703037 373037 30303035 3737373037373, 3,30 3 3, Sq

y Ch C: Cn Cn C: Cn Cn C: Cn Cn C: Cn Cn C:’ Cn Cn C:’ Cn Cn C:’ Cn Cn C:’
\ Sq 3,3:3,35 303,333,303, 33,2 3,333,333, 3:3,2,3,3, 33,3, 3,3, 3,3, 3, Sq

-ﬂb\

Normal text file length : 1,250,348,769 lines :
Figure 3: Sample of the morphologically tagged dataset by refining the output of FSTs.

The dataset captures various linguistic features, such as tense, number, and case, ensuring the
system can handle a wide range of morphological phenomena. The uses of tools like XFST,
LEXC, and the creation of lexicons are detailed in our previous chapters [41][42].

7. Evaluation and Analysis

The lexicon was divided into training, validation, and testing subsets to train the LSTM-based
model. The training set comprised 80% of the dataset, including frequent and infrequent
morphological patterns, to ensure robust learning. The validation set (10%) was used for
hyperparameter tuning, while the test set (10%) contained unseen examples to evaluate the
model's generalizability.

During the training process, surface forms were tokenized at the character level to represent
the granular structure of the Myanmar language. Each character was encoded using one-hot
encoding or embedding layers to convert them into numerical representations, which are
processed as input sequences. This step is crucial as character-level tokenization allows the
model to capture intricate morphological patterns, such as affixation and morphotactics which
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are common in Myanmar words. The LSTM model processes these input sequences by
learning the dependencies between characters and their corresponding morphological labels.
The model optimizes its parameters through backpropagation using a predefined loss function
(e.g., categorical cross-entropy), which measures the difference between predicted and actual
labels. The Adam optimizer iteratively adjusts the weights to minimize the loss and improve
predictions.

We evaluated the performance of the LSTM model using metrics such as accuracy, precision,
recall, and F1-score. These metrics provide guantitative measures of how well the system is
performing and help identify areas for improvement. During training, the model adapts to both
frequent and rare patterns by generalizing from the examples, enabling it to accurately predict
morphological features, even for unseen word forms in the test set. This combination of
character-level encoding, robust training processes, and iterative optimization ensures the
model's ability to capture Myanmar's complex morphological structures effectively.

Table 3: A performance results for LSTM models on MM-Morph-Deep and MM-Morph-
Shallow datasets

Word pairs in a -
Type Datasets Precision Recall F1 Score Accuracy
MM-Morph-Deep
Nouns 3908171 0.97 0.976 0.973 97.7
Verbs 6371670 0.9742 0.9808 0.9775 97.98
MM-Morph-Shallow
Nouns 423150 0.9852 0.986 0.9856 98.7
Verbs 423150 0.9842 0.9808 0.9825 98.98
Model Performance Metrics Model Performance Metrics
10 1.0
F1 Score (0.973) F1 Score (0.978)
0.8 1 —— Recall (0.976) 0.8 1 - Recall (0.981)
—— Precision (0.970) = Precision (0.974)
v 067 —— Accuracy (97.700) v 0.6 1 —— Accuracy (97.980)
G G
% oa. \\ % o] \
0.2 1 0.2
0.0 ‘ ‘ ‘ ‘ . ‘ . T 0.0 . . . . . . ‘ .
-20 -15 -10 -05 00 05 1.0 15 2.0 -20 -15 -1.0 -05 00 05 1.0 15 2.0

Parameter Range

Parameter Range

Figure 4,5: Showing the model's performance curves for evaluation of nominal and verbal
word forms in the MM-Morph-Deep dataset
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Model Performance Metrics

1.0 Model Performance Metrics
1.0
F1 Score (0.983) F1 Score (0.986)
0.8 — Recall (0.981) 084 —— Recall (0.986)
= Precision (0.984) —— Precision (0.985)
o 067 —— Accuracy (98.980) o 061 = Accuracy (98.700)
S \ 8
% 04 \ B o4l \
0.2 T 02 4
0.0 — T T T T T T T T 0.0 -— T T T T T T T ¥
-20 -15 -10 -05 00 0.5 Lo 15 2.0 -20 -15 -1.0 -05 00 05 1.0 15 2.0
Parameter Range Parameter Range

Figure 6,7: Showing the model's performance curves for evaluation of nominal and verbal
word forms in the MM-Morph-Shallow dataset

Examples of Correct Predictions

These examples demonstrate the system's ability to predict morphological patterns in the test
words. The system output:

v CORRECT PREDICTION
Derived Word: @o']sé@qemé

True Root: @cﬂsé
True Label: V+PL/@+UNEXP/€1+PUR/633’)5

Predicted Label: V+PL/@+UNEXP/€1+PUR/G3?06

Label Meanings:
+V/@c§]3§ word: Verb

+PL/@: Plural
+UNEXP/q: Un-Expectational
+PUR/e30C: Purpose

Examples of Errors

The typical error comes from classifying infrequent tags like +ADVAL. Analysis revealed that
insufficient training examples for complex morphological structures often caused these errors.

The system output:
X WRONG PREDICTION

Nanotechnology Perceptions Vol. 20 No. S15 (2024)
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Derived Word: eéo(c?é@chjog
True Root: e§o§5
True Label: V+PL/@+UNEXP/q+ADVALIC\?JOrS

Predicted Label: V+PL/@+UNEXP/el+COMP/§p+ADVAL/c\?JoS
Expected: V+PL/@+UNEXP/61+ADVAL/C\{I(YS

Got: V+PL/@+UNEXP/el+COMP/eJT)+ADVAL/C\?J<TS

Label Meanings:
+V/[§c§]3§ word: Verb

+PL/[03: Plural

+UNEXP/q: Un-Expectational
+COMP/§p: Compassion
+ADVAL/oqod: Adverbial

Error Analysis
Errors were categorized into the following types:

1. Label ambiguity: Confusion between similar tags (e.g., +NZR+SG vs. +NZR+PL).
2. Morphological complexity: Difficulty in handling multi-layered morpheme structures.
3. Out-of-Vocabulary (OOV): Limited ability to generalize to rare or unseen root words.

There are several steps to improve the model's performance, such as implementing data

augmentation and refining the character-level tokenization process.

8. Implementation of GUI

We developed a tool called MM-Morph (v2), which features a graphical user interface (GUI)
to streamline the entire workflow. Built using Python and its machine learning libraries, this
application provides an accessible, easy-to-use interface to engage with the various
components of the analysis system. Through MM-Morph (v2), researchers and linguists can
perform essential tasks such as training models, testing datasets, evaluating system
performance, and exporting analyzed data for further use. The tool also has a real-time
evaluation feature, enabling users to instantly input word forms and receive morphological

analysis results.
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MM-Morph(V2) -Myanmar Morphological Analysis and
Generation with FST and Deep Learning Method

Developed by : Kaung Myat Thu,Ph.D. Scholar,
Dept of Computer Science, Manipur University,India

Detaset foaded and split successflly! Evniation Snenary, 1

Mysnmar Morphologial Anshase 0 X |E M bbbl s

MM-Morph(V2) -Myanmar Morpholugical Analysis and
Generation with FST and Deep Learning Method

Developed by : Kaung Myat Thu,Ph.D. Scholar,
Dept of Computer Science, Manipur University,India

X

Model Performancs

Total Words Tested: 10000 10
Correct Predictions: 9760 (37.84%)
Wrong Predictions: 240 (2.16%)
F1 Score: 0.9730
Recall: 0.9784 08
Precision: 0.9721
Accuracy: 0.9784 (97.84%)
Recognition Rate: 1.00 (100%)
Performance Metrics Visualization o 0.6
Loed Dataset 1 1
oot redt Text [repe
T Moce e
Sove Hodel ok
Lowd odel Sneoal
redic Mode e
Evaluate Repor sl
Baseie Comparisn Bt - i —
Figure 8,9: Showing evaluation report in MM-Morph(v2)
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Figure 10: Label-wise analysis

9. Conclusion

/ Figure 11: Morphological analysis in MM-Morph(v2)

Through this research, we have classified nominal and verbal suffixes and assigned linguistic
terms for these affixes for the first time in the history of Myanmar linguistic studies. We
analyzed their patterns and behaviors in word formation, enabling us to study Myanmar's
linguistic phenomena. While we could not cover all the complexities of Myanmar's

morphotactics, this work provides a foundation for future linguistic research to expand.

The findings and tools developed from this research have applications beyond linguistic
analysis. They are ready to use for language learning, spell-checking, text generation, machine
translation, and other NLP tasks. This research contributes to preserving and studying
Myanmar's linguistic heritage, advancing technology development, and bridging gaps in

academic resources.
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