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Abstract: In this paper, a contrastive learning approach for morphological disambiguation (MD) using
large language models (LLMs) is presented. A contrastive loss function is introduced for training the
approach, which reduces the distance between the correct analysis and contextual embeddings while
maintaining a margin between correct and incorrect embeddings. One of the aims of the paper is
to analyze the effects of fine-tuning an LLM on MD in morphologically complex languages (MCLs)
with special reference to low-resource languages such as Kazakh, as well as Turkish. Another goal
of the paper is to consider various distance measures for this contrastive loss function, aiming to
achieve better results when performing disambiguation by computing the distance between the
context and the analysis embeddings. The existing approaches for morphological disambiguation,
such as HMM-based and feature-engineering approaches, have limitations in modeling long-term
dependencies and in the case of large, sparse tagsets. These challenges are mitigated in the proposed
approach by leveraging LLMs, thus achieving better accuracy in handling the cases of ambiguity
and OOV tokens without the need to rely on other features. Experiments were conducted on
three datasets for two MCLs, Kazakh and Turkish—the former is a typical low-resource language.
The results revealed that the proposed approach with contrastive loss improves MD performance
when integrated with knowledge from large language models.

Keywords: morphological disambiguation; large language models; low-resource language;
contrastive learning

1. Introduction

Morphological disambiguation (MD) is a long-standing problem in processing text
for morphologically complex languages. It is similar to part-of-speech (POS) tagging [1];
however, for MD, not only the POS tag but the lemma/root along with its corresponding
morphological tags should be correctly predicted.

Considering the analysis involves various components like root forms, part-of-speech
tags, and morpheme chains, treating MD as a straightforward tagging task introduces
complexity, leading to an expansive tagset with sparse data points. To address this issue,
several strategies have been proposed. A common approach is to decompose the tag
sequence into smaller, more manageable segments. For example, in the HMM-based
method proposed by Hakkani-Tur et al. [2], the analysis is broken down into smaller parts
like inflectional groups. This method operates under the assumption that the tags in the
current analysis depend only on the previous one, simplifying the task of disambiguation.
However, this assumption has significant drawbacks. First, it limits the model’s ability
to capture long-term dependencies, which are essential for this type of task. Second,
despite the decomposition, the overall tagset remains quite large, making the approach
less efficient.
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To alleviate this issue, a voted perception approach is proposed in [3]; instead of using
a certain part of the analysis, the author proposed a set of features and sought to represent
a sequence analysis with feature vectors. The approach utilized tri-gram decoding, which
relaxes the previous assumption and, compared to the HMM-based approach, may better
capture longer dependencies between tags. The underlying hypothesis of this approach
is that the model will maximize the objective function, which ensures the feature vectors
from the correct path of analyses obtain larger values than those in the non-correct path
of analyses. This is a discrete feature-based approach, which requires manual feature
engineering and it still cannot capture long-term dependencies.

To address this issue, a deep learning-based approach was proposed [4], which is
currently considered the best for this task. The authors segment an analysis into (i) the root,
(ii) its POS and (iii) the morpheme chain (MC), then use a nonlinear layer to calculate a
dense representation for analysis. In order to capture the long-term dependencies, a bi-
directional long short-term memory (LSTM) method was applied for context learning from
sentences. Another character-level LSTM is utilized for capturing word internal features.
Combing the fine-grained information from characters, the contextualized representation
obtained for each word, and guided by the intuition that the correct analysis should be most
similar to the context’s representation, a dot product of two representations is computed to
perform disambiguation. One disadvantage of this approach is that it uses a binary vector
to calculate analysis embeddings, which are not in continuous space.

Another limitation is that it relies on a biLSTM to compute the contextual represen-
tation, which may not fully capture the complexities of language use in syntactic and
semantic contexts as effectively as embeddings generated from large language models.
With the advent of large language models (LLMs) [5-7], many results for downstream
tasks of natural language processing (NLP) [8,9] have improved significantly. However, the
impact of pre-trained large language models on the performance of MD remains unclear.

In this paper, a contrastive learning approach for MD using LLM is presented. A
contrastive loss function is introduced for training the approach, which reduces the dis-
tance between the correct analysis and contextual embeddings while maintaining a margin
between correct and incorrect embeddings. One of the aims of this work is to analyze
the effectiveness of LLMs on MD and how the knowledge encoded in LLMs can be trans-
ferred to low-resource languages to improve model performance. Another aim of this
work is to experimentally analyze the effectiveness of different distance measurements for
performing morphological disambiguation by calculating the distance between context
and morphological analysis” embeddings via the contrastive loss function. Experimental
results show that the model incorporated with knowledge from an LLM gives better results
while not using any designed internal or external features. The results for comparing
different distance measurements for performing disambiguation show that the Euclidean
distance and dot product yield a better outcome than others. The results showed that
LLMs are useful in enhancing the performance of MD for various MCLs, especially for low-
resource languages.

The structure of the paper is organized as follows: (i) In Section 1, we introduce the
task and the purpose of this work; (ii) Section 2 describes the existing work related to MD;
(iii) Section 3 details the proposed model; (iv) In Section 4, we report the experimental
results; and in Section 5, the most common error cases are discussed with statistics, and the
paper concludes in Section 6.

2. Related Work

A morphological analyzer generates a set of morphological analyses for an input
word, and the MD task performs morphological disambiguation by choosing a possible
analysis among the candidates depending on the context. Morphological disambiguation
has been studied extensively over the past decades, especially for agglutinative languages
like Turkish and Kazakh.
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Approaches for morphological ambiguity resolution can be categorized into three prob-
lem groups as follows: (i) sequence labeling problem; (ii) morphological disambiguation
problem; (iii) sequence-to-sequence (Seq2Seq) problem.

Sequence labeling is a type of problem in NLP where the goal is to assign a categorical
label to each token in a sequence of tokens. This type of problem is essential in various NLP
tasks, such as POS tagging [10] and named entity recognition (NER) [11]. In a sequence
labeling problem, an input sequence X = (x1,xy, ..., x,) of length n is given, and the task is
to predict a corresponding sequence of labels Y = (y1,¥2, ..., ¥x). Each label y; corresponds
to an input element x;, and the labels are drawn from a predefined set of categories. MD
is treated as a sequence labeling problem, similar to POS tagging. However, MD is more
complex than POS tagging because its labels include the root, POS tag, and a sequence of
morpheme tags.

There are two ways of performing MD as sequence labeling: (i) treat each morpho-
logical analysis as a label; usually they are drawn from the training as a predefined set of
categories. Since a morphological analysis contains the root, POS tag, and a sequence of
morpheme tags, it results in a large number of unique labels. It not only increases label
data sparsity but also leads to a potential issue of out-of-vocabulary for a label. (ii) To
avoid this issue, most of the sequence labeling approaches for MD use a multi-class and
multi-label model to predict different morphological categories. For each morphological
category, there is a separate classifier.

In [12], the authors proposed different models with different architectures for morpho-
logical tagging. In their multiclass, multilabel (McMI) model, which predicts POS, different
morphological categories are employed separately as the output of the model; however,
they share an input layer.

Since the morphological tagging contains a tag sensitivity issue (one tag may depend
on previous tags), to capture this information, the authors proposed a hierarchical multi-
class, multilabel model (HMcMI); in this architecture, the authors only consider the POS
tags’ sensitivity. Another approach was the testing of a sequence model (Seq); this takes
each word in a sentence, and feeds it to a long short-term memory LSTM [13]) network as a
context vector; then, for the decoder, it generates category-value pairs.

The authors take a multiclass model (MC) as their baseline, treating an analysis as
a label. The experiments were conducted on UDv2.1 corpora for 49 languages. The
experiments showed that, on average, the Seq model performed the best compared to the
others. For the OOV case, no significant difference was observed between the HMcMI
and McMI models. For large datasets, it seems that the baseline MC outperformed these
two models. For POS tagging, HMcMI outperformed McMI. This type of approach is
efficient for languages with less complex morphology, such as English and others; it treats
the problem as a morphological tagging problem, which essentially involves predicting the
entire set of morphological tags given the context.

In contrast to predicting the entire analysis given a word context, treating it as a
disambiguation problem uses all candidates and selects the most probable analysis. In this
direction, approaches to the MD task for Turkish began with a rule-based method reported
in [14].

It uses a constrained lexical rule to select the most probable analysis among the
candidates. The lexical rule contains the word case, POS tags, and the positional features of
the word. Disambiguation involves using different combinations of these lexical rules to
detect the pattern.

In another work, the authors explored a rule-based approach to MD, integrating a set
of predefined constraint rules with an algorithm that automatically learns additional rules.
It is denoted as constraint-based MD [15]. Following this constraint-based MD, a pure
rules-based approach [16] was proposed for Turkish MD. The approach is similar to that
described in [15], since all the rules are designed and chosen manually; the disambiguator
uses more capable and descriptive formatting for the disambiguation rules.
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Statistically based approaches have been proposed for extracting the lexical pattern
of words to disambiguate the morphology ambiguity. In this direction, hidden Markov
model (HMM)-based approaches [2] were proposed for MD by modeling the transition and
emission probabilities from features of the observations. To avoid the complex structure of
the MD label, the authors break down each analysis into smaller units called inflectional
groups (IGs). Then, HMM is used to calculate the transition and emission probabilities
between these inflectional groups. This approach makes assumptions that the current word
prediction only depends on the previous words (tri-grams); in MD, it is used between IGs.
For instance, in a model, the presence of IGs in a word only depends on the final IGs of the
previous words.

The IGs-based model for Turkish achieves 92.08% accuracy, while the root-based model
achieves 80.36%. The combined model improves the accuracy further, achieving 93.95%.

In [17], the authors proposed an open source toolkit for Turkish text processing
including a morphological analyzer and disambiguation, in which they tried different
methods of disambiguation as follows: (i) rote-learning disambiguator: this counts analyses
observed in the training data; for testing, it picks the analysis with the highest frequency as
correct; (ii) model without root: instead of performing a complete analysis, it decomposes
the analysis into two parts—root r and a sequence of morphological tags a. Then, they
formulate the joint probability to P(r,a) = p(r|a)p(a); (iii) model with IGs: instead of
decomposing the analysis into two parts, in this model, it is split into IGs, and the joint
probabilities between these IGs are modeled. Experimental results showed that the last
two models achieved comparable accuracy on a test set similar to the training set (the text
domain is news). The final model demonstrated better accuracy on a smaller test set that
differed more significantly from the training set. It also showed that the models performed
worse when the boundaries of the IGs or tags were not clear. In [18], a set of classifiers was
proposed for MD; using the J48 Tree algorithm, a highest accuracy of 95.61% was obtained.
Using a trigram sequence, a perceptron approach was proposed with 23 features [3], and
using these features, the results of accuracy were improved from 93.95% to 96.80% in MD.

In [19], a bidirectional long short-term memory network-based neural network archi-
tecture was introduced for disambiguating morphological parses using different amounts
of contextual information. The results demonstrated that the type and amount of context
required for effective disambiguation vary across languages, depending on their linguistic
characteristics. In languages like Turkish, where morphological information is largely
conveyed by the surrounding context, models utilizing surface context can effectively
capture long-range dependencies to resolve ambiguities. In contrast, languages like Arabic,
where surface representations are less informative, there is a significant benefit from incor-
porating representations of surrounding parse candidates alongside the surface forms of
neighboring words.

MD is treated as a Seq2Seq problem [20-22]. It takes the characters of a word as an
input sequence, and for each word, generates a morphological analysis. Each analysis can
be decomposed into a sequence of tags. Using two sequences, a sequence-to-sequence
approach from machine translation can be applied. In [20], the authors proposed a neural
architecture, namely, Morpheus, which is based on sequential neural encoder-decoders.
It jointly solves the lemmatization and morphological tagging task. It uses a two-level
LSTM network that produces context-aware vector encodings, and takes this vector as
input for the decoders. The outputs are both the morphological tags associated with each
word and the minimal edit operations required to transform the surface words into their
respective lemmas. Previous work [21] employed an encoder-decoder framework with a
bidirectional LSTM for encoding, paired with an attention mechanism during decoding
to better understand the semantic relationships between the suffixes of words and other
elements in a sentence. These approaches have been validated across multiple languages,
including Finnish, Turkish, and English, demonstrating that such models can achieve
performance that rivals or exceeds existing state-of-the-art techniques.

Overall, the shortcomings of existing approaches can be summarized as follows:
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(i) The variety and complexity of morphological analysis result in a large number of
unique labels. This not only increases label data sparsity but also leads to the potential
issue of out-of-vocabulary labels.

(ii) The issue of long-term dependency, such as in HMM-based approaches, fails
to capture the long-term dependencies between tags. While CRF-based approaches
may mitigate the issue found in HMMs, they require feature engineering since features
are extracted from the analysis. Additionally, CRFs still operate under a second-order
HMM assumption, making it impractical to fully consider all the possible paths of
different analyses.

The approach proposed in this work attempts to address these problems using con-
trastive learning methods. It models the analyses separately and employs a Transformer
architecture to process input at the sentence level, incorporating knowledge encoded in
LLMs. To our knowledge, there are few papers available on the MD task with LLMs, and
the work presented here not only represents one of the first efforts to apply LLMs to this
task but also introduces a contrastive learning method for the approach.

3. Proposed Approach

To analyze the impact of pre-trained large language models on MD and to effectively
utilize the knowledge encoded in a PLM, this approach integrates contextual embeddings
from a PLM with dense morphological representations to perform ambiguity resolution.
Figure 1 illustrates a contrastive learning approach for morphological disambiguation.
Given an input token, the LLM generates a context representation based on the token’s
context in the sentence. Multiple possible morphological analyses are transformed into
morphological embeddings. The learning process aims to minimize the distance between
the context representation and the correct morphological analysis (al+-, in blue), while max-
imizing the distance between the context and incorrect analyses (a2—, a3—, in red). During
the learning process, the model improves its ability to select the correct morphological form
by contrasting correct and incorrect analyses.

) Morphological
analysis 1 Representations
analysis 2 » | Morphological 9
Embedding @al + a
analysis 3 / O ag)_
; i@a2— ‘ {
i Learning i/
. i@ a3 - : . al +
mput:  [silsi2] Lo
Distances B EI;")istances
LLM
> | | |
Context Context
Representation Representation

Figure 1. Contrastive learning for morphological disambiguation: aligning context and morpho-
logical representations.

3.1. Task Formulation

Morphological disambiguation is the process of assigning the most appropriate mor-
phological analysis to a given word form within its context. This task is important for
languages with complex morphology, where a single word form can have multiple valid
analyses depending on its use in a sentence. Formally, this task can be defined as follows:
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Let S = (wq,wy, ..., wy) denote a sentence, where each w; is a word. For each word
w;, it has a set of morphological analyses, denoted by A; = {a;1,45, ..., a; }. Each analysis
a;; can be represented as a tuple (7, pixj, Mix;), where:

*  rjjrepresents a root/lemma,
*  pij denotes its part of speech,
*  my;indicates a sequence of grammatical features.

The objective of morphological disambiguation is to identify the most probable analy-
sis a; for each word w; in the sentence, such that a; € A;. This prediction should maximize
the overall probability of the sequence of analyses A* = (aj,a3,...,a};) given the sen-
tence S.

The probability of the sequence of morphological analyses given the sentence S is
expressed as P(A* | S). This can be factorized using the chain rule:

n
P(A* | S,A) = :[—[P(Ll;‘< ‘ S,al,az,...,ai_l) (1)
i=1

where P(a} | S,a1,a,...,a;_1) represents the probability of the analyses a; for the word
w;, conditioned on the sentence S and the analyses of the preceding words.

To approximate these probabilities, various models can be employed: (i) HMMs are
used to capture the transition probabilities between analyses and the likelihood of words
given the analyses. (ii) Models such as recurrent neural networks (RNNs) [23,24] and
transformers [25] are capable of learning complex patterns and dependencies in the data,
providing a better understanding of context.

3.2. Contextual Embedding

In MD, capturing the context in which a word appears is crucial for resolving ambiguity.
Pre-trained language models (PLMs) are trained on large corpora and provide contextual
embeddings that may contain syntactic and semantic information. To generate a sub-word
context embedding using PLMs, a byte pair encoding (BPE) for tokenization is needed,
which is a subword tokenization technique that splits words into smaller units.

Given a word w; in a sentence S, BPE tokenizes it into a sequence of subwords
Si1,5i2, - - -, Sim- 10 handle the alignment of these subwords with their analysis sequence,
only the first subword of a word carries morphological labels, while subsequent subwords
are assigned an “ignored” label. To ensure that each sentence has the same length, sequences
are padded to a maximum length using special padding tokens and masks. To ensure that
each word has the same number of analyses, analyses are padded to a maximum number
using a special padding analysis and masks.

With a transformer-based PLM, we calculate contextual embeddings for input tokens
by transferring knowledge from a PLM, capturing the fine-grained usage of words across
various contexts as well as the long-term dependencies captured by multi-headed attentions.
The subword tokenizer captures word-internal features, then a transformer layer calculates
subword-aware representation for the input sequence, ranging from fine to coarse. More
formally, let T be the tokenization function using BPE. A word w; is tokenized into a
sequence of subwords:

T(w;) = (Si1,Si2,- - -+ Sim) 2)

where m is the number of subwords in w;.

Let Eppm be the embedding function of PLM. For a given sentence S, the tokenized
subwords are fed into the PLM to generate embeddings for each subword, considering
the context of the entire sentence. A PLM generates embeddings for each subword in the
tokenized sentence, taking the entire sentence S into account for context:

T(S) = (T(w1), T(w2),..., T(wn)) 3)
Eptm(T(S)) = (Eprm(s1), Epm(S2), - - - EPLM (S Loy ) (4)
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where Epp\v(T(S)) generates the embeddings for the sequence of subwords in the entire
tokenized sentence.

3.3. Morphological Embedding

For a word wj, its analyses can be denoted by A; = {a;1,45,...,a; }. For simplicity,
we do not distinguish between the root, POS, and morpheme chain, and instead consider
them as a sequence of morphological tags.

Let ajx = (tix1, tika, - - -, tix) represent a sequence of tags for the k-th analysis of the
i-th word, where each tag t;;; can be a root, POS, or any morpheme tag. Let tji (the bold
indicates a vector, while non-bold represents tag.) be an embedding for the I-th tag of the
k-th analysis of the i-th word and each analysis can have up to L tags (the maximum tag
length). The average embeddings of all tags in an analysis’s tag sequence form a single
embedding for an analysis:

ik =T ) tia 5)

Use the averaged embedding vector with a nonlinear layer to compute the final
analysis embedding E;(aj):
Eq(aix) = o(Wtix +b) (6)

where W and b are the weight matrix and bias vector of the nonlinear layer, and ¢ is a
nonlinear activation function.

Collect all the analysis embeddings for the word w; into a matrix A;. If the number of
analyses is less than K, pad the matrix with a special padding vector p:

where A; € RK*? is a matrix, and k is the number of actual analyses (where k < K') and 4
is the dimension of each analysis” embedding.

3.4. Ambiguity Resolution

To perform disambiguation, the distance between the context embedding and each
analysis embedding is calculated. Since context embedding is based on subwords, for a
word w;, we only compute the distance between the first subword s;; of that word with
its corresponding analysis embeddings. For the subsequent subwords s;5, s;3, . . ., 5i, the
distance calculation uses the padding analysis embedding E,(pad) as follows:

a? = arganklein-d(EPLM(Sij)’ Ea(aik)) (8)
by = (B =1 o)
o Eﬂ(pad) ifj>1,

The following distance metrics can be calculated for measuring the distance between
the context and analysis embeddings:

(i) Euclidean distance: this measures the straight-line distance between two points in
the embedding space.

d(EpLm (i), Ea(aix)) = || Epam(si) — Ea(air)|| (10)
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(ii) Cosine similarity: this measures the cosine of the angle between two vectors,
reflecting how similar their directions are.

_ Eprm(si) - Ea(aix)
| Epm (si) ||| Ea (i) |

(iii) Dot product: this measures the magnitude of projection of one vector onto another,
reflecting their similarity.

d(Eprm(si), Ea(aix)) = Eprm(si) - Ea(aix) (12)

d(Eprm(si), Ea(aix)) (11)

(iv) Linear layer with a single output: this combines the embeddings through a
weighted sum and a bias term to produce a scalar output.

(Ern(s), Exla) = Wi+ | T g (13)

3.5. Contrastive Loss and Training

The training process for the MD focuses on optimizing the model’s parameters to
compute embeddings for both subword-level contextual representations and morpholog-
ical analyses. In order to effectively learn the parameters for both correct and incorrect
analyses (for each tag in the analysis, we use the same dimensional dense vector for the
root, POS, and morpheme tags, and we do not distinguish them separately here), we intro-
duce a contrastive loss function, which reduces the distance between the correct analysis
and contextual embeddings, while maintaining a margin between correct and incorrect
embeddings. The goal is to reduce the distance between the contextual embedding and
the correct analysis embedding, while increasing the separation between the contextual
embedding and the incorrect analysis embeddings.

This process is set up as a metric-based approach, where the objective is to minimize
the distance between the correct analysis and the context, while maximizing the margin
between the correct and incorrect analyses from multiple candidates.

In order to illustrate how the contrastive loss works in the proposed approach, we
take the dot product as the distance metric in the following notation, and for other distance
metrics, the process should be similar and the gradient will be calculated with the corre-
sponding formulae of the chosen distance metrics. For the contrastive loss, we calculate the
distance (in the case of the dot product) between the context embedding c; = Eprps;1 and
the morphological analysis embedding E,(aj ), treating it as the similarity score.

pik = softmax(c; - Eq(ai)) (14)

where pjy is the similarity score between the context and the k-th analysis embedding. By
taking the negative of the dot product, we ensure that higher similarity (larger value of dot
product) results in a smaller distance, and lower similarity (smaller value of dot product)
results in a greater distance.

The contrastive loss for MD includes two parts:

(i) Positive loss: minimizes the distance (maximize similarity) for the correct morpho-
logical analysis a; for word w;

Epositive = - 108(Pi,a;‘) (15)

where Pia is the probability for the correct morphological analysis a; for word w;.
(if) Negative loss: ensures that the sum of probabilities for incorrect analyses is below
a margin J.

‘Cnegative =max| 0,0 — Z Pik (16)
KZa:
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where } .+ pix is the sum of probabilities for all incorrect analyses for the i-th word, and &
1
is the margin.
The total loss for the entire training set, averaged over N words, can be defined

as follows:
N

1
L=< Z —log(piq:) +max| 0,6 — Z Di 17)
N = ! K

4. Experiments

Two sets of experiments were carried out in this work, and they are summarized
as follows:

*  To explore the effectiveness of various distance measurements for performing dis-
ambiguation, we chose two Kazakh datasets, and report the results for overall and
out-of-vocabulary (OOV) and ambiguous tokens, providing detailed results for sep-
arate units of analysis like root, part-of-speech, and morpheme tags. It should be
noted that morpheme tags form a sequence of multiple morphological tags with their
specified order.

*  After selecting the distance measurement that gives the highest result, the second
experiment involves a model with a pre-trained language model, comparing it to a
model without one. Two comparisons were reported for two languages and three
datasets. A general comparison was conducted, and for each dataset, a detailed
comparison was provided for predicting each root, POS, and morpheme tag.

4.1. Datasets

Table 1 presents the data statistics for the Kazakh and Turkish datasets in terms of
dataset size, OOV rates, and AT. The size of the Turkish dataset is much greater than the
size of the Kazakh datasets. The OOV rates for Kazakh are higher at 27.58% and 43.9% for
kD1 and kD2, while the Turkish dataset has an OOV rate of 10.24%. This complexity is
further manifest in the average number of analyses per token where the Kazakh datasets
have an AT of 2.95 and 2.85 for kD1 and kD2, respectively, compared to 1.76 for the Turkish
dataset. These statistics suggest that while both languages exhibit rich morphological
structures, Kazakh presents more challenges due to its smaller datasets and higher OOV
rates. These factors are important in model development because fine-tuning PLMs could
enhance performance for low-resource languages such as Kazakh.

Table 1. Corpora statistics: AT denotes the average number of analyses per token.

Language Dataset Train Test oov AT
kD1 [26] 13,849 1617 27.58% 2.95
Kazakh
kD2 [27] 16.624 2324 43.9% 2.85
Turkish [28] 752,332 20,536 10.24% 1.76

4.2. Model Setup

The model’s hidden size is set at 768. The dimensions for both word embedding
and tag embedding are set to 768, ensuring uniformity across the model’s embedding
spaces. The learning rate is set at 5 x 107, providing a balanced approach between
effective training and achieving convergence. A weight decay of 0.01 is employed to avoid
overfitting by penalizing large weights. The model was trained for a total of 100 epochs.
Additionally, a warmup proportion of 0.3 is utilized. The xlm-roberta-base model was used
as the base model, as it is a multilingual pre-trained language model trained on a large
dataset covering over 100 languages.
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4.3. Results

In the experimental results, the accuracy for three types of tokens is reported as follows:
(i) all tokens; (ii) ambiguous tokens (those with at least two analyses); (iii) OOV tokens.

Table 2 shows the overall, OOV, and ambiguous case accuracy for four distance
measures: cosine similarity, Euclidean distance, dot product, and linear layer. For the
kD1 dataset, the dot product distance metric achieved the highest overall accuracy, with
92.39% accuracy, 86.46% for OOV cases, and 88.36% for ambiguous cases. The Euclidean
distance metric also performed strongly, with 92.14% overall accuracy. The cosine similarity
achieved 89.67% overall accuracy, while the linear layer produced the lowest results, with
an overall accuracy of 73.47%. In the kD2 dataset, the Euclidean distance yielded the
highest overall accuracy (88.46%), followed by dot product at 87.83%. The cosine similarity
showed an overall accuracy of 87.06%, and the linear layer again demonstrated the lowest
performance, with 80.97% accuracy.

Table 3 reports the accuracy results for MD on the Kazakh datasets, measured across
three aspects: root, POS, and morpheme. For the kD1 dataset, the Euclidean distance
yielded the highest accuracy for root disambiguation, with 98.33% overall accuracy,
followed by the dot product at 98.27%. In the OOV and ambiguous cases, the Eu-
clidean distance achieved 96.44% and 97.45%, respectively. The cosine similarity yielded
97.71% overall accuracy. The linear layer achieved 93.75% overall accuracy, with a drop
to 90.44% for ambiguous cases. In POS disambiguation, the Euclidean distance reached
96.60% overall accuracy, while the dot product scored 96.35%. The linear layer performed
at 81.08%, with a significant decrease to 71.05% for ambiguous cases. For morpheme dis-
ambiguation, the dot product reached 93.94% overall accuracy and 88.36% OOV accuracy,
with the Euclidean distance at 93.69% overall. The cosine similarity reached 91.22% overall
accuracy, and the linear layer reached 80.27%, with the lowest ambiguous case accuracy
of 69.82%.

In the kD2 dataset, the Euclidean distance achieved 98.65% overall accuracy for root
disambiguation, followed by the dot product at 98.17% and the cosine similarity at 98.16%.
The linear layer achieved 96.42%. For POS disambiguation, the Euclidean distance reached
94.40%, while the dot product followed with 93.81%. The linear layer achieved 89.52%.
For morpheme disambiguation, the Euclidean distance reached 88.85% overall accuracy,
with the dot product at 88.27%. The cosine similarity achieved 87.64%, and the linear
layer reached 81.46%. Across both datasets, the Euclidean distance and the dot product
consistently produced higher accuracy in all categories. The linear layer consistently
showed lower results, particularly in ambiguous cases.

The possible reason behind why the linear layer showed lower results compared to
the other metrics is the large tagset in morphological disambiguation (MD). The linear layer
uses a parameter W; € R?*1, which computes the concatenation of the context and the
representations of different analyses. Here, d represents the dimension of the concatenation
of the context and one analysis embedding. Since the number of unique analyses is large
and W; is a vector parameter, it becomes difficult to effectively capture the relationship
between the context and the numerous different analyses. In comparison, in named entity
recognition (NER), there is a fixed tagset, and in that case, the parameter’s dimension is
fixed to a specific label, making it easier to model the relationships.

Table 4 shows that fine-tuning with PLMs (cMD;,) results in improved accuracy
across both languages compared to the baseline (cMD,;,) that uses a multilayer perceptron.
Both of the models cMD,;;,, and cMD,;;;, were trained and tested without using any external
designed features. For the Turkish dataset, the overall accuracy increases slightly from
91.47% to0 92.44%, with a gain in the OOV accuracy from 87.97 to 88.45%. The ambiguous
case accuracy improves by nearly 2%. In the kD1 dataset, the overall accuracy improves by
6%, with the OOV accuracy reaching 85.27% and the ambiguous case accuracy increasing
by over 9%. The kD2 dataset shows an over 6% improvement in overall accuracy, with
similar increases in the OOV and ambiguous case accuracy.
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Table 2. Accuracy results of MD for Kazakh datasets for overall, OOV, and ambiguous cases.
Dataset Distance Overall Acc. OOV Acc. Ambig. Acc.
cosine similarity 89.67 82.18 84.20
D1 Euclidean 92.14 85.98 87.98
dot product 92.39 86.46 88.36
linear layer 73.47 72.68 59.41
cosine similarity 87.06 84.34 79.99
Do Euclidean 88.46 86.24 82.15
dot product 87.83 85.71 81.18
linear layer 80.97 80.88 70.58
Table 3. Accuracy results of MD for Kazakh datasets for root, POS, and morpheme.
Dataset Distance Metrics Overall oov Ambig.
root
cosine similarity 97.71 94.77 96.50
Euclidean 98.33 96.44 97.45
dot product 98.27 95.96 97.35
linear layer 93.75 93.59 90.44
POS
cosine similarity 96.04 94.06 93.95
kD1 Euclidean 96.60 95.01 94.79
dot product 96.35 94.29 94.42
linear layer 81.08 85.51 71.05
morpheme
cosine similarity 91.22 84.09 86.57
Euclidean 93.69 87.89 90.35
dot product 93.94 88.36 90.73
linear layer 80.27 80.04 69.82
root
cosine similarity 98.16 97.89 97.16
Euclidean 98.65 98.21 97.91
dot product 98.17 97.58 97.09
linear layer 96.42 96.32 94.47
POS
cosine similarity 92.85 92.96 88.95
kD2 Euclidean 94.40 95.06 91.34
dot product 93.81 94.32 90.44
linear layer 89.52 91.81 83.79
morpheme
cosine similarity 87.64 84.77 80.88
Euclidean 88.85 86.45 82.75
dot product 88.27 90.35 81.85
linear layer 81.46 81.59 71.32
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Table 4. Accuracy results of MD for Kazakh and Turkish datasets before and after fine-tuning
on PLMs.

Dataset Model Overall Acc. OOV Acc. Ambig. Acc.
cMD,1, 91.47 87.97 82.61
Turkish
cMD, 92.44 88.45 84.58
cMD,.1 86.58 69.35 79.47
kD1
cMDy;, 92.64 85.27 88.74
cMD,.1 83.05 80.04 74.53
kD2
cMD, 89.23 87.61 83.35

Table 5 provides a detailed breakdown of the accuracy improvements across the root,
POS, and morpheme categories. After using LLM, the accuracy for the ambiguous case
improves across all categories. For the Turkish dataset, the accuracy for the root increases
slightly, with the POS and morpheme categories seeing gains of around 0.9% and 2%,
respectively. In the Kazakh datasets, the model cMD;,, shows significant improvements.
For kD1, there is a nearly 1.5% increase in the root ambiguous accuracy, an over 5% gain
in POS, and a nearly 8% improvement in morpheme ambiguous accuracy compared with
CMDmlp.

In the kD2 dataset, the model shows similar results, with improvements of 1.5% in
root, 6% in POS, and 10% in morpheme ambiguous accuracy.

Table 5. Accuracy results of MD for Kazakh and Turkish datasets for root, POS and morpheme before
and after fine-tuning on PLMs.

Dataset Model Category Overall oov Ambig.
root 98.12 95.81 96.16
cMD, 1, POS 96.26 97.82 92.38
Turkish morpheme 91.90 88.18 83.46
root 98.26 96.13 96.45
cMD,y POS 96.56 97.82 92.98
morpheme 92.87 88.77 85.44
root 97.34 91.92 95.93
cMD,1 POS 93.44 84.80 89.97
D1 morpheme 88.80 73.87 82.88
root 98.33 96.68 97.44
cMD,;, POS 97.09 96.19 95.55
morpheme 94.06 86.93 90.91
root 96.61 94.95 94.77
cMD,y1 POS 91.54 90.12 86.93
morpheme 84.11 80.46 75.42
kD2
root 98.26 96.13 96.45
cMD POS 96.55 97.82 92.97

morpheme 92.87 88.77 85.44
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The results show that the proposed model with PLMs trained with contrastive loss
improves the model’s performance in terms of ambiguous cases and OOV tokens, especially
in the context of low-resource languages, including Kazakh, with a small-sized dataset,
without the help of any designed features.

Table 6 compares the proposed approach with the previous work. Since the datasets
are the same as for the previous work, the results are comparable. The results for the HMM
and voted perceptron approaches were obtained from [26]. The voted perceptron approach
for Turkish was trained with the tool developed by [3]. It can be observed that the cMDy;,
outperforms the other approaches for the Kazakh language and Turkish without using any
feature and decoding techniques.

Table 6. Comparison with previous work; fea. stands for a set of features, and decoding indicates
that the method uses Viterbi decoding to find the best path among the analyses.

Model Overall ooV

HMM (decoding) [26] 84.91 71.73
kD1 Voted-Perceptron (fea.+decoding) [26] 90.53 82.42

cMD,, 92.64 85.27

Voted-Perceptron (fea.+decoding) 91.89 87.98
Turkish

cMD, 1, 92.44 88.45

5. Discussion

The error distribution for the kD1 dataset shows several key misclassification pat-
terns in Figure 2. The most frequent error (over 5.5%) is the misclassification of singular
accusative forms (n px3sg acc) as plural accusative forms (n px3pl acc). Another common
error is the prediction of adjectival forms instead of plural noun forms (adj px3pl acc — n
px3pl acc), contributing to nearly 4% of the errors. Additionally, there are misclassifications
in the locative and ablative cases, such as (n px3pl loc — n px3sg loc), reflecting the model’s
difficulty in distinguishing singular and plural forms across these cases.

Verb-related errors, especially between present and past forms (v-iv presct — v-iv
pastvadv), also appear in the error distribution. The model struggles to differentiate be-
tween singular and plural noun forms, shows challenges with noun-adjective agreement in
number and case, and has difficulty distinguishing between tense and auxiliary verb forms.

Figure 3 shows the error distribution for the kD2 dataset. The most frequent error,
making up over 5% of the misclassifications, involves confusing masculine anthroponym
noun phrases (np ant m nom) with simple nouns (n nom). Another error above 4% occurs
between perfect participles (v tv prc_perf) and verbal adverbs (v tv gna_perf). The third
most common error, around 3%, involves the misclassification of topological nouns (np top
nom) as attributive nouns (np top attr).

Figure 4 presents the error distribution for the Turkish dataset and shows several
cases where the model has difficulty. The most common error, accounting for almost
10% of cases, is the misclassification of adjectives as singular nouns in the nominative case
(adj — noun a3sg pnon nom), indicating difficulty in separating these two grammatical
functions. About 8% of errors involve confusing proper nouns with common singular
nouns (noun prop a3sg pnon nom — noun a3sg pnon nom), suggesting challenges in
distinguishing proper from regular nouns. Approximately 6% of the errors occur when
singular accusative nouns are misclassified as singular nominative nouns with possession
(noun a3sg pnon acc — noun a3sg p3sg nom). In addition, the model frequently confuses
verbs in the past tense with narrative mood and singular past-tense verbs (verb pos narr
adj zero — verb pos narr a3sg), reflecting difficulty with tense, mood, and number. Lastly,
about 2.5% of errors are due to misclassifying adverbs as adjectives (adverb — adj).
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n px3sg acc -> n px3pl acc

n px3pl acc -> adj px3pl acc

n px3pl loc -> n px3sg loc

n nom -> adj

n px3pl abl -> n px3sg abl

v-iv presct -> v-iv pastvadv

v-tv pastrt p3sg -> v-tv pastrt p3pl

v-iv cauv tranpart nom -> v-tv cauv tranpart nom

vaux pasttt p3pl -> vaux presit p3sg

v-tv cauv pastvadv -> v-tv cauv presct

0 1 2 3 4 5 6

Error percentage (%)

Figure 2. Error distributions of analysis (roots are excluded) for kD1 dataset.

np ant m nom -> n nom

v tv prc_perf -> v tv gna_perf

np top nom -> np top attr

adj advl -> adj

n nom fAa cnjcoo -> n nom aa postadv

det ind -> num

n attr -> n nom

adj -> adj advl

np ant m gen -> n gen

v iv gna_perf -> adv

0

2 3 4 5 6

Error percentage (%)

Figure 3. Error distributions of analysis (roots are excluded) for kD2 dataset.
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adj -> noun a3sg pnon hom¢

noun prop a3sg pnon nom -> noun a3sg pnon nom¢
noun a3sg pnon acc -> noun a3sg p3sg hom

noun a3pl pnon acc -> noun a3pl p3sg nom¢

verb pos narr adj zero -> verb pos narr a3sgj

adverb -> adjt

noun a3sg pnon nom adj with -> noun a3sg pnon nom¢
pron demons a3sg pnon nom -> det}

noun prop a3sg pnon nom -> adj{

verb verb pass pos narr adj zero -> verb verb pass pos narr a3sg;

0 5 10
Error percentage (%)

Figure 4. Error distributions of analysis (roots are excluded) for Turkish dataset.

6. Conclusions

Morphological disambiguation is a long-standing challenge in processing MCLs. It
is akin to POS tagging, but with a key distinction: in MD, it is not just the POS tag that
needs to be correctly predicted, but also the lemma or root form of the word along with its
corresponding morphological tags. This adds layers of complexity to the task compared to
traditional POS tagging.

In this paper, a contrastive learning approach for morphological disambiguation
(MD) using pre-trained language models (PLMs) was presented. The intention behind the
contrastive loss of the proposed approach is to reduce the distance between the correct
analysis and contextual embeddings while maintaining a margin between incorrect with
contextual embeddings.

One of the aims of the paper is to explore the impact of fine-tuning a PLM for MD on
Kazakh, a low-resource language as well as Turkish. Traditional approaches to MD, like
HMM-based and feature-engineered models, will not be able to capture long-term depen-
dencies. In this regard, the study leveraged the contextualized embeddings from the PLMs,
which allowed the model to enhance its handling of ambiguous cases and OOV tokens
without depending on other features. The experimental results show that the fine-tuned
PLM gave better MD results without using any designed features, especially for Kazakh.
Further, the disambiguation analysis performed with different distance measurements
shows that the Euclidean distance and dot product yield the best distance between context
and morphological analysis embeddings. These results show that PLMs are useful in
enhancing the performance of MD tasks for various morphologically complex languages,
including low-resource ones like Kazakh. The error analysis revealed that the model faces
challenges in differentiating singular from plural noun forms (it has strong long-term
dependency), struggles with maintaining noun-adjective agreement in both number and
case, and encounters difficulties in distinguishing between tense and auxiliary verb forms
in the case of Kazakh. The results for the Turkish dataset revealed that the model struggled
to distinguish between adjectives and nouns, properly identifying proper nouns versus
common nouns, handling case and number distinctions (especially with possession and
plurality), and managing complex verb forms involving tense and mood.
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Overall, cMD,;;;, which uses a contrastive learning method and is incorporated with
LLM, achieves an overall accuracy of 92.64% for Kazakh (kD1). It outperforms the HMM-
based approach by approximately 7% and the voted-perceptron approach (a set of features
combined with decoding techniques) by 2%. For Turkish, it slightly outperforms the
voted-perceptron approach which uses a group of features with decoding.

Future work can be summarized as follows: (i) to improve the model seeking to solve
the existing errors; (ii) to explore how morphological analysis and disambiguation can
be integrated into a unified learning framework through large language models, thus
significantly improving the performance of the MD models in various linguistic contexts;
(iii) to explore the question of how to effectively use the morphological features, since
long-term dependency exits between these tags.
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