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In this thesis I investigate sarcasm and irony with implementation of machine learning and other
related methods. My primary goal of this research is to improve machine learning systems, as well
as the natural language processing of figurative language focusing on irony. First I clarify the
definitions of irony and sarcasm and present an exhaustive and thorough field review on irony
machine translation related works including machine learning, figurative language, evaluation
metrics, datasets, and irony and sarcasm detection, from purely linguistic as well as computational

linguistic perspective.

Next I construct a novel English-Chinese parallel dataset by manually translating and annotating
two datasets originally collected from highly varied reliable sources for the purpose of irony
translation. The content of my new dataset is highly polarized with tweets, which characterize in
short sentences full of social media slangs, and forum posts, which contain logically structured long
paragraph extracted from online debate forums focusing on specific topics.

After construction of the dataset, I propose a new combined evaluation metric for machine
translation. The score of my new evaluation metric, COMMET, is calculate by first choosing multiple
popular evaluation metrics along with their weights based on other reliable studies. Then I sum the
multiplications of the metrics scores and weights and divide with the total number of implemented
evaluation metrics. The score is calculated with a variety of evaluation metrics and reliable weights;
hence it is potentially more democratic and fairer in the evaluation of machine translations.

With my dataset and evaluation metric ready, I first compare between different types of popular
language models for English-Chinese translation. Before conducting the experiments, I review some
of the commonly used models and evaluation metrics for machine translation. With enough
background information, I start with exploring optimal experiment settings and different
combinations of training data. Then after some comparisons, mBART-large-50 becomes my preferred

based model for the remaining of experiments.




Next I conduct various types of experiments surrounding our preferred base model training and
testing on different combinations of my dataset using my proposed evaluation metric. One of the
first experiments is to decide whether the inclusion of hashtags is vital for data originally collected
from twitter. With better result on model trained on data without hashtags, I decide to exclude all
ironic hashtags such as #sarcasm and #irony from all following experiments. I also compared
between model trained on only short tweets of my dataset, model trained on only long forum posts
of my dataset, and model trained on both all data from my dataset. With further experiments, I
conclude my best model for English-Chinese irony machine translation so far is mBART-large-50
trained on both ironic and non-ironic data only in long forum posts. One of my important discussions
here regarding model training for figurative language is that more training data is not always a
better approach.

For my new combined dataset, I categorize the ironic data into three different types; self-
contained irony which is the normal easy-to-understand irony, contextual irony where the irony is
dependent on the context of the data, and ambiguous irony which is the most difficult to comprehend.
With the new categories, I perform qualitative analysis of contextual and ambiguous irony by
manually process each instance of them due to their low number of samples to find any characteristic
in how the lack of sufficient context influence the quality of machine translation of irony. I describe
and conclude many of the findings in the experiment results discussion. Next I also compare the
results of my model with results from ChatGPT, where my model achieve better in ambiguous data
and ChatGPT did better in contextual data due to its large training.

Lastly I conduct another experiment using various combinations of models trained on different
data. Some of the trained data worth mentioning includes human translated Chinese data and model
translated Chinese data. Improvements are found in various combinations, which proves translation
training benefit models in classification, or in more general terms, fine-tuning first on certain tasks

can improve latter fine-tuning, if the tasks are related to some extents.

Finally, I discuss some insights and findings of my thesis and my plan to extend this research
to the range of other applicable languages. I will also delve further into the potential studies of fine-
grained irony types, specifically, ambiguous and contextual, for a better understanding of irony, and

figurative languages.
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