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Abstract 
This paper presents PoEmotion, an approach to visualizing 
emotions in poetry with Chinese calligraphy strokes. Tradi-
tional textual emotion analysis often lacks emotional reso-
nance due to its mechanical nature. PoEmotion combines nat-
ural language processing with deep learning generative algo-
rithms to create Chinese calligraphy that effectively conveys 
the emotions in poetry. The created calligraphy represents 
four fundamental emotions: excitement, anger, sadness, and 
relaxation, making the visual representation of emotions intu-
itive and concise. Furthermore, the approach delves into the 
relationship between time, emotion, and cultural communica-
tion. Its goal is to provide a more natural means of communi-
cating emotions through non-verbal mediums to enhance hu-
man emotional expression.  
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 Introduction 
This paper presents the technical pipeline of PoEmotion 
(Figure 1) that combines poetry, Chinese calligraphy, natu-
ral language processing, and deep learning generative mod-
els. We use algorithmically generated non-realistic calli-
graphic strokes to express the emotions of computed poems. 
We discuss how readers can feel the emotion of poetry with-
out knowing the cultural background in the modern infor-
mation society; how poetry intertwined with ancient Chi-
nese calligraphy and future artificial intelligence can reso-
nate with the human political culture. 
 The emotions find a rich and profound expression in po-
etry. However, the conveyed emotion in poems to readers is 
often limited and insufficient when relying solely on plain 
text. Poets often encapsulate complex emotions within suc-
cinct verses, requiring readers to employ their imagination 
to discern the subtleties. Furthermore, a communication gap 
exists between the poet’s intention and readers, who may 
lack an understanding of the poet’s background and cultural 
context. This gap results in a mismatch in emotional reso-
nance for poetry.  

Figure 1. PoEmotion Exhibition. ©Tiancheng LIU, 2023 
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 While Western culture may perceive calligraphy as a de-
sign element that revolves around visual beauty. In Chinese 
culture, calligraphy is an art form reflecting the emotions 
and philosophical thinking of the writer on a deeper level [1]. 
Ancient Chinese calligraphers conveyed their emotions and 
thoughts through various elements, such as the formation of 
the brush strokes, the intensity of the ink, the structure of the 
characters, and the overall layout of the artwork [2][3]. 
 PoEmotion seeks to overcome the limitation of conveying 
emotions through digitally typed text, utilizing artistic visu-
alization. It combines poem’s emotion analysis and genera-
tive Chinese calligraphy strokes to visually represent the 
emotion in poems. The emotional scores are integrated with 
calligraphic strokes that represent basic emotions like ex-
citement, sadness, anger, and relaxation. Each stroke func-
tions as an annotation, visualizing the emotional subtleties 
in poems. Specifically, the attached emotional strokes in the 
poetry enhance visual tension and emotional depth, previ-
ously lacking in digitally typed words. 
 Apart from the visualization of emotion in poems, 
PoEmotion also shows the aesthetic intertwining of time and 
emotion by combining ancient Chinese calligraphy's un-
known and uncontrollable strokes with algorithmically cal-
culated emotional scores. Its endeavor transcends temporal 
boundaries, creating an emotional resonance for the reader. 
 Emotion in poems is not just individual feeling. It often 
touches on common human emotional experiences. Its visu-
alization in calligraphy is also a way of cultural transmission 
and sharing. As part of the culture, poetry carries the history 
and memories and conveys emotions through text. The arti-
cle is structured as follows: Section 2 offers our insight into 
the connection between poems, emotions, Chinese calligra-
phy, and visualization. Section 3 delves into the approach’s 
design technology, while Section 4 provides a detailed dis-
cussion. Finally, Section 5 concludes the paper. 

Related Work 
Poetry is a unique way for people to express their inner 
world[4]. Traditionally, it carries emotions and far-reaching 
meanings. The text in poetry conveys the information, 
touches the reader's heart, and inspires empathy. However, 
there is an essential challenge to the transmission of emotion. 
Even the most carefully crafted verses may be understood 
differently depending on the reader's experience, cultural 
background, emotional state, and other factors. Poetry's 
emotional delivery often requires the reader to use imagina-
tion and empathy to understand the emotions conveyed 
through words. This can be a significant emotional effort on 
the reader's part. 
 This difficulty in emotional transmission is particularly 
acute in contemporary society. In the wave of digitization 
and informatization, the speed and way of reading have 
changed, and the fast-paced life and segmentation of infor-
mation make it increasingly difficult for people to immerse 
themselves in the emotional world of poetry. Therefore, how 
to effectively convey emotions through poetry in modern so-
ciety has become a problem to be solved. 

 Emotions and their categorization have been one of the 
core areas of psychological research. Scholars have pro-
posed various emotion models to describe and categorize 
human emotions. Some of the well-known models include 
Plutchik's wheel model of emotion, which proposes a mul-
tidimensional perspective of emotion [5]. Ekman's grounded 
emotion theory emphasizes the universality of emotional ex-
pression in global cultures [6]. Mehrabian's and Russell's 
PAD model of emotion states proposes three main dimen-
sions of emotional experience [7]. Russell's Circumplex 
Model of Emotion emphasizes the bi-dimensional nature of 
emotion [8]. James' attribution of emotion to levels of bodily 
involvement comprises of four basic emotions [9]. Lazarus 
and Lazarus expand the list of emotions to fifteen [10]. 
Cowen and Keltner’s in-depth study and data analysis has 
identified twenty-seven different categories of emotions 
[11].  
 Emotion Computing, as an essential branch of Artificial 
Intelligence, builds systems to respond and adapt to human 
emotion [12][13]. Research in this field focuses on recog-
nizing the emotional aspects of various signals, such as text, 
speech, expressions, and sounds, to convert them into meas-
urable data. 
 In text emotion analysis, traditional methods like TF-IDF 
have been widely applied [14]. With the advent of deep 
learning, Recurrent Neural Networks (RNNs) [15] and long 
short-term memory networks (LSTMs) [16], [17] have 
achieved higher precision in emotion classification tasks. 
Notably, benefiting from the Attention Mechanism, the 
Transformer model can batch process all data points in a se-
quence, significantly improving the training efficiency over 
traditional RNNs and LSTMs [18]. The Transformer-based 
BERT model is frequently used in sentiment analysis clas-
sification tasks [12] [13], and there is research utilizing 
BERT for detecting emotions in poetry [21]. It gets a higher 
classification result. So, the BERT model is employed in 
PoEmotion.  

 Kucher et al. analyzed 132 scientific visualization tech-
niques for sentiment detection in text data [22]. Research in 
visualizing textual emotions is extensive, yet studies focus-
ing on expressing these emotions through text are limited. 
TextTone developed an online chat software that changes 
fonts, sizes, and colors to reflect different emotions. How-
ever, this approach can compromise readability and may not 
always effectively convey the intended emotions.  

FaceType focuses on the direct interaction between spo-
ken and written forms, instantly converting verbal expres-
sions into Chinese calligraphic text [23]. Therefore, this ap-
proach proposes a new visualization medium - calligraphic 
strokes - aiming to break the boundaries of traditional visu-
alization through the dynamics and aesthetics of calligraphy 
and enable the audience to visualize the emotions behind the 
text. But this work uses sound only as an emotional input, 
without considering the text. Two other works analyze the 
text's emotion to generate the appropriate calligraphy [24], 
[25], making their strokes and layouts different. However, 
for non-Chinese texts, their works are unable to generate 
Chinese calligraphy that expresses emotions. 
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PoEmotion 
PoEmotion comprises three main parts: emotional analysis 

of poem text, generation of Chinese calligraphy strokes, and 
integration and presentation of the work (Figure 2), as de-
tailed below: 
 
l Emotional Analysis of Poem Text: 

1. Process poem text for sentence segmentation. 
2. Perform semantic parsing and extraction on each 

sentence. 
3. Aggregate semantic segments into a pool ranked 

on their emotional significance. 
4. Conduct emotion analysis on top-ranked seg-

ments for classification and scoring. 
l Generation of Calligraphy Strokes: 

1. Train a Generator using Trans GAN and a data-
base of real segmented strokes. 

2. Generate strokes that represent various emotions. 
l Integration and Presentation: 

1. Pair emotional scores from semantic segments 
with corresponding strokes. 

2. Integrate these elements for display. 
 We aim to present the selected semantic segments along-
side their corresponding strokes. This synthesis of text and 

image provides a multidimensional perspective on the emo-
tional fabric of the poem, offering both quantitative and 
qualitative insights.  

Sentence Segmentation  
For sentence segmentation, we employ the Natural Lan-
guage Toolkit (NLTK) to subdivide the text into independ-
ent and meaningful sentence units [26]. This process identi-
fies and separates sentences to provide a clear basis for sub-
sequent text analysis and language processing. 
 The Punkt algorithm in NLTK segments sentences using 
a rule and context-based approach for determining sentence 
boundaries. First, it relies on end-of-sentence punctuation 
marks, such as periods, question marks, and exclamation 
points. It segments the text into candidate sentences and ap-
plies a set of syntactic and semantic rules to further filter and 
adjust these candidate sentences to generate an accurate list 
of sentences ultimately. These rules consider the presence of 
punctuation and the context of the punctuation and other fac-
tors related to syntax and semantics. As a result, the Punkt 
algorithm can recognize the end of a sentence in a text and 
classify the text into semantically coherent sentence-level 
units.  

Figure 2. PoEmotion Framework 
 

Figure 3. Semantic Parsing Dependency Tree 
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Semantics Paring and Segmentation  
We use the spaCy Transformers model for semantic parsing 
[27], of the components of a sentence, extract key linguistic 
features, and encode them into a vector form (Figure 3). 
 We implement semantic parsing by means of dependency 
syntactic analysis provided by spaCy. Dependency syntactic 
analysis helps to understand the dependencies between 
words in a sentence and thus captures the semantic structure 
at a finer granularity. By analyzing dependency trees, Algo-
rithm 1 can identify groups of words that are semantically 
closely related. We extract noun phrases (including their 
modifiers) and verb phrases (including verbs and their direct 
objects and gerunds) as semantic segments. 

 

Semantic Segments Pooling  
We take the segmented semantic segments from all the 
above sentences and put them into a pool. This makes it eas-
ier for the subsequent processes. 

Semantic Segments Importance Scoring and 
Ranking  
This process is divided into constructing semantic segment 
graphs, computing importance scores, ranking, and selec-
tion. 
 
Constructing semantic segment graphs: We construct a 
graph using the TextRank model [20]. TextRank is an algo-
rithm that ranks nodes in the graph and each semantic seg-
ment is considered a node in the graph. All semantic seg-
ments are first represented as nodes, and edges in the graph 
are built based on their semantic similarity using Word Em-
beddings. These edges represent the relationships between 
different semantic segments. 
 
Computing Importance Score: The TextRank algorithm 
considers the relationship between nodes and their neigh-
boring nodes by iteratively computing the weights between 
nodes. It calculates the importance score of each semantic 
segment in the whole corpus. Higher scores are given to se-
mantic segments that are more important in the overall emo-
tion structure. 
 
Sorting and Selection: The computed importance scores 
are used to sort the semantic segments in descending order. 
Typically, the option is to keep the top 50%, or some other 
percentage of high-importance semantic segments, and filter 
out other less important segments. This helps to reduce the 

computational complexity of subsequent emotion analysis 
by focusing on the parts of the text related to emotion. 

Semantic Segments Emotion Analysis  
We adopt Russell's model of emotion as the theoretical basis 
for emotion analysis [8]. The model distributes emotions on 
a plane consisting of two orthogonal dimensions: Valence 
and Arousal. The valence dimension reflects the positive or 
negative direction of emotion, while the Arousal dimension 
depicts the energy level of emotion, which varies from a 
low-energy (e.g., relaxation or sadness) to a high-energy 
(e.g., anger or excitement) state. 

We use the Bidirectional Encoder Representations from 
Transformers (BERT) model for sentiment analysis. BERT 
is a state-of-the-art natural language processing technique 
that understands the context of a text and extracts its deep 
semantic messages. We use a pre-trained bert-base-un-
cased model to predict the valence and arousal scores of the 
sentiment in the text, which reflect the two main dimensions 
of the sentiment in the text. This process provides an analyt-
ical foundation for sentiment visualization. 

Finally, we use the Euclidean Distance where Valence 
and Arousal are located for the computation of emotion in-
tensity. 

!"#$"%&#'!"#$%#& =	*+,-.$'()!&*!+ + +,-.$,-#./()+  

 Combining these approaches, our analysis produces two 
types of output: the type of emotion, such as excitement, 
sadness, anger, or relaxation, and an intensity label for the 
corresponding emotion type. Figure 4 shows an example of 
emotion classification results. This enables us to perform 

multidimensional quantitative analysis of complex emo-
tional expressions in text samples. This analysis enhances 
our understanding of how language conveys emotional 
meanings and provides possible insights into the interplay 
between affective computation and visual presentation of 
textual information. 

 
Figure 4. Example Classification in Emotion Model 
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Calligraphy and Emotion 
Russell's emotion model’s concise and intuitive categoriza-
tion makes it easy to translate our complex emotional expe-
riences into recognizable emotional expressions in Chinese 
calligraphy. 
 Our approach corresponds the brush strokes of calligra-
phy to the emotional quadrants, making the visual expres-
sion of emotions intuitive and concise. Through the visuali-
zation of emotions in Chinese calligraphy, an ancient art 
form, we can provide people with a non-verbal way of com-
municating emotions, thus enriching the level and depth of 
human emotional expression. 
 Chinese calligraphy's strokes and lines are a carrier of text 
and an important tool for emotional expression. Every 
brushstroke of calligraphers contains his/her emotional state 
and spiritual mood, like silent music, conveying rich emo-
tions through the brush’s thickness and speed, and the con-
tinuity and breakage of strokes. The following section dis-
cusses the emotional interpretations of the works of four cal-
ligraphers. Through their strokes, we can glimpse the subtle 

connection between calligraphy and emotion.  
Excitement: ZHANG Xu's self-narrative post (《自叙帖》, 
first from the left in Figure 5) is famous for its wild cursive 
style, where the lines and strokes are full of tension and in-
dulgence as if dancing wildly on the paper [28]. The speed 
and fluidity of the strokes and the character shapes' expan-
sion reveal uncontrollable excitement and enthusiasm. Be-
hind this excitement is Zhang Xu's fervor for life and his 
strong expression of self. His strokes are turbulent and un-
inhibited, like his emotions, pouring his agitated inner world 
onto the paper. 
 
Anger: YAN Zhenqing's Manuscript of Offering to a 
Nephew (《祭侄文稿》, 2nd from the left) expresses the cal-
ligrapher’s anger and grief with his bold and powerful 
strokes [29]. The heavy force of the strokes and the sharp-
ness of the brush reveal Yan Zhenqing's inner rage and in-
dignation. When composing this manuscript, Yan Zhenqing 
experienced a personal tragedy - the untimely death of his 
nephew being framed due to political struggles. His strong 
emotions are conveyed through his brushstrokes so that 

future generations can feel the extremely angry emotional 
fluctuations behind the text. 

Sadness: In HUANG Tingjian's Inscription on SU Shi's 
Cold Food Post (《题苏轼寒食帖跋》,3rd from the left), 
the trembling and pauses of the brushstrokes silently tell of 
the feelings and sadness that follow the reading [30]. The 
trembling of the brushstroke is like the fluctuation of the 
heart, and the technique of trembling the brush aptly empha-
sizes HUANG Tingjian's deep sorrow in the face of his 
friend SU Shi's text and the delicacy and depth of this emo-
tion is subtly conveyed in the brushstrokes.  
 
Relaxation: YAN Zhenqing's Record of the Immortal Altar 
on Mount Magu (《麻姑山仙坛记》), on the other hand, 
presents a mood of serenity and contentment [31]. The 
strokes are steady and smooth, the lines are graceful, with a 
few drastic changes. This style of writing reflects Yan Zhen-
qing's appreciation of the natural beauty of Mount Magu and 
the mental relaxation and pleasure gained from being in na-
ture. The calligrapher’s brushstrokes depict mythological 
stories with an emotional touch of relaxation.  
 Through these four examples, we can see that a calligra-
pher's emotions are expressed through the twists and turns 

Figure 5. part view of the Chinese calligraphy artwork 
《自叙帖》, 《祭侄文稿》, 《题苏轼寒食帖跋》, 《麻姑山仙坛记》 

 

Figure 6. Stroke Features in Different Emotion 
 

Figure 7. Part of the Emotion in Valence-Arousal Space 
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of the brush, the changes in the brush's strength, and the 
rhythm’s speed. Here, excitement is reflected in the brush 
stroke of fast and light curve; anger in that of fast, heavy, 
scribbling out; sadness in that of slow, heavy, trembling; and 
relaxation in that of light, slow, and stable. 
 PoEmotion explores this unique way of emotional expres-
sion and makes these traditional emotional symbols vividly 
presented using modern technology. 

Stroke Generator and Stroke Database 
Our stroke generator employs the TransGAN model and 
stroke database [32]. The model generates calligraphic 
strokes that reflect specific emotions. We select the four fa-
mous aforementioned calligraphy works with strokes seg-
mented as the training set to achieve this. Subsequently, 
these segmented strokes are assigned to four different Trans 
GAN models, each focusing on learning and modeling the 
stroke style of a calligrapher. 
 The Trans GAN model is developed from the GAN model 
[25]. The GAN model comprises a Generator (G) and a Dis-
criminator (D). The Generator generates visually convinc-
ing stroke images, while the Discriminator determines 
whether the images are close to real calligraphy strokes. The 
generator and discriminator compete during the training 
process and eventually reach a balance where the generator 
can create more and more realistic strokes, and the discrim-
inator is able to tell the difference between the generated im-
age and real stroke with increasing accuracy. 
 The model uses the Transformer architecture for both the 
generator and discriminator to capture calligraphic strokes 
fluently.  
 The training process is divided into two phases. First, the 
parameters of the generator are fixed, random noise is fed 
into the generator to produce image. Then these generated 
images are fed into the discriminator along with images of 
real strokes. In this step, the parameters of the discriminator 
are updated to recognize the real images as positive samples 
(labeled 1) and the generated images as negative samples 
(labeled 0) . In the second phase, the parameters of the dis-
criminator are fixed, and updated based on the feedback 
from the discriminator to produce a more realistic image, 
causing the discriminator with fixed parameters to misiden-
tify the generated image as the real image (labeled 1 when-
ever possible). By iterating these two phases, the model is 
gradually optimized until the generator can produce highly 
realistic stroke images. Overall, the philosophy is concluded 
in below: 

!"#
$ 	!&'( 	)((, $) 

  )((, $) = 	.!~#!"#"(%)[012((')] + 	.'~#$(')[log	(1 − (($(:)))] 
where: 
l 0(2) is Generated Data,  
l 4(5) is the Probability Value (ranging from 0 to 1),  
l 6 denotes the Expectation,  
l 70($( represents the Distribution of Real Data,  
l 71 is the Distribution of the Input Noise to the Generator. 
 Perceived as intense emotions, each complex stroke is 
calculated with its complexity: 

Complexity=Perimeter
2

Area  
where: 
l Complexity is the complexity of the calculated stroke, 
l Perimeter is the perimeter of the stroke’s contour, 
l Area is the area of the stroke [33]. 
 
 Finally, the emotional analysis results of semantic seg-
ments are matched with strokes in the stroke database, as 
shown in Figure 7. The matching strokes based on the emo-
tion scores of the semantic segments sent to the output. 

Display: 
The PoEmotion installation showcases poems accompanied 
by their corresponding generative calligraphy strokes. They 
are displayed on a large, curved screen with a resolution of 
5120x1536, optimized for an HDMI output of 3840x1152. 
The display is integrated with Touch Designer software, 
which facilitates the dynamic presentation of the calli-
graphic strokes alongside poems.  

Discussion 
The initial intention of PoEmotion is to explore a core issue: 
how to complement text in emotional transmission with ar-
tistic visualization. In the emotional analysis and visual 
presentation of poetry, we attempt to capture those delicate 
layers of emotion and emotional colors that are difficult to 
express with pure text. By introducing the visual elements 
of strokes, we analyze and quantify poems' emotions, with 
an artistic interpretation of the beauty of the intertwining of 
time and emotion.  
 PoEmotion finds that although poetry is rich in emotional 
expression, certain emotions are hard to convey. The gener-
ative strokes can abstractly reflect the emotional texture of 
the poem, providing a new perceptual dimension for the 

Figure 7. Display Space 
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audience. Embedding the temporal level of emotion in the 
poem stereoscopic, visual presentation allows readers to in-
tuitively experience the depth of emotion that the poet is try-
ing to convey. 
 PoEmotion also reveals the complex relationship between 
text and emotional expression. Poetry's emotional essence is 
difficult to quantify and visualize due to its close connection 
to personal experiences and cultural contexts, demanding in-
dividuality and emotional diversity. By constructing a coor-
dinate system of emotions and correlating it with a database 
of strokes, PoEmotion reveals the interplay between individ-
ual emotions and collective memory. Different individuals 
may perceive and express the same emotion differently. 
Therefore, our approach must be flexible enough to address 
users' emotional experiences and cultural differences. 
 To summarize our findings, this study provides an in-
sightful perspective that the artistic expression of emotion is 
not just a one-way transmission but an interactive and em-
pathic process.  
 Sentiment analysis models may not be able to capture the 
subtle and complex emotions in poetry with complete accu-
racy. This limitation may affect the quality of emotional ex-
pression in the final generated calligraphic works. People 
from different cultures may have very different understand-
ings of poetry and calligraphy. Such cultural differences 
may lead to different interpretations of emotional expres-
sions, which in turn affects the acceptance and understand-
ing of calligraphic works.  
 The current work focuses on poetry and Chinese calligra-
phy in English and Chinese. Extending it to other languages 
and writing systems may require additional adjustments and 
considerations to ensure accurate communication of emo-
tions. The current approach does not provide opportunities 
for the audience to directly engage and influence the output, 
which may limit the interest and engagement of the audience 
in PoEmotion. 
 Future research could explore advanced sentiment analy-
sis models to capture the emotional details and complexities 
more accurately in poetry. It will also explore how PoEmo-
tion can be applied to poetry in different cultural and lin-
guistic contexts to enable wider cultural communication and 
understanding. Richer interaction mechanisms will also be 
added to increase user engagement and enhance the educa-
tional and entertainment value of the system. Through such 
efforts, we can expect to uncover more profound insights 
into the intersection of poetry, art, and emotion, bringing 
new inspiration and contributions to the field of affective 
computing.  

Conclusion 
This study aims to explore how to compensate for the limi-
tations of text in conveying emotions by translating the emo-
tions of poetic texts into visual strokes. Through a carefully 
designed process of semantic analysis, emotion scoring, and 
image generation, we facilitate visualizing the abstract emo-
tions of the poems and give them a new visual life.  

 We also realize that the subjectivity and complexity of 
emotion remain a challenge. Future research needs to incor-
porate more interactions as well as delve into the differences 
in emotion expression across cultures and individual con-
texts and how these differences can be accurately reflected 
in emotion visualization. 
 We expect this multidimensional approach to emotion 
parsing will find its value and place in future literary re-
search, emotional computing, and artistic creation. 
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