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Abstract

This study explores the use of generative lan-
guage models for sentiment analysis of clas-
sical Chinese poetry, aiming to better under-
stand emotional expression in literary texts. Us-
ing the FSPC dataset, we evaluate two mod-
els, Qwen-2.5 and LLaMA-3.1, under various
prompting strategies. Initial experiments show
that base models struggle with task-specific in-
structions. By applying different instruction
tuning strategies with Low-Rank Adaptation
(LoRA), we significantly enhance the mod-
els’ ability to follow task instructions and cap-
ture poetic sentiment, with LLaMA-3.1 achiev-
ing the best results (67.10% accuracy, 65.42%
macro F1), demonstrate competitive perfor-
mance against data-intensive, domain-adapted
baselines. We further examine the effects of
prompt language and multi-task learning, find-
ing that English prompts outperform Chinese
ones. These results highlight the promise of
instruction-tuned generative models in senti-
ment analysis of classical Chinese poetry, and
underscore the importance of prompt formula-
tion in literary understanding tasks.

1 Introduction

Sentiment analysis is a core task in natural lan-
guage processing (NLP) that focuses on identifying
affective states within text, typically categorizing
them into negative, neutral and positive sentiments
(Liu, 2020). While the role of emotion in literary
comprehension has long been recognized in literary
theory and hermeneutics (Hogan, 2011), computa-
tional literary studies have only recently begun to
systematically incorporate sentiment analysis, es-
pecially since the mid-2010s (Rebora, 2023). This
shift has opened up new possibilities for analyzing
emotional expression in literature at scale, offer-
ing novel insights into patterns of affect, authorial
voice, and reader reception.
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Classical Chinese poetry, an ancient literary
form dating back to the 11th century BC, is deeply
rooted in emotional expression and aesthetic sub-
tlety (Tian et al., 2024). Investigating how emo-
tions are conveyed in classical Chinese poetry not
only helps reveal the poets’ inner world, but also
reflects broader sociopolitical and philosophical
concerns, thus offering deeper insight into tra-
ditional Chinese values and cultural paradigms
(Zhang et al., 2023c). However, several linguis-
tic and stylistic features — such as strict tonal and
syntactic constraints, the use of parallelism and
antithesis, and the frequent reliance on indirect
emotional expression — render standard sentiment
analysis techniques less effective. Compared to
modern texts, classical poetry often communicates
affect through allusion and symbolic imagery rather
than through explicit evaluative language (Meng
et al., 2024). Consequently, expert knowledge is
often indispensable for accurate interpretation and
annotation (Chen et al., 2019).

Previous work on sentiment analysis in classi-
cal Chinese poetry has primarily leveraged large
pre-trained language models, such as the domain-
adapted BERT- and RoBERTa-based architectures
(Du and Hoste, 2024). While these models have
shown promise, they typically require extensive
supervised training on domain-specific labeled cor-
pora — resources that are scarce in the realm of
classical literature. Annotating such texts is both
time-consuming and cognitively demanding, often
requiring interdisciplinary expertise that spans NLP,
literary studies, and classical Chinese philology.

In contrast, recent advances in generative mod-
els, particularly when combined with instruction
tuning and prompt engineering, have the capacity to
learn efficiently from only a few labeled examples
(Li et al., 2006), showing potential as an alternative
to data-hungry approaches (Song et al., 2023). Pre-
vious studies have demonstrated the effectiveness
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of generative models for sentiment analysis across
various domains, including movie and restaurant
reviews (Zhong et al., 2021), and financial texts
(Fatemi et al., 2025). In the case of classical Chi-
nese poetry, where emotional nuance is often im-
plicit and culturally embedded, sentiment analysis
poses unique challenges that go beyond standard
classification tasks. Investigating how generative
models interpret poetic emotion thus opens new
directions for computational literary studies.

In this paper, we explore how generative lan-
guage models can be applied to sentiment analysis
of classical Chinese poetry. We first evaluate zero-
and few-shot prompting as a lightweight alternative
to fine-tuning. Observing that prompt adherence
limits performance, we further examine instruction
tuning to enhance output quality. Our findings show
that combining prompting with instruction tuning
improves accuracy and consistency, advancing sen-
timent analysis for historical texts and supporting
the integration of NLP in literary studies.

2 Related Studies

2.1 Prompt-based learning for sentiment
analysis

With the advent of generative models, prompt-
based learning has emerged as a key approach
in few-shot learning for NLP (Colombo et al.,
2023). Unlike traditional fine-tuning, which re-
quires updating a model’s parameters, prompt-
based learning enables models to generate re-
sponses by leveraging their pre-trained knowledge
(Liu et al., 2023b). This method utilizes natural
language instructions or templates to effectively
elicit knowledge from pre-trained language mod-
els (PLMs) for downstream tasks such as named
entity recognition (NER) (Huang et al., 2022) and
question answering (Chen et al., 2024).
Prompt-based learning has also demonstrated
strong performance in various sentiment analysis
tasks. In aspect-based sentiment analysis (ABSA),
which focuses on identifying sentiment towards
specific aspects within a text, prompt-based tech-
niques have facilitated multi-task learning and syn-
tactic enhancement. Gao et al. (2022) introduced
a unified generative multi-task framework, which
constructs task prompts by combining multiple ele-
ment prompts to handle various ABSA tasks. Simi-
larly, Yin et al. (2024) proposed a syntax-aware en-
hanced prompt method to effectively extract essen-
tial syntactic information related to aspect words.

Prompt-based learning has also facilitated sen-
timent analysis in low-resource languages. Smid
and Priban (2023) found that prompting yields sig-
nificantly better results than traditional fine-tuning
when applied to Czech sentiment analysis with lim-
ited training data. Similarly, Debess et al. (2024)
explored different prompt configurations and found
that clear task instructions improved sentiment clas-
sification performance using GPT-4 on Faroese
news texts. Additionally, Nesié et al. (2024) ap-
plied prompt-based learning to sentiment analy-
sis of Serbian novels from the 1840-1920 period,
achieving an accuracy of 68.2%.

2.2 Sentiment analysis for classical Chinese
poetry

Classical Chinese poetry, as a form of ancient
literature, shares similarities with low-resource
languages in that it lacks large-scale annotated
datasets. One key challenge in sentiment analysis
is the necessity of expert knowledge (Chen et al.,
2019), for example, understanding historical and
cultural contexts that influence the meaning and
emotional nuances of the text.

To address this limitation, various strategies have
been explored to maximize the utility of existing
annotated datasets. Some researchers have pro-
posed methods to enhance knowledge transfer and
improve model performance. For instance, Hong
et al. (2023) aligned classical Chinese poetry with
its modern Chinese translations, facilitating effec-
tive knowledge transfer from pre-trained models.
Similarly, Li et al. (2022) constructed a multimodal
knowledge graph that integrates visual information
into the semantic learning of classical Chinese po-
etry.

Beyond incorporating external resources, schol-
ars have also sought to extract richer information
directly from the poems themselves. Zhang et al.
(2023a) introduced a multi-layer feature extraction
approach, while Du and Hoste (2024) leveraged
line-level information to refine overall sentiment
analysis. Additionally, domain-specific pre-trained
models for ancient Chinese, such as BERT-ancient-
Chinese (Wang and Ren, 2022), GuwenBERT!, Gu-
jiBERT (Wang et al., 2023), and BERT_CCPoem 2,
have been developed to support research on classi-
cal Chinese poetry.

"https://github.com/ethan-yt/guwenbert
*https://github.com/THUNLP-AIPoet/BERT-CCPoem
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2.3 Enhancing Prompt-Based Learning with
Instruction Tuning

The prompt-based use of generative models holds
significant potential for tackling the challenge
of sentiment analysis in classical Chinese poetry.
However, a major issue with this approach is the
inherent misalignment between the objectives of
model training and the expectations embedded in
user prompts. Specifically, while model training
typically aims to minimize response errors across a
wide range of general-purpose tasks, user prompt-
ing seeks responses that align closely with the given
instructions (Fedus et al., 2022).

To bridge this gap, instruction tuning has
emerged as a promising strategy for improving
both the capabilities and controllability of genera-
tive models (Ouyang et al., 2022). This technique
involves fine-tuning large language models on cu-
rated datasets comprising input-output pairs based
on explicit human instructions (Liu et al., 2023a).
By learning to follow natural language commands
more precisely, instruction-tuned models exhibit
enhanced alignment with user intent across a vari-
ety of domains (Zhang et al., 2023b). Moreover,
recent studies have demonstrated that instruction-
tuned models not only generalize better to unseen
instructions but also exhibit improved sample effi-
ciency (Luo et al., 2023; Jiang et al., 2024), making
them well-suited for domains with limited anno-
tated data, i.e., the classical Chinese poetry.

In the following sections, we explore the feasibil-
ity of using prompt-based learning and instruction
tuning to enable generative models to support sen-
timent analysis in classical Chinese poetry.

3 Experiment

Our first experiment consisted in evaluating the
performance of prompting techniques alone, as
an accessible approach to bootstrap the sentiment
analysis process. Subsequently, we incorporated
instruction tuning to enhance the models’ ability to
adhere to sentiment analysis guidelines. The fol-
lowing sections provide a detailed account of our
methodology and findings.

3.1 Models

In our experiments, we employed widely used
open-source models such as Qwen-2.5 (Yang et al.,
2024) and LLaMA-3.13. To ensure a fair compar-

*https://huggingface.co/meta-llama
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ison, we selected models with similar parameter
sizes.

Qwen-2.5 represents the latest iteration of the
Qwen large language model series. Compared to
its predecessors, it exhibits notable improvements
in structured data comprehension and generation*.

LLaMA-3.1, developed by Meta, is a state-of-
the-art open-source model that competes with lead-
ing foundation models such as GPT-4, GPT-40, and
Claude 3.5 Sonnet across a range of NLP tasks>.

We selected Qwen-2.5-7B-Instruct and LLaMA-
3.1-8B-Instruct for our experiments and did not
include DeepSeek-R 1-Distill-Llama-8B°. While it
is the only comparable model in its family, its focus
on general reasoning and efficiency, along with
potential capacity loss from distillation, makes it
less suitable for our experiment.

3.2 Dataset

We utilized FSPC (Chen et al., 2019), a fine-
grained sentiment-annotated poetry corpus com-
prising 5,000 classical Chinese poems as experi-
mental data. Each poem, as shown in Figure 2,
is manually annotated by experts both at the line
level and poem level with sentiment labels, includ-
ing negative, implicit negative, neutral, implicit
positive, and positive.

As shown in Figure 1 and exemplified in Figure
2, the negative and positive labels are significantly
outnumbered by the implicit sentiment labels. In
order to achieve a more balanced distribution of
sentiment labels and enable a fair comparison with
prior work, we adopt the same preprocessing strat-
egy as the baselines in Section 3.5, merging the
implicit negative and negative class and also the im-
plicit positive and positive class, resulting in a three-
class sentiment scheme: negative (1,756), neutral
(1,328), and positive (1,916).
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negative ™ implicit negative M neutral M implicit positive B positive

Figure 1: Sentiment label distribution of FSPC dataset.

For the main experiments, we randomly selected
a test set of 1,000 poems for performance evalu-
*https://github.com/QwenLM/Qwen2.5

Shittps://ai.meta.com/blog/meta-llama-3-1
®https://huggingface.co/deepseek-ai/DeepSeek-R 1



Content Original label ~ Merged label
line 1: [AIEREAE o ) )
The evening brings melancholy T RCEEie negative
line 2: IRFEZEHR

- . . neutral neutral
Driving up the ancient plain
line 3: & AR implicit positive positive
The setting sun is infinitely beautiful
line4: JZITHE L ; .
Vo, K ey eer et implicit negative negative
Overall implicit negative negative

Figure 2: An annotated classical Chinese poem from
the FSPC dataset.

ation with the following distribution of sentiment
labels at the overall poem level: 372 negative, 258
neutral, and 370 positive. For the prompting ex-
periments, we randomly selected 3 poems from
FSPC as exemplars in the few-shot prompt for test-
ing. These three poems are labeled as negative,
neutral, and positive, respectively, at the overall
sentiment level. For prompt optimization, we used
200 poems to refine the prompt, ensuring better
instruction compliance across models.

3.3 Prompt

We designed multiple types of prompts to inves-
tigate different aspects of sentiment analysis in
classical Chinese poetry. The first type of prompt-
ing differentiates between the zero-shot and few-
shot approaches, with the latter including three ran-
domly selected poems representing different over-
all sentiment labels. The second type of approach
examines the impact of prompt language, compar-
ing model performance using English and Chinese
prompts. The third type of prompting explored
the effectiveness of single-task versus multi-task
prompting. In the single-task setting, the model pre-
dicts a sentiment label for the entire poem, whereas
in the multi-task setting, it first assigns sentiment
labels to individual lines before determining the
overall sentiment based on both the line-level pre-
dictions and the poem as a whole. An example
template of the prompts is shown in Figure 3.

3.4 Evaluation Matrix

Accuracy and Macro F1 scores were used to evalu-
ate the model’s performance. Accuracy provides an
overall measure of the model’s correctness, partic-
ularly useful for balanced class distributions. How-
ever, since the sentiment labels in the classical
Chinese poetry corpus are somewhat imbalanced,
Macro F1 was also used to ensure equal importance
is given to all classes, regardless of their frequency.

<System>: You are a sentiment analysis assistant
specializing in analyzing the sentiment of Chinese
poetry (Positive, Negative, Neutral). The possible
answers are “Positive.”, “Negative.”, and “Neutral.”.
(Single-task prompt)
<User>: What is the overall sentiment of the poem? Text: JL
FERKUR R B K WA /K ZL983Z  H H 45 |
RARAEZIR
<Assistant>: Label: Positive.
(Multi-task prompt)
<User>: Please analyze this Chinese poem by first
determining the sentiment of each line, then provide
the overall sentiment. Text: J1EERR AR B R |74 FF
WKL EAB BB BRARAREZML
<Assistant>:
Line analysis:
Line 1:JLEF R K ZZ sentiment: Neutral.
Line 2:5#3# FFB7K 4T # sentiment: Positive.
Line 3:3% A\ H B#fi# /& sentiment: Positive.
Line 4:88 B R f+2% £ I\ sentiment: Positive.
Overall sentiment: Positive.

Figure 3: Examples of prompts.

3.5 Baseline

The results from recent studies on sentiment anal-
ysis in classical Chinese poetry using the FSPC
dataset, as shown in Table 1. These studies em-
ployed BERT- or RoBERTa-based models that were
pre-trained on domain-specific corpora related to
classical Chinese literature, leveraging domain-
specific linguistic patterns to achieve high perfor-
mance (70.96% accuracy and 68.51% F1). In con-
trast, our work explores the use of generative mod-
els without domain-specific pretraining, highlight-
ing their potential to generalize across literary tasks
with minimal supervision.

Accuracy F1

Zhang et al. (2023a) NA 64.38
Hong et al. (2023) 67.10 64.80
Du and Hoste (2024) 70.96 68.51

Table 1: Benchmark results of the FSPC dataset from
domain-specific data-intensive BERT- or RoBERTa-
based models pretrained on large-scale classical Chi-
nese texts.

4 Preliminary Results

We first evaluated the performance of the original
base models without any tuning by applying zero-
shot and few-shot prompting. As shown in Table
2, under the zero-shot setting, Qwen hardly pro-
duced 118 valid responses, i.e. responses in which
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Model Prompt Acc F1 Valid

Qwen zero-shot  7.20 9.22 118
few-shot  29.00 28.31 481

" LLaMA = zero-shot 61.20 49.01 1,000
few-shot  52.00 30.58 946

Table 2: Overall sentiment prediction results of the
base models on the evaluation set, which contains 1,000
poems. Acc refers to accuracy, F'1 represents the macro-
averaged Fl-score. Valid refers to the number of valid
answers generated.

the poem was assigned one of the three polarity
labels, while LLaMA generated 1000. In the few-
shot prompting setting, Qwen’s valid responses in-
creased to 481, whereas LLaMA yielded 946. One
possible explanation for LLaMA’s reduced num-
ber of valid outputs in the few-shot setting is the
introduction of biases by the example prompts and
the increased input length, both of which may hin-
der the model’s ability to generalize or accurately
interpret the task. The substantially higher num-
ber of valid outputs from LLaMA in both settings
suggests a stronger ability to capture task intent
compared to Qwen.

In terms of accuracy and Macro F1 score,
LLaMA also consistently outperforms Qwen.
Specifically, under the zero-shot prompt, LLaMA
achieves an accuracy of 61.20% and a macro F1 of
49.01%, while under the few-shot setting, it obtains
52.00% and 30.58%, respectively. In comparison,
Qwen exhibited relatively low performance in the
zero-shot configuration, likely due to its high inci-
dence of invalid or off-target responses.

S Further Experiment with Instruction
Tuning

In the preliminary study, it was observed that both
Qwen-2.5 and LLaMA-3.1 did not consistently
adhere to instructions or generate the desired re-
sponses. In some cases, the models’ outputs even
lacked a sentiment label altogether. This behavior
is a known challenge when prompting generative
models (Zhang et al., 2023b), and it can signifi-
cantly affect the accuracy of output evaluation.

To further investigate the models’ ability to gen-
erate valid responses and potentially improve the
accuracy of sentiment analysis, we also applied
instruction tuning to both Qwen and LLaMA. To
improve a model’s ability to understand user in-
tent and follow instructions more precisely, a com-
mon approach is to fine-tune it for the specific task.
However, given the large number of model parame-

ters and the limited availability of annotated data
for supervised fine-tuning, we employed Low-Rank
Adaptation (LoRA) (Hu et al., 2022), a prominent
parameter-efficient tuning technique. LoRA pre-
serves the original model weights while updating
only the low-rank matrices, thereby reducing com-
putational overhead. In our experiment, we set the
LoRA alpha to 16 and the rank parameter r to 128.

During the instruction tuning phase, two types of
instructions were designed, analogous to zero-shot
and few-shot prompts. Instruction I contains no an-
notation examples, whereas instruction II includes
three annotated examples — one randomly selected
instance from each sentiment category.

For the instruction tuning experiments, the test
set partition of 1,000 poems and the prompt data
remained unchanged. The remaining corpus of
3,797 poems was used for training, including 1,231
poems with negative labels, 1,018 with neutral la-
bels and 1,458 with positive labels at the overall
sentiment level.

6 Results and Discussion

After applying instruction tuning, as shown in Ta-
ble 3, both Qwen and LLaMA demonstrated im-
proved understanding of prompts, generating 100%
valid responses in all cases — except for one in-
stance where Qwen was tuned with instruction II
and evaluated with the few-shot prompt. This par-
ticular setting yielded the lowest Macro F1 score
(34.51%), despite achieving the highest accuracy
(57.20%) among Qwen’s tuning scenarios. A closer
examination revealed that Qwen produced 731 neg-
ative responses out of 1,000 in this configuration,
resulting in a severe class imbalance. This im-
balance plausibly accounts for the notably low F1
score (34.51%).

6.1 Effectiveness of Instruction Tuning

Comparing the results before and after instruction
tuning (Table 2 and 3), we observe significant im-
provements in both accuracy and F1 scores, under-
scoring the effectiveness of instruction tuning.
Further analysis of the two instruction types
reveals consistent performance differences. As
shown in Table 3, instruction II, which includes
annotated examples, consistently outperforms in-
struction 1. While the performance gap between the
two instruction types is relatively small under few-
shot prompting, it becomes substantial under zero-
shot prompting. For instance, Qwen’s accuracy
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Model ~ Tuning  Prompt Acc F1 Valid
Qwen 1 zero-shot 5090 5090 1,000
1 few-shot 52.10 51.98 1,000

11 zero-shot 57.20 34.51 999
I few-shot 52.50 53.33 1,000
LLaMA | zero-shot  61.53 5794 1,000
I few-shot  58.60 47.61 1,000
11 zero-shot  67.10 65.42 1,000
11 few-shot 58.90 54.20 1,000

Table 3: Evaluation results of generated overall poem
sentiment answers from individual models tuned with
different instructions and prompted with different num-
bers of shots. Instruction type I is without annotation
examples, while Instruction type I contains three ran-
domly selected annotation examples, one for each senti-
ment category. Acc refers to accuracy, and F/ represents
F1-Macro.

improves from 50.90% to 57.20%, and LLaMA’s
accuracy increases from 61.53% to 72.00%, high-
lighting the advantage of incorporating annotation
examples in the instruction during tuning. A plau-
sible explanation is that these examples help the
models better distinguish between the three senti-
ment categories.

The models’ performance under different
prompting strategies also varies depending on the
instruction type. For instruction I, Qwen performs
slightly better with few-shot prompting, while
LLaMA performs better with zero-shot prompt-
ing. The difference is relatively minor in both
cases. However, under instruction II, both models
exhibit significantly better performance with zero-
shot prompting. Qwen’s accuracy increases from
52.50% to 57.20%, and LLaMA’s from 58.90%
to 72.00%. It suggests that the annotation exam-
ples in instruction II play a more important role in
enhancing zero-shot prompting performance.

When considering the effect of instruction type
in the context of few-shot prompting, both models
show similar performance regardless of the tun-
ing instruction used. In contrast, under zero-shot
prompting, switching from instruction I to instruc-
tion II yields a substantial performance boost. This
indicates that while annotation examples in the
instruction during tuning have limited impact in
few-shot prompting, they significantly enhance the
models’ ability to generalize in zero-shot scenarios.

This discrepancy may be attributed to an inter-
ference effect, as “examples don’t always help”
(Reynolds and McDonell, 2021). In the few-shot
prompting scenario, the model tends to rely more
on the examples provided in the prompt itself,
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rather than leveraging the knowledge acquired from
instruction tuning. In contrast, under the zero-shot
prompting condition, the model depends solely on
its pre-trained and instruction-tuned knowledge, as
no additional examples are provided at inference
time. During instruction tuning, the model likely
learns useful task-related representations from the
annotated examples included in the instructions.
However, in the prompting stage, the few-shot ex-
amples may introduce conflicting signals or re-
dundant information, which in turn hampers the
model’s ability to generalize, thereby diminishing
the benefits gained from instruction tuning.

Finally, when comparing the two models,
LLaMA consistently outperforms Qwen across all
configurations. One exception occurs under in-
struction I with few-shot prompting, where Qwen
achieves a higher F1 score (51.98%) than LLaMA
(47.61%). Nevertheless, LLLaMA still leads in ac-
curacy (58.60% vs. 52.10%). Overall, LLaMA
demonstrates stronger performance than Qwen in
the task of sentiment analysis for classical Chinese
poetry. Therefore, in the following experiments,
we focus solely on LLaMA in zero-shot setting for
further analysis.

6.2 English Prompt vs. Chinese Prompt

Since the focus of our research was on Chinese
Poetry, we also investigated the viability of us-
ing Chinese prompts instead of English prompts.
Given that LLaMA demonstrated better perfor-
mance with the zero-shot prompting approach (Ta-
ble 3), we took this approach as a starting point
and switched the prompt language from English
to Chinese. However, as shown in Table 4, the
Chinese prompt does not outperform the English
prompt, achieving only 61.0% and 63.40% accu-
racy, with F1-macro scores of 50.20% and 63.52%,
respectively. This discrepancy may be attributed to
cultural differences between languages and poten-
tial language bias present in the pretrained models,
as previous experiments also suggest that prompt-
ing models in different languages often result in
varying performance (Behzad et al., 2024; Agarwal
et al., 2024; Vida et al., 2024).

6.3 Single-task vs. Multi-task

Previous work (Du and Hoste, 2024) suggests that
a multi-task framework and the inclusion of addi-
tional line-level information in the RoBERTa-based
model can enhance overall sentiment labeling per-
formance for classical Chinese poems. We initially



Tuning Prompt  Acc F1
I En 61.53 57.94
I Cn 61.00 50.20
I En 67.10 65.42
1I Cn 63.40 63.52

Table 4: Comparison of model performance with zero-
shot prompts in English and Chinese. No. in Tuning
means the number of example poems provided in in-
struction tuning. Acc refers to accuracy, and F/ repre-
sents F1-Macro.

designed a configuration that enabled LLaMA to
predict sentiment labels for individual lines as well
as for the entire poem, aiming to compare its per-
formance with the best-performing model in Table
3. However, this approach did not yield reliable
results. Consequently, we adopted an alternative
configuration and compared it with the second-best
performing model (bold in Table 5). As shown in
Table 5, the multi-task approach achieves an accu-
racy of 60.10% and an F1-macro of 53.26%, which
is a decrease in performance compared to the set-
up focused solely on overall sentiment prediction
(accuracy = 61.53%, F1-macro = 57.94%). This
result suggests that the multi-task approach may
introduce bias into the model. To gain deeper in-
sights from this experiment, we conduct a thorough
error analysis in the following section.

Acc F1
Single  67.10 65.42
Single 61.53 57.94
Multi 60.10 53.26

Table 5: Comparison of LLaMA-3.1 performance in
single- and multi-task zero-shot contexts. Acc refers to
accuracy, and FI represents macro-averaged F1.

6.4 Error Analysis

To investigate the reasons behind the incorrect sen-
timent labels assigned by the model to classical
Chinese poems, we perform an error analysis on
the results of LLaMA in the instruction II and zero-
shot prompt set-up, which achieved the best perfor-
mance in the experiments.

As shown in Figure 4, the models generally per-
form better on non-neutral poems than on neutral
ones. Among the true positive poems, 293 were
correctly identified as positive, accounting for ap-
proximately 79.19%. Similarly, 249 of the true
negative poems were correctly predicted, yielding
an accuracy of 66.94%. In contrast, only 129 out of
258 neutral poems were correctly classified, corre-
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sponding to an accuracy of 50%. These results sug-
gest that neutral poems pose greater challenges for
sentiment analysis, possibly due to their subtle or
context-dependent emotional cues. This difficulty
aligns with observations from previous studies us-
ing RoBERTa-based approaches (Du and Hoste,
2024). Furthermore, the model often confuses neu-
tral poems with positive ones, suggesting an over-
sensitivity to emotionally suggestive language even
when the overall tone is balanced or ambivalent.
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= 293 63 14 250
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'g 54 94 129 35 - 150
g
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=
g - 36 87 249 50
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I I
positive  neutral negative
Predicted

Figure 4: Confusion matrix of the true and predicted
overall sentiment labels produced by LLaMA under the
instruction II set-up with zero-shot prompting.

In addition to more closely investigating the out-
put of the best-performing single-task model, we
also examined the classifications provided in the
multi-task setup, which showed improved perfor-
mance in previous ROBERTa-based studies but did
not outperform in our generative model configu-
ration. To further investigate, we conducted an
additional error analysis on poems predicted by
LLaMA under the multi-task setup.

As shown in Figure 5, the performance of
LLaMA under the multi-task setup has similar re-
sults to LLaMA in the best performance set-up.
However, the model’s performance on neutral sen-
timent is significantly weaker, with only 42 neutral
poems correctly identified, accounting for about
16.28%. One possible explanation is that neutral
sentiment in classical Chinese poetry may be more
ambiguous and context-dependent, making accu-
rate classification challenging. Neutral poems may
contain mildly positive elements, such as descrip-
tions of nature, philosophical reflections, or bal-
anced emotional tones, which the model may mis-
interpret as positive, as illustrated in Figure 6. This
confusion between the neutral and positive class
also seems to confirm earlier findings in Figure 4.

Another possible explanation is error propaga-
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Figure 5: Confusion matrix of the true and predicted
overall sentiment labels produced by LLaMA under the
multi-task set-up.

Accuracy  F1-Macro
Line 1 55.80 56.79
Line 2 59.70 58.23
Line 3 60.80 61.01
Line 4 55.10 53.93
Overall 60.10 53.06

Table 6: Evaluation results of generated line and overall
sentiment labels from LLaMA-3.1-8B-Instruct.

tion from misclassifications at the line level. If
the model makes small errors when classifying in-
dividual lines, as shown in Table 6, these errors
can accumulate and mislead the overall sentiment
predictions. Additionally, sentiment in classical
Chinese poetry is often expressed through complex
interplays of emotion, imagery, and historical allu-
sions. Analyzing sentiment at the line level may
cause the model to overlook these complexities,
resulting in less accurate overall predictions. Fur-
thermore, the relationship between line-level and
overall sentiment predictions is multifaceted, as
different lines of a poem may convey contrasting
emotions that contribute to a more complex overar-
ching sentiment, as demonstrated in Figure 6.

Content
line 1: FHURK &R
Vast misty waves, a hundred-foot line
line 2: R REHMEH
Who truly grasps the Zen school's mind
line 3: BHREMRINSE
| mock myself, stubborn as an old recluse
line 4: A ARG
Yet pen fishing verses for monks to find
Overall

True label Predicted label

neutral positive

neutral neutral

negative neutral

neutral positive

neutral positive

Figure 6: An example of true and predicted lines and
overall sentiment labels of a classical Chinese poem.
English translations are obtained from ChatGPT.
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7 Conclusion

This study investigates the potential of generative
models for analyzing the sentiment of classical
Chinese poetry, focusing on their ability to capture
poetic emotion and navigate the linguistic subtlety
of this historically rich literary genre. Initial ex-
periments with basic zero- and few-shot prompting
revealed that limited instruction adherence signifi-
cantly constrained model performance. Subsequent
instruction tuning significantly improved the mod-
els’ ability to generate consistent and meaningful
sentiment predictions, underscoring their potential
for sentiment analysis of classical Chinese poetry.
Additionally, our results suggest that prompt lan-
guage plays a substantial role in performance, with
English prompts generally yielding better outcomes
than Chinese ones. Multi-task strategies that incor-
porate line-level analysis introduced biases that
degraded overall prediction accuracy, suggesting
that more focused modeling may be preferable.

These findings suggest that prompt-based and
instruction-tuned generative models offer promis-
ing tools for computational literary studies. From a
sentiment analysis perspective, our results highlight
both the strengths and limitations of using large lan-
guage models for interpreting affect in poetic texts.
While out-of-the-box LLMs like LLaMA-3.1 can
achieve over 60% accuracy and near 50% macro F1
in zero- and few-shot settings, instruction tuning
clearly enhances their ability to make contextu-
ally grounded predictions, achieving an accuracy
of 67.10% and an F1 score of 65.42%. Although
our results slightly trail domain-specific baselines,
those rely on models pre-trained on large-scale clas-
sical Chinese texts. In contrast, our approach uses
general-purpose models, yet still achieves compet-
itive performance. This underscores the general-
ization potential of LLMs for literary sentiment
analysis.

Future work will include both open-source and
closed-source models, with a focus on investigat-
ing reasoning mechanisms and chain-of-thought
prompting in the experiment of sentiment analysis
for classical Chinese poetry.
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