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Abstract

Many Tang-poetry emotion studies still use
coarse labels (e.g., positive/negative), while
recent LLM-based attempts face a practi-
cal problem: one-word emotion outputs are
highly sensitive to prompt wording. When la-
bels shift with phrasing, historical interpreta-
tion becomes hard to reproduce and hard to
trust. Focusing on Tang poetry around the An
Lushan Rebellion (42 ¥ Z #l), we propose
a fine-grained sentence-level workflow cen-
tered on emotion embeddings: we use contin-
uous hidden-state vectors, run automatic clus-
tering, and then consolidate labels for interpre-
tation. On the same 3,198 emotional sentences,
one-word outputs show only 50.3% A/B exact
agreement, while embedding-based clustering
remains stable and well distributed (normal-
ized entropy 0.989; 20/20 active clusters). On
7,195 labeled sentences, a char-based baseline
reaches 0.446 micro-F1 and 0.395 macro-F1.
This multi-stage label-construction path sup-
ports historically grounded findings, including
the emotional turning point around 762, and
also reveals layered patterns that are less visi-
ble in coarse setups. These results suggest that
stable representation is a prerequisite for turn-
ing computational outputs into credible evi-
dence for humanities interpretation.

1 Introduction

Large language models have made many digital-
humanities tasks easier, but historical literary anal-
ysis still has a stubborn problem: fluent output is
not the same as reliable evidence. This is especially
true for Classical Chinese poetry, where emotion
is compressed into short lines and tightly bound to
historical context.

This study examines emotional change in Tang
poetry around the An Lushan Rebellion. Existing
workflows often rely on discrete emotion words
generated by a model. In our corpus, semantically
similar lines can receive different one-word labels
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after small prompt edits, which weakens any his-
torical claim built on those labels. Compared with
many earlier studies that stay at coarse polarity
(positive/negative) or broad sentiment bins, this
setting asks for finer emotional granularity and
stronger reproducibility.

Our solution is to treat continuous representa-
tions as the primary evidence. Instead of clustering
generated words, we build sentence-level emotion
embeddings from model hidden states, use cluster-
ing to discover candidate emotional structure, and
then consolidate labels for downstream prediction
and interpretation. This keeps the computational
pipeline reproducible while leaving room for close
reading.

The main contributions are:

* We propose a fine-grained Tang-poetry emo-
tion analysis framework that moves be-
yond coarse polarity and explicitly addresses
prompt-level instability in LLM-generated
emotion words through embedding-based rep-
resentation.

* We show that the resulting quantitative pat-
terns are historically grounded: the year-level
and poet-level trends align with textual ev-
idence and historical records, including the
762 turning point.

* We report humanities findings that are diffi-
cult to obtain with coarse labels alone, illus-
trating how digital methods and close reading
can jointly reveal new structure in the corpus.

Two commitments shape the humanities side of
this paper. First, we care about interpretative va-
lidity, not only model scores: if we claim a turn-
ing point, readers should be able to trace it to
sentence-level evidence, label distributions, and
specific lines. Second, we treat model-induced cat-
egories as working tools, not fixed truth. Our multi-
stage label process follows that logic: data-driven
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discovery, then philological consolidation, then an
explicit interpretive layer. The experiments are or-
ganized in the same order: establish learnability,
test representation stability, run split and mapping
diagnostics, and then move to year/poet interpreta-
tion with direct count checks. We keep the main
LLM fixed and perturb only the prompt templates,
because the claim under test here is prompt sen-
sitivity rather than base-model ranking; broader
cross-model comparison is an important next step,
but it is not necessary for the current argument.

We position this work at the intersection of lit-
erary NLP and emotion analysis (Bamman et al.,
2014; Buechel and Hahn, 2017).

2 Related Work

Computational literary studies have shown that
NLP can quantify stylistic and thematic patterns
while still supporting interpretative reading. In lit-
erary NLP, modeling character and narrative sig-
nals at scale has demonstrated that probabilistic or
discriminative methods can expose latent literary
structure (Bamman et al., 2014).

Emotion analysis has also moved from coarse
polarity to richer representations, including multi-
dimensional and perspective-aware annotations
(Buechel and Hahn, 2017). For Chinese Tang-
poetry analysis, prior work includes hierarchi-
cal text classification for poetry corpora (Xiao,
20006), classical machine-learning classification on
Tang-poem categories (Hu and Zhu, 2015), and
emotion-term extraction in digital-humanities set-
tings (Zhang et al., 2021). The Dalian emotion on-
tology lexicon remains a widely used lexical re-
source (Institute of Information Retrieval, Dalian
University of Technology, 2007). For historical
Chinese poetry, this motivates two design choices
in our work: (1) preserve fine-grained labels in-
stead of collapsing directly to broad sentiment;
(2) explicitly separate computational representa-
tion from interpretative mapping.

For humanities-oriented NLP work, a score
alone is not enough. Outputs should remain sta-
ble under small perturbations and should be usable
as evidence in an argument about texts. Following
this expectation, we evaluate the method on two
axes: computational adequacy (performance and
robustness) and interpretative adequacy (historical
plausibility, traceability to textual evidence, and
transparent category design). In short, our gap is
threefold: prior Tang-poetry emotion analysis is of-
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ten coarse-grained, LLM-based pipelines are still
relatively few, and prompt-sensitive word outputs
make historical interpretation unstable.

3 Task Definition and Data

3.1 Data Scope and Canonical Source

Our study addresses two linked questions: how to
reduce prompt sensitivity at sentence level, and
how to use stabilized signals to analyze year/poet
emotion distributions in a historically meaning-
ful way. We first build robust sentence represen-
tations, then aggregate to year/poet patterns in the
754-764 observation frame, with each poem pro-
cessed as a sequence of sentence-level units with
year and author metadata. The cleaned source cor-
pus contains 616 poem records by 47 poets, yield-
ing 9,965 sentence instances before final manual
alignment. The final annotated table used for mod-
eling expands this to 10,122 rows, because some
concatenated lines were manually split during an-
notation so that sentence and label counts could be
aligned at the line level.

The workflow has two stages: (1) sentence ex-
traction and multi-label annotation; (2) embed-
ding construction, clustering, and year/poet aggre-
gation.

To avoid denominator drift, all sentence totals
and label statistics use one finalized annotated ta-
ble as the canonical source. For per-sentence label-
count statistics, duplicate labels inside the same
sentence are deduplicated while preserving first-
occurrence order. All year-level ratios in the paper
are normalized within each year, so the interpre-
tation is about emotional composition rather than
raw poem totals.

Label construction and interpretive mapping.
The 18-label inventory is derived from, not in-
dependent of, the 20-cluster step. We first run
embedding-based unsupervised clustering and, us-
ing the elbow criterion, select k& = 20 as an initial
partition. We then manually merge clusters with
unclear semantic boundaries to form 18 annotation
labels for supervised modeling. In short, £k = 20
serves exploratory discovery, while 18 labels serve
downstream prediction and interpretation. Primary
modeling is performed on this finalized 18-label in-
ventory. For historical interpretation, we addition-
ally map the 18 labels to 7 macro-categories (Sor-
row, Disgust, Joy, Anger, Fear, Praise, Confusion),
following the category framework of the Dalian
University of Technology emotion ontology lexi-



Metric Value / Note

Cleaned source 616 poemrecords; 47 poets; 9,965 sen-
corpus tence instances

Total sentence  10,122; canonical annotated file

rows

Rows with non- 7,195; used in supervised comparison
empty labels

Rows without la- 2,927; retained for descriptive statis-
bels tics

18 labels, 0-3 per sentence; obtained
by manual consolidation of 20 initial
clusters

Two annotators, 200-sentence sam-
ple; 0.970 / 0.796 (OA / Cohen’s k)
Elbow-selected £ = 20, N = 3,198
embedding clusters for initial label
discovery

Label scheme

Inter-annotator
agreement
Clustering setup

Table 1: Main dataset and analysis statistics.

con (Institute of Information Retrieval, Dalian Uni-
versity of Technology, 2007). This mapping is a de-
rived analysis layer, not a replacement for the orig-
inal annotation protocol. Accordingly, the 18-label
inventory remains the canonical annotation space,
while the 7-class view is used only to make macro
trends easier to read.

4 Method

For readers from non-technical backgrounds, the
method can be read as three steps: (1) represent
each sentence with a stable embedding instead of
a single generated word; (2) build fine-grained la-
bels through “automatic grouping + manual con-
solidation”; (3) aggregate labels by year and poet,
then check whether the patterns match historical
records and close reading.

4.1 Label Construction and Prediction Tasks

Given embedding vectors e;, we first perform K-
means for a range of k values and use the elbow
curve of within-cluster sum of squares to choose
k = 20 as the automatic initial partition. These
20 clusters are then manually inspected and con-
solidated where semantic boundaries are not suffi-
ciently clear, producing the 18-label scheme used
in the supervised task. Therefore, there is no one-
to-one requirement between the 20 clusters and the
18 labels: the former are exploratory units, the lat-
ter are annotation labels.

18-label classification task. Each sentence can
have multiple labels (up to three in our annotation).
We therefore use a standard multi-label setup: each
label is predicted independently, and errors are

averaged across all 18 labels with binary cross-
entropy.

We  benchmark  majority-label, TF-IDF
word/char features with OvR Linear SVM,
and TF-IDF char with OvR Logistic Regression.

Mapping to 7 macro-emotions. For interpreta-
tive and error-analysis views, we define a deter-
ministic mapping g : £15 — L7. The target 7-
category space follows the Dalian University of
Technology emotion ontology framework (Insti-
tute of Information Retrieval, Dalian University
of Technology, 2007). Operationally, this means:
if any fine-grained label of a sentence belongs to
a given macro category, that macro category is
marked as present for the sentence. This mapped
form is used for descriptive aggregation and inter-
pretative statistics.

For the mapped 7-class classifier ablation (Ta-
ble 5), we use a diagnostic single-label projec-
tion: take the first valid fine-grained label among
{labell,label2,label3}, then apply g to ob-
tain one 7-class target. This diagnostic setting does
not replace the primary 18-label multi-label task.

4.2 Representation Stability and Aggregation

Our core innovation is to treat continuous hidden
states as the primary semantic signal. Given sen-
tence x;, we apply a zero-shot prompt to obtain
a one-word emotion output (auxiliary cue), while
extracting the final-position hidden vector from
the last transformer layer as embedding e; € R<.
We then cluster these vectors with K-means to dis-
cover candidate emotion structure before manual
consolidation.

To quantify distributional coverage across clus-
ters, we report normalized entropy:

K
1
Hyorm = _@ jz;pj Ingj, ()

where p; is cluster proportion.

Inter-annotator  agreement. Inter-annotator
agreement is measured with Cohen’s x: k com-
pares observed agreement against chance-level
agreement, so it is stricter than raw accuracy.

Year/poet aggregation. For year ¢ and category

¢, ratio is computed as:

Neyt
Pet == (2)
ZCI Ner it



and first-order change as

Apc,t = Pc,t — Pc,t—1- 3)

These summaries support year-wise and poet-
wise interpretation around the event window.

5 Experimental Design

Our empirical design serves three connected aims:
to show that fine-grained sentence-level emotion
analysis is feasible, to compare the stability of em-
beddings and direct word outputs, and to examine
whether the resulting patterns can sustain historical
interpretation.

5.1 Study Design
For clarity, we organize the analyses in five parts:
* Predictive baseline (Table 2): evaluate

the 18-label task and compare basic fea-
ture/model choices.

* Representation stability (Table 3): compare
one-word prompt outputs with continuous
embeddings.

* Split comparison (Table 4):
grouped split and random split.

compare

* Mapped-label view (Table 5): inspect behav-
ior in a simplified 7-class view.

+ Historical interpretation (Tables 6-8): ag-
gregate canonical annotated counts by year
and poet, then validate with sentence-level
cases.

5.2 Data Splits and Metrics

The main supervised analysis uses the 18-label
multi-label setting on all rows with non-empty la-
bels (N = 7,195). For the 7-class simplified view,
each sentence is mapped from the first valid fine-
grained label. For the stability comparison, we use
a fixed subset of emotional sentences (N = 3,198)
shared by prompt A/B comparison and embedding-
cluster profiling (k = 20).

Main supervised comparison uses group split by
full poem (80/20), repeated over 3 seeds. This re-
duces train-test overlap from same-poem style and
diction. We report Micro-F1, Macro-F1, and exact-
match subset accuracy for the 18-label task. For
the mapped 7-class diagnostic, we report Macro-
F1 and accuracy.
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Model Micro-F1

0.151 £ 0.005
0.076 £ 0.003
0.446 £ 0.003
0.448 +0.007

Macro-F1

0.015 £ 0.000
0.022 £ 0.001
0.395 £ 0.007
0.402 £ 0.012

Subset Acc.

0.013 £ 0.002
0.000 £ 0.000
0.256 £ 0.005
0.214 £ 0.009

Majority-label baseline

Word TF-IDF (1-2) + OVR SVM
Char TF-IDF (1-4) + OvR SVM
Char TF-IDF (1-3) + OVR LR

Table 2: 18-label multi-label results (group split by
poem, 3 seeds).

Norm. H

0.807
0.764

Setting Consistency Support

Word output A
Word output B -

A/B exact match 0.503
Embedding clustering (k = 20)  N/A (continuous)

542 unique words
431 unique words
3,198 pairs

0.989 20/20 active clusters

Table 3: Prompt sensitivity of single-word outputs vs.
embedding coverage.

For representation comparison, we use two de-
terministic prompt templates (A/B) on the same
3,198 emotional sentences with DeepSeek-V3.2
(T'=0). The generated words are used only for sta-
bility comparison; historical interpretation is based
on canonical labels and embedding-derived struc-
ture.

6 Quantitative Results

We report results in the same order as the argument
of the paper. We first establish that the fine-grained
task is learnable, then show why embedding-based
representation is more stable than direct word out-
puts, and finally examine whether the recovered
temporal/poet patterns are historically meaningful
and humanistically informative.

6.1 Predictive Performance and
Representation Stability

Character features substantially outperform word
n-grams, consistent with Classical Chinese’s weak
explicit token boundaries in short lines. SVM is
best on strict subset accuracy, while LR slightly
leads on Micro/Macro-F1. These results provide a
stable baseline for the later checks.

Representation stability (words vs. embed-
dings). Even under deterministic decoding, A/B
mismatch is 0.497, indicating non-trivial prompt
sensitivity for discrete one-word outputs. Embed-
ding clusters remain fully populated (cluster size
102-257) with high normalized entropy, support-
ing better semantic coverage. This experiment iso-
lates representation stability; downstream histori-
cal trend tables are computed from canonical anno-
tated labels rather than generated words. In prac-
tical terms, Table 3 explains a core design deci-
sion of this paper: embeddings are used to discover



Setting Micro-F1
Group split by poem 0.446 £ 0.003
Random sentence split  0.466 £ 0.002

Table 4: Leakage sanity check with Char TF-IDF (1-4)
+ OVvR SVM.

Model (7-class mapped) Macro-F1 Accuracy

Word TF-IDF (1-3), SVM (bal.) 0.105£0.004 0.583 4 0.031
Char TF-IDF (1-3), SVM (bal.) 0.448 £0.028  0.653 = 0.025
Char TF-IDF (1-4), SVM (bal.) 0.449 +£0.026  0.652 £ 0.024
Char TF-IDF (1-4), SVM (unbal.)  0.433 £0.023  0.683 & 0.014

Table 5: Mapped 7-class single-label diagnostic abla-
tion.

structure, while consolidated labels are used for in-
terpretation.

Split robustness check. The random split in-
flates performance, confirming that grouped split
is the safer protocol for main reporting.

7-class diagnostic. Balanced training improves
macro fairness across rare classes, while unbal-
anced training favors overall accuracy. This 7-
class view is only a supplementary lens and does
not replace the main 18-label analysis. Visual sum-
maries of Tables 6—8 are provided in Appendix ??.

6.2 Temporal Trends and Poet-Level Patterns

All ratios in this subsection are computed from
canonical annotated counts; no classifier predic-
tions are used here.

Note: Melancholy = Pi45i; Grief = dE#X; Longing
= J8.7&; Heroic Aspiration = JI: Ji; Romantic Af-
fection = Z 7R,

The temporal pattern is coherent rather than ran-
dom: Sorrow remains dominant and reaches its
highest level in 762, while Joy shows a short re-
covery in 760 and then declines. Anger rises lo-
cally around 757 but does not persist, and sec-
ondary labels show a similar structure: Heroic As-
piration is relatively stronger in early war years,
then weakens, whereas Melancholy intensifies by
762. These shifts align with a transition from mo-
bilizing rhetoric to sustained grief-oriented expres-
sion.

6.3 Error Analysis and Validation

In the mapped 7-class view (Table 5), Macro-F1
is 0.4464 and accuracy is 0.6441. Performance
is strongest on high-support classes (especially
Sorrow) and weaker on rare classes. Most confu-
sions appear in lines with mixed affective cues, es-
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Year Sorrow  Disgust Joy Anger Fear Praise  Confusion
754 0.6659  0.0230  0.1590 0.0760 0.0161  0.0288 0.0311
755 0.6269  0.0206 0.1624 0.1161 0.0154  0.0226 0.0360
756 0.6018  0.0222  0.1519 0.1264 0.0287  0.0320 0.0369
757  0.5664  0.0288  0.1616 0.1592 0.0168 0.0344 0.0328
758 0.6297  0.0167 0.1862 0.0900 0.0136  0.0303 0.0335
759 0.6463  0.0199  0.1347 0.1168  0.0223  0.0291 0.0310
760  0.6388  0.0136  0.2097 0.0641 0.0078  0.0408 0.0252
761 0.6276  0.0444  0.1616 0.0887 0.0158 0.0333 0.0285
762 07024  0.0312  0.1239 0.0722 0.0166 0.0244 0.0293
763 0.6653  0.0116 0.1274 0.1126  0.0189  0.0242 0.0400
764 0.6403  0.0292  0.1278 0.1111  0.0278  0.0389 0.0250

Table 6: Year-wise primary emotion ratios (754-764).

Year Melan.  Grief Longing Heroic Asp. Romantic Aff.
757 01256  0.1528  0.0696 0.0608 0.0104
760  0.1456  0.0971  0.1029 0.0447 0.0155
761  0.1474 0.1252  0.0856 0.0380 0.0063
762 0.1824  0.1307  0.0985 0.0361 0.0049
764 0.1417 0.1486  0.0750 0.0375 0.0083

Table 7: Selected-year secondary emotion ratios around
key turning points.

pecially because the single-label projection com-
presses secondary emotions. This pattern reflects
the simplification of the diagnostic setting and
class imbalance, rather than a breakdown of the his-
torical trend signals.

Interpretative counts are directly validated in the
canonical table: Heroic Aspiration in 757 appears
76 times; Melancholy in 762 appears 187 times;
Romantic Affection in 762 appears 5 times. Repre-
sentative lines include B} ¥4 PI¥E, &5 AL,
and fFHER .

7 Humanities Interpretation and
Discussion

This section turns quantitative patterns into
literary-historical interpretation without claiming
deterministic causality.

7.1 762 as a Literary Turning Point

The yearly trajectory is not a simple one-way de-
cline. What we observe is a reweighting of emo-
tional expression under prolonged historical pres-
sure. The Sorrow surge in 762 aligns with inten-
sified war-aftershock memory and social disloca-
tion in poetic expression. To make the historical an-
chor explicit, our original Chinese manuscript cites
Zizhi Tongjian with the key chronology statement
(Sima, 1956):

VU H 2 5 5

TG R

Xuanzong died in the fourth lunar month and Su-
zong in the fifth, concentrating dynastic loss and
succession stress within a short span. This chronol-
ogy offers concrete historical context for the emo-



Poet Sent. Melancholy ~ Grief  Longing Heroic Aspiration
Du Fu 3738 0.1527 0.1709  0.0654 0.0441
Li Bai 1783 0.1063 0.1175  0.0595 0.0898
Liu Changqing 819 0.1783 0.0783  0.1123 0.0245
Cen Shen 747 0.1113 0.0799  0.0870 0.0656
Dugu Ji 276 0.1242 0.0752  0.1536 0.0523
Yuan Jie 272 0.0983 0.1838  0.0342 0.0085
Gao Shi 229 0.1018 0.1228  0.0632 0.0912
Qian Qi 200 0.1602 0.1068  0.1068 0.0534

Table 8: Top-8 poets by sentence count and selected sec-
ondary emotion ratios.

0.8

—&— Sorrow Joy —&— Anger

0.7
0.6 4
0.5

5 0.4
0.34
0.2

0.1+

0.0

754 756

Figure 1: Year-wise trend of three core primary emo-
tions (Sorrow, Joy, Anger).

tional downturn in our data and for the shift to-
ward the restrained tone later described as S ‘B
ii7%. The table-level correspondence is direct. In
Table 6, Sorrow peaks in 762 (0.7024), and Joy in
762 (0.1239) stays below its 760 peak (0.2097). In
Table 7, Melancholy peaks in 762 (0.1824), while
Romantic Affection reaches its minimum in 762
(0.0049). Our sentence-level count check further
reports Melancholy = 187 and Romantic Affec-
tion = 5 in 762. At the same time, Joy and Anger
do not disappear, which reminds us that crisis-era
poetic emotion is mixed, not monolithic.

Our main turning-point reading is centered on
762, a node that has been less explicitly fore-
grounded in prior An Lushan Rebellion emotion
studies. At this point, Sorrow reaches its yearly
maximum, Melancholy also peaks, and Romantic
Affection falls to its minimum, producing the clear-
est structural shift in the corpus. By comparison,
757 is best read as the beginning of the decline
in Heroic Aspiration rather than the full-system
turning point: the category still appears relatively
strong in the early war years, but then drops and
does not recover to pre-war levels. This keeps the
narrative consistent with both the annual counts
and the original manuscript: 757 marks the fad-
ing of High-Tang confidence, while 762 marks
the broader emotional restructuring toward grief-
oriented and inward-looking expression.

Heroic Aspiration (H:J&) is most visible around
755—757 and then declines, echoing the rise and
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fading of what Chinese literary history calls %
S 4. In Tang context, this category often overlaps
with frontier rhetoric, loyalty discourse, and moral
self-positioning. Its decline in later years, together
with rising Melancholy, is consistent with a shift
from mobilizing rhetoric to reflective and mourn-
ful expression.

From a literary-historical perspective, this pat-
tern is compatible with the transition from expan-
sive High-Tang voice to the more constrained and
self-reflective tone associated with later mid-Tang
poetics. Our contribution here is not to replace tra-
ditional periodization, but to provide a sentence-
level quantitative trajectory that makes this transi-
tion empirically inspectable.

7.2 Poet-Level Variation and Relational
Emotion Patterns

Poet-level heterogeneity is essential for humanities
interpretation. Du Fu’s high Melancholy+Grief
profile supports readings of historically grounded
poetic witness. Li Bai and Gao Shi retain relatively
stronger Heroic Aspiration, matching traditions of
expansive voice and frontier vigor. Thus, aggre-
gated temporal change should be read together
with poet-specific writing styles.

Another finding that echoes the original thesis
concerns JH /& (Longing). In Table 8, Longing is
relatively high for poets whose surviving lines in
this window are less centered on direct battlefield
narration (e.g., Dugu Ji and Liu Changqing). This
does not imply that these poets were detached from
historical crisis. Rather, it suggests that within the
same war-era corpus, different social locations and
communication contexts (farewell poems, corre-
spondence, local circles) can sustain different emo-
tional registers.

So the corpus is not emotionally homogeneous,
even under severe macro-political turbulence. The
coexistence of high Sorrow at year level and lo-
cally stronger Longing in some poet clusters sup-
ports a layered reading: “war pressure” structures
the overall field, while regional life-worlds and
poet networks still modulate the emotional surface
of individual lines. This is precisely where com-
putational aggregation and close reading become
complementary. This type of cross-scale contrast
is one place where the digital pipeline contributes
genuinely new humanities value, because it links
macro trend and micro poetic context within one
auditable analysis chain.



7.3 Genre Boundaries and Methodological
Implications

Romantic Affection remains low, with a clear
minimum in 762. This does not imply absence
of private emotion in Tang poetry; rather, within
this wartime-centered corpus slice, public history,
displacement, and political anxiety dominate the
available space of expression. This reminds us that
corpus framing matters when we make cultural
claims.

For DH readers, the point is not that embed-
dings are “more advanced” than word outputs.
The real issue is reliability of the evidence chain.
If one-word outputs are prompt-unstable, down-
stream yearly distributions can mix true temporal
signal with avoidable generation variance. By us-
ing embeddings for structure discovery and canon-
ical labels for aggregation, we reduce this variance
source and make claims easier to inspect and chal-
lenge. In that sense, representation choice directly
affects humanities validity.

8 Limitations and Ethics

Interpretive Scope and Causal Boundary. We re-
port structured correlations and trend alignments,
not deterministic historical causality. Computa-
tional patterns should complement, not replace,
close reading.

Data and Label Limitations. Supervised models
are trained on pipeline-generated silver labels. A
larger fully human-annotated benchmark is needed
for stronger external validity and significance test-
ing.

Category Construction Subjectivity. The 20-
cluster discovery step is data-driven, but the merge
to 18 labels includes human judgment. Another re-
search team may make slightly different merge de-
cisions at semantic boundaries.

Scope of Historical Generalization. Our obser-
vations are tied to the current corpus construction
and year window (754-764). They should be inter-
preted as evidence for this textual slice, not as a
full account of all Tang emotional history.
Reproducibility. All reported numbers are linked
to executable outputs and logs. To support double-
blind review, implementation details are not in-
cluded in the main submission and can be released
after acceptance.

Ethics. The study uses historical literary texts and
focuses on scholarly analysis. No personal sensi-
tive data is involved.
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9 Conclusion

We analyzed emotional change in Tang po-
etry around the An Lushan Rebellion with a
sentence-level, evidence-traceable pipeline. The
paper makes three linked points. First, compared
with coarse polarity-style analysis, a fine-grained
embedding-centered framework better fits Tang-
poetry emotion research and is more robust to
LLM generation instability. Second, the result-
ing temporal and poet-level patterns are consistent
with historical evidence, supporting the method’s
validity for humanities interpretation. Third, the
framework surfaces layered findings (e.g., macro
sorrow growth together with local longing stabil-
ity) that are hard to observe in coarse setups. More
broadly, the study shows a practical path for bring-
ing digital methods into humanities work without
flattening literary complexity: keep the evidence
chain transparent, keep categories interpretable,
and keep close reading at the center of final inter-
pretation.
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Item

Detail

Corpus provenance

Coverage

Sentence instances

Labels

Annotation check

Project corpus derived from
anshi_poems.csv and
anshi_annotated.xlsx; yearly
aggregation is computed from
anshi_analysis.xlsx.

616 poem records, 47 poets, 11 an-
nual bins (754-764).

9,965 sentence instances before final
alignment; 10,122 annotated rows af-
ter manual line splitting.

18 fine-grained labels, 0-3 labels per
sentence.

200-sentence sample by two annota-
tors; OA 0.970, Cohen’s k = 0.796.

Table 9: Corpus provenance and annotation facts.

Label Macro

i Sorrow
Lhrpein Sorrow
(25% Sorrow
HERK Sorrow
s Sorrow
A Sorrow

L Sorrow
YLIA Disgust

=1 Joy

Za Joy

HE S Joy

Wil Joy

2=E Joy

N Anger
TR Anger
Ttk Fear

S Praise
I Confusion

Table 10: The 18 labels and their 7-class mapping.

A Data and Annotation Details

The 18-label inventory is the canonical annotation
space; the 7-class view is only a derived reading

layer for macro trends.

B Prompts

Prompt A (full text).

Source:  scripts/run_api_word_stability.

py

AU — A P SOG4 S R ) 10 2 205

o

AERE, DR, ARSI,

A (line)
B

Prompt B (full text).

Source: scripts/run_api_word_stability.

py

PR W ML AR RS 2B AR T B T
TRORE T T ) A T DT v SR AR

(RAF—ANH) o

SRILMERE. ARIbA) T AR IEE A

4] {line}
15 I -
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18-label annotation prompt (full text).
Source: scripts/annotate.py
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R E=VJIN
U

Vs S M
R B )
b %ﬁ%ﬁgﬁﬁ
R 58]

S AL BT
R BRI AR
W A SR
R R I

b ARTEDL i
i##m): 7 {poem_line}”
## HH (X JSON):

Line-selection prompt (full text).
Source: scripts/emopoem_get.py

AR LU PR A, 43 3k X b
FIR T B AR

H RN A

{content}

IGELE

Pt BT A 1 Rt ) B AR ) AT, BRR™
A — AR AR A

%%%Mﬂ S5 IS R 4 B — AN R
AT DU A A 2R, AR T T
FEALE PRI 75 o

TP AE A LU JSON A%k (GZ4egidd)
AREFE X — A& LLAM AT T E A P 25 :

[

{"poem”:” 4] 17},

{’poem”:” #h] 27}

]



129 125 127 153
0 BRILEMEE 1 BELELRK 2 REAREK 3 IRt
153 182 146 242
4 PUEREE AR 5 kAR 6 EIRSAMR 7 AR
155 126 102 199
8 Eg’ﬁﬁ Hi A B 9 {%Ifl?ﬂﬂi—'ﬁﬁ%i 10 %?ﬂiﬁ@% 1 gﬂéﬁz@iﬁ%‘
5
12 EERELR 13 g 14 FHERKH W 15 SR
257 132 219 123
16 AL 17 BEGTHA 18 AERIREIEINE 19 PEEATRK
Table 11: Compact inventory of the 20 embedding clusters (size and one representative line each).
Year-wise secondary emotions
0.2 T T T
—@— Melancholy
0.15 —— Grief
° —a— Longing
é 0.1 A —— Heroic Aspiration
-~ . —o— Romantic Affection [
5.1072¢— —T T py —
+ — - +
— © © © o —&— e e o o
754 755 756 757 758 759 760 761 762 763 764
Poet-level sectitdary emotions
T 1] ‘ [
- u
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& 1 % Grief :
[ .
) — Longing |
J r = Heroic Aspiration | |
| I \ ‘
0 2.1072 4-1072 6-1002 8.102 0.1 0.12 0.14 0.16 0.18 0.2
Ratio

Figure 2: Visual summaries for the secondary-emotion tables in the main text.
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