
Multidimensional semantic retrieval of classical
Chinese poetry for literary heritage discovery
Zhaojiang Wang 

Shanghai Normal University
Chen Ma 

Shanghai Normal University
Wei Duan 

Shanghai Normal University
Zongzhe Wang 

Shanghai Normal University
Aihua Sun 

Shanghai Normal University
Wei Dai 

Shanghai Normal University
Xiaping Wu 

Shanghai Normal University
Hengnian Qi 

Huzhou Normal University

Article

Keywords:

Posted Date: November 11th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11510169/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-11510169/v1
https://doi.org/10.21203/rs.3.rs-11510169/v1
https://doi.org/10.21203/rs.3.rs-11510169/v1
https://creativecommons.org/licenses/by/4.0/


1 

Multidimensional semantic retrieval of classical Chinese poetry 1 

for literary heritage discovery 2 

Zhaojiang Wang¹˒², Chen Ma¹, Wei Duan¹, Zongzhe Wang¹, Aihua Sun¹, Wei Dai¹, Xiaping Wu¹ and Hengnian Qi²* 3 

¹ School of Humanities, Shanghai Normal University, Shanghai 200234, China 4 

² School of Artificial Intelligence, Huzhou Normal University, Huzhou 313000, China 5 

Correspondence: Hengnian Qi (qihengnian@foxmail.com) 6 

Abstract 7 

Classical Chinese poetry expresses meanings that keyword searches often miss. We construct a retrieval dataset 8 

covering emotion, authorial intent, theme and thought, and develop an embedding optimization method for 9 

literary heritage discovery. Large language model analyses, semantic sampling, multi-model candidate pooling 10 

and four-level relevance annotation produce 29,080 queries. Human annotation provides a gold test set of 8,400 11 

query–poem pairs. Gain-aware Listwise Ordinal Loss (GLO) combines graded-gain listwise supervision with 12 

constraints on similarity-score gaps between relevance levels. Using Qwen3-Embedding-0.6B, default GLO 13 

achieves the highest macro-averaged normalized discounted cumulative gain at 10 (nDCG@10) at relevance 14 

thresholds 1 and 2 across three evaluation resources. When only highly relevant, grade-3 poems qualify, the 15 

human gold score increases from 0.174 to 0.391; LambdaLoss@10 scores slightly higher. The dataset and 16 

method support the discovery and comparison of poems according to different aspects and degrees of semantic 17 

relevance. 18 

Introduction 19 

Classical Chinese poetry records emotional experiences, values and aesthetic expression across historical periods 20 

and forms an important body of literary heritage. Digitized collections give researchers access to large numbers 21 

of poems and create a need for retrieval that responds to specific semantic questions. Researchers may seek 22 

poems expressing different emotional attitudes toward a shared theme or compare authorial intent and thought 23 

behind similar imagery. Searches by author, title and keyword help locate known works, while predefined labels 24 

support browsing within established categories. Detailed semantic needs require retrieval beyond these access 25 

points. Fig.1 illustrates how dimension-specific retrieval connects semantic research questions with poems for 26 

comparative reading and cultural interpretation. 27 
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 28 

Fig. 1 | Multidimensional semantic retrieval for literary heritage discovery. a Literary research needs expressed through emotion, 29 
authorial intent, theme and thought; b semantic matching and ranking of related poems from a digitized collection; c use of retrieved 30 
poems for discovering related works, comparing authors and periods, and interpreting cultural meanings. Historical image details were 31 
obtained from the Smithsonian’s National Museum of Asian Art (https://asia-archive.si.edu/object/F1911.166j/) and The Metropolitan 32 
Museum of Art (https://www.metmuseum.org/art/collection/search/36131). All source images are in the public domain and are provided 33 
under CC0; details were cropped and arranged for this figure. 34 

Recent heritage research has begun to use the layered semantics of poetry. Poe2CLP combines phrase-level 35 

attention and cross-modal semantic alignment to generate landscape paintings1. Xu and Zhou integrate emotional, 36 

imagery and rhetorical features with consistency evaluation for poetry visualization2. Yan et al. extract cultural-37 

space semantics from a large poetry corpus and demonstrate their interpretive use through Yellow Crane Tower 38 

materials3. These studies emphasize visual transformation or the interpretation of particular cultural spaces. We 39 

address the preceding problem of material discovery: retrieving original texts for an explicit semantic need and 40 

distinguishing degrees of relevance, thereby providing traceable candidates for close reading, comparison and 41 

heritage interpretation. 42 

Poetry retrieval faces vocabulary mismatch, where a query and a relevant poem express related meanings using 43 

different words, as well as relevance that varies with the requested semantic dimension. Two poems may share 44 

a theme but differ emotionally, or share imagery while expressing different ideas. Foley identifies topic, event, 45 

mood, metadata and other queries, including combinations of these needs4. ACP-RAG constructs 180,000 46 

positive and 500,000 negative pairs and fine-tunes BERT-Guwen models for coarse semantic retrieval and fine-47 

grained reranking using the binary cross-entropy implementations BCELoss and BCEWithLogitsLoss, 48 

respectively5. Its retrieval-augmented question-answering setting differs from our separate evaluation of four 49 

semantic dimensions and relevance grades. Dense retrieval represents queries and documents as numerical 50 

vectors, or embeddings, in a shared space6 and supplies materials for retrieval-augmented generation7. Domain-51 

specific data and human judgments are needed to evaluate these semantic distinctions in poetry retrieval. 52 

Relevant experience exists in scientific document representation and retrieval8,9, cultural-memory 53 

representation10, and legal11, financial12, commercial13,14, code15 and biomedical16,17 applications. Retrieval 54 

resources combine logged, human-written and synthetic queries, as illustrated by MS MARCO18, DuReader-55 

retrieval19, T2Ranking20, Multi-CPR21, TyDi QA22, MIRACL23 and CIRAL24. Large language model (LLM) 56 

query construction and rewriting25,26,27, multi-retriever pooling28,29, hard-example refreshing and relabeling30,31,32, 57 

and shallow pooling33 provide foundations for domain resource construction. Because poetic meaning admits 58 
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interpretive variation, automatic judgments also require human assessment of their grading scales and 59 

biases34,35,36,37,38. 60 

Training objectives specify how a model adjusts similarity scores to match relevance judgments. InfoNCE learns 61 

through positive–negative comparisons39, but its standard binary setting does not explicitly distinguish degrees 62 

of relevance among positive examples. Learning-to-rank methods40 model relevance at three levels: pointwise 63 

methods assess individual query–document pairs, pairwise methods compare two candidates, and listwise 64 

methods consider a candidate list jointly. Soft-label contrastive learning41 and MarginMSE42 transfer teacher-65 

model judgments through candidate distributions and positive–negative score differences, respectively. 66 

RankNet43 and PairDistill44 learn pairwise relations, while LambdaLoss45 introduces weights tied to ranking 67 

metrics. ListNet46 constructs a loss from ranking probabilities; RocketQAv247 matches list distributions to jointly 68 

train retrieval and reranking models; SyCL34 combines multigrade synthetic documents with a Wasserstein-based 69 

objective. BiXSE48 fits continuous relevance targets using pointwise binary cross-entropy with a bias term in the 70 

scoring function. Mine and Refine31 combines label-aware supervised contrastive learning and multiclass Circle 71 

Loss with grade-dependent similarity boundaries, while WeMM-Embedding49 weights CoSENT-style ranking 72 

terms by relevance-score differences. These approaches motivate combining listwise supervision with explicit 73 

score gaps between relevance levels. 74 

We construct a retrieval resource covering emotion, authorial intent, theme and thought. LLM analyses provide 75 

proxy queries, which undergo semantic cluster sampling, multi-model candidate mining and relevance annotation 76 

from 0 to 3. Independent assessments by three annotators and adjudication establish a human gold test set. We 77 

then introduce Gain-aware Listwise Ordinal Loss (GLO), combining graded-gain listwise supervision with 78 

similarity-margin constraints between grades. Comparisons across general-purpose models and training 79 

objectives assess the retrieval performance of an adapted lightweight model. Fig.2 summarizes the workflow. 80 

The experiments ask whether general-purpose models distinguish these semantic dimensions, whether GLO 81 

improves retrieval over alternative objectives, and how its two components and the fine-tuning strategy affect 82 

performance. 83 

Methods 84 

Source corpus and four retrieval perspectives 85 

The dataset covers four semantic perspectives. Emotion concerns the feelings expressed in a poem; authorial 86 

intent concerns its expressed communicative or creative purpose; theme concerns its subject; and thought 87 

concerns the ideas or values it articulates. Each query addresses one perspective. A candidate pool is a set of 88 

poems selected for relevance annotation for that query. The training set supports model fine-tuning, the silver 89 

test set uses automatic relevance labels, and the gold test set uses final human judgments. A pool-completion 90 

subset extends the judgments for selected silver queries by adding retrieved poems outside their original pools 91 

(Fig.2). 92 
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Fig. 2 | Construction of the four-dimensional poetry retrieval dataset. 1 LLM-based analysis of source poems; 2 analysis encoding, 94 
semantic clustering and query sampling; 3 candidate pooling from ten retrieval models; 4 dataset splitting and four-level relevance 95 
annotation. Candidate poems are merged and ranked by cross-model retrieval frequency and best rank, with the source poem excluded 96 
before retaining 20 candidates per query. 97 

The source is the open poetry collection compiled by Chen Yiyun and distributed through the Chinese Ancient 98 

Books Knowledge Graph website (https://cnkgraph.com/Home/OpenResources). Filtering the genre field 𝑇 for 99 

regulated verse (lüshi), Chinese quatrains (jueju), and ancient-style verse (gufeng) yields 965,563 poems. Each 100 

record retains a unique identifier, title, author, dynasty, text and genre. These records support query generation, 101 

sampling and candidate discovery. The source document collection is defined as follows: 102 

 � = {��}�=1
  (1) 

Here, � denotes the source poetry collection, � = 965,563 is the number of poems, and �� is its �th poem. A 103 

poem record is represented as: 104 

 �� = (��, ��, ��, ��) (2) 

Here, ��, ��, �� and �� denote the title, author, poem text and other metadata, respectively. Source poems are 105 

used to generate proxy queries and identify neighboring poems in the analysis representation space. Dimension-106 

specific retrieval corpora are then constructed for candidate mining and evaluation. 107 

LLM-generated queries, documents and hard negatives provide training data for embedding models50,51. We use 108 

dimension-specific prompts to analyze source poems for authorial intent, theme, emotion and thought, and treat 109 

each analysis as a proxy query for the corresponding poem. Some analyses are rewritten and shortened by an 110 

LLM to resemble a retrieval query. Here, a proxy query is a textual statement of a poem’s meaning in one 111 

dimension, used as a search request; the poem from which it is generated is called its source poem. The resulting 112 

poem–query record is: 113 

 �� = (��, ��),  �� = {��, 𝑇�, ��, ��} (3) 
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Here, �� pairs poem �� with its proxy-query set ��. The texts ��, 𝑇�, �� and �� represent authorial intent, theme, 114 

emotion and thought, respectively. 115 

Query encoding and semantic clustering 116 

Qwen3-Embedding-8B51 separately encodes each dimension’s analyses. Vectors are L2-normalized. A Faiss 117 

IndexHNSWFlat index is built for each dimension using inner product similarity. Spherical k-means clusters 118 

the normalized analysis vectors; cluster counts are selected independently for each dimension. Clustering groups 119 

analyses with similar meanings, allowing subsequent sampling to cover varied semantic needs while limiting 120 

repeated formulations. 121 

Cluster selection has two stages. Candidate counts are screened on random subsamples using objective curves, 122 

cosine-distance silhouette scores, and stability across runs measured by adjusted Rand index (ARI) and 123 

normalized mutual information (NMI). On a fixed subsample, semantic separation, silhouette score, objective 124 

value and minimum cluster size receive weights of 40%, 25%, 20% and 15%. Indicator directions are aligned 125 

and values min–max normalized before aggregation; manual checks inform the final selection. Counts are 800 126 

for intent, 1,500 for emotion, 900 for theme and 800 for thought. 127 

Stratified sampling and granularity control 128 

Stratified sampling balances query quality, semantic coverage and granularity. Text prefiltering, offline threshold 129 

calibration and online sampling are combined with cluster quotas and semantic deduplication to reduce repeated 130 

high-frequency meanings and similar expressions. 131 

Prefiltering removes empty, punctuation-only, unusually short or long, failed, template-like and excessively 132 

repetitive analyses. Length and character-diversity thresholds vary by dimension. Pilot samples proportional to 133 

cluster size provide neighbor-structure measurements after self-matches are removed. Empirical quantiles and 134 

preset boundaries define screening intervals; simulated filtering checks the acceptance rate. 135 

Online sampling draws unprocessed candidates in stratified batches. Hard filters constrain neighbor counts at 136 

cosine similarity thresholds of 0.90, 0.92 and 0.95, the proportion of the nearest 50 neighbors in the same cluster, 137 

and the count in the effective similarity domain. That domain contains neighbors with similarity at least 0.85, 138 

whose count must reach the pilot-calibrated minimum. Table 1 gives the high-similarity count and same-cluster 139 

intervals. 140 

Table 1 | Filtering intervals for neighbor counts and cluster proportions 141 

Dimension Neighbors ≥0.90 Neighbors ≥0.92 Neighbors ≥0.95 Same-cluster fraction in top 50 

Intent 3–800 1–500 0–118 0.18–0.98 

Emotion 32–800 3–500 0–200 0.14–0.98 

Theme 3–800 1–500 0–200 0.18–0.98 

Thought 7–800 1–500 0–200 0.22–0.98 

Soft filters constrain the similarity difference between the 10th and 50th neighbors, the coefficient of variation 142 

(CV) within the effective domain, and the minimum 10th-neighbor similarity (Table 2). The 50th-neighbor upper 143 

bound is a calibration record rather than an active filter. Together, hard and soft filtering reduce overly broad 144 

queries and queries with insufficient neighborhood support. 145 
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Table 2 | Calibration parameters for neighbor similarity distributions 146 

Dimension 
10th–50th 

similarity gap 
Effective-domain CV 

10th-neighbor 

minimum 

50th-neighbor 

upper bound 

Intent 0.0080–0.0276 0.0097–0.0238 0.8736 0.9591 

Emotion 0.0064–0.0208 0.0088–0.0200 0.9109 0.9777 

Theme 0.0050–0.0352 0.0125–0.0348 0.8838 0.9940 

Thought 0.0050–0.0262 0.0102–0.0247 0.8973 0.9901 

Surviving candidates undergo quota and deduplication checks. A cluster quota is the ceiling of target query count 147 

multiplied by cluster size proportion and a buffer coefficient. A query is accepted only if its quota is unfilled and 148 

its maximum cosine similarity to previously accepted queries in the dimension does not exceed the deduplication 149 

threshold. Thresholds are 0.87, 0.90, 0.89 and 0.89 for intent, emotion, theme and thought. Sampling stops at the 150 

target or when candidate batches are exhausted. Query text, source and cluster identifiers, screening metrics and 151 

rejection reasons are retained. The sample comprises 29,080 queries covering 3,773 clusters; coverage ranges 152 

from 90.9% to 97.6% (Table 3). 153 

Table 3 | Query sampling and semantic cluster coverage 154 

Dimension Clusters Sampled queries Covered clusters Coverage (%) Deduplication threshold 

Intent 800 7,120 781 97.6 0.87 

Emotion 1,500 7,491 1,390 92.7 0.90 

Theme 900 7,914 875 97.2 0.89 

Thought 800 6,555 727 90.9 0.89 

Total 4,000 29,080 3,773 — — 

Cluster coverage is the percentage of clusters represented by at least one sampled query. 155 

Dimension corpora and candidate mining 156 

Dimension-specific corpora control mining and evaluation costs. Each sampled query searches the full analysis 157 

index of its dimension. After removing its source-poem self-match, the top 10 neighbors identify additional 158 

poems. The union of these poems and all query source poems, deduplicated by identifier, forms the shared corpus 159 

for that dimension. Analysis similarity only identifies potential candidates; relevance is judged from the query 160 

and poem text. 161 

Emotion, intent, theme and thought corpora contain approximately 79,000, 76,000, 83,000 and 69,000 poems, 162 

respectively; overlap across corpora is allowed. These document collections remain fixed for subsequent mining 163 

and retrieval evaluation. Only selected query–poem pairs receive four-level judgments. The design emphasizes 164 

fine semantic discrimination among plausible neighbors while controlling computation and annotation costs. 165 

Ten embedding models reduce dependence on one retriever: EmbeddingGemma52, KaLM-Embedding-V2.553,54, 166 

multilingual-e5-large-instruct55, jina-embeddings-v5-text-small56, Qwen3-Embedding-0.6B, -4B and -8B51, 167 

Linq-Embed-Mistral57, e5-mistral-7b-instruct58, and KaLM-Embedding-Gemma3-12B-251153. 168 

Each model independently retrieves the top 20 poems for each query from the corresponding dimension-specific 169 

corpus. Results are merged and deduplicated by poem identifier. Candidates are ordered by the number of models 170 

retrieving them, in descending order, with ties resolved by their best rank across models, in ascending order. 171 

After excluding the source poem, the first 20 candidates are selected for labeling. Existing positive or negative 172 

judgments for candidates in the pool are retained. This strategy combines cross-model retrieval consensus with 173 

ranking information. 174 

The 20 candidates and one source poem form a core annotation package. Four levels distinguish highly relevant, 175 

strongly relevant, weakly relevant and irrelevant matches. Irrelevant candidates supply explicit hard negatives. 176 
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These negatives are considered hard because retrieval models rank them highly even though relevance annotation 177 

finds them unsuitable for the query. 178 

For source poem �� with proxy-query set �� = {��, 𝑇� , ��, ��}, the annotation package associated with query  ∈179 �� is defined as: 180 

 
ℬ�, = ( , {��} ∪ $�, ),|$�, | = 20,  �� ∉ $�,  (4) 

Here, ℬ�,)  denotes the annotation package, and $�,) denotes the corresponding set of candidate poems after 181 

deduplication and exclusion of the source poem. Each package contains one query and 21 poems. Query–poem 182 

pairs receive ordinal relevance labels from 0 to 3 according to the query’s semantic dimension. 183 

Dimension-specific annotation prompts share the grade structure in Table 4 while adapting the criteria to each 184 

dimension. Before full annotation, 100 queries and their 20 candidates per dimension are scored by DeepSeek-185 

V3.2, GPT-5.4 mini and Doubao Seed 2.1 Pro, selected for comparable annotation costs. Their median serves as 186 

a proxy reference on pairs whose score range does not exceed one grade. Spearman correlation, mean absolute 187 

error, severe-disagreement rate, positive-class F1 and leave-one-model-out bias inform the choice of DeepSeek-188 

V3.2 for automatic annotation. Human gold assessment is conducted separately as described below. 189 

Table 4 | Four-level relevance criteria for query–poem pairs 190 

Score Grade Criterion 

3 Highly relevant 
Accurately and fully captures the requested dimension, with clear textual evidence and no subst

antial deviation. 

2 Strongly relevant 
Broad agreement in the requested dimension; slightly broader or narrower scope or minor devia

tions are allowed. 

1 Weakly relevant 
Only partial overlap in meaning, imagery or another dimension, with weak evidence for the req

uested dimension. 

0 Irrelevant Clearly mismatched in the requested dimension, or insufficient textual evidence for relevance. 

Human annotation and quality control 191 

A smaller human gold set provides the primary evaluation alongside larger automatically labeled resources. We 192 

randomly sample 100 queries per dimension, totaling 400 queries. Each includes 20 mined candidates and one 193 

source poem, giving 8,400 pairs. The human annotation and quality-control workflow is summarized in Fig.3. 194 
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Crowdsourced Annotation Workflow for the Gold Test Set (with Quality Control, Final Aggregation, and Arbitration)

0 Preparation

1 Guidelines & Anchor Examples

- Draft the annotation manual

- Define anchor examples and decision 

  criteria

- Dual confirmation by the expert team

2 Full Annotation by Three Models (QC Anchors)

- Three models annotate independently
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- Produce three-model annotation results

3 Construct Hard Anchors

- Hard anchors: unanimous agreement, 

  or range   1

- Reference score: median of the three 

  model scores

4 Release Annotator Handbook & 

Launch Interface
- Task instructions and scoring rules

- Annotation interface (1 query + 20 

  candidates + 1 source poem)

- Attention checks and timing rules

1 Annotator Recruitment & Qualification

1 Recruit Annotators

- Students in language and literature

   disciplines

- Undergraduate, master's, or doctoral

   students

2 Qualification Test (Hard Anchors)
- Two formal packages

- Total hard-anchor pairs   20

- Metrics:

  Exact   60%, Adj±1   90%

  |bias|   0.35

3 Qualification Outcome

- Pass: enter main annotation

- Fail: removed or retrained before

  retest

Qualification is based only on hard anchors

Hard anchors:
unanimous agreement or range      scored 

against the three-model median

Soft reference:
two-model majority with a   2-point 

disagreement; not scored

Not assessed: range = 2 without a majority, or range = 3; 

excluded from scoring

2 Main Annotation (with Online QC)

1 Receive Task Package

- 1 query + 20 candidates + 1 source poem

- Source poem position is randomized

- Package cannot be split

- By-dimension assignment

- 3-way redundant annotation per package

2 Annotation Execution

- Score using the 4-level rubric (0-3)

- 21/21 complete submission

- Minimum dwell time: 10 s per poem

- Source-poem attention check: score   2

- Reference time: 8-15 min per package

3 Online Scoring & QC

- Score only the hard-anchor subset H

- Compute: Exact, Adj±1, bias

- Record: n_hard, adj1_pkg, bias_pkg

4 Rolling Online QC

- Window: latest  100 hard-anchor pairs

- Pass: Adj±1   85%; |mean bias|   0.5

- Before 100 pairs: warning only

Behavior Monitoring (Real Time)

Total package time < 4 min

  Warning

Dwell time < 10 s per poem

  Scoring disabled

Source-poem attention failures 

>= 10/day   Day ban

Missing scores (< 21/21)

  Reject
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Continue annotation
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Trigger remediation workflow

Remediation Workflow
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reduce workload

2 Invalidate recent submissions

3 Retraining (study instructions 

and examples)

4 Retest (1 formal package)

5 Reinstatement (after passing 

retest)

Fail the retest twice   removed

3 Label Aggregation & Arbitration

1 Three Independent Annotations Completed 

(per package)

- Three annotators complete independently

2 Aggregation Rules (pair level)

- Range   1: use the median

- One pair agrees and the third differs by    2: use the majority score

- Range = 2 with no majority: expert arbitration

- Range = 3: expert arbitration

3 Professional Annotator Arbitration

- Paper authors and doctoral students

- Arbitrate cases with range = 2 and no majority, or range = 3

- Provide the final label

 195 

Fig. 3 | Human annotation and quality control for the gold test set. 0 Preparation of the annotation rubric and model-consensus 196 
anchors; 1 annotator recruitment and qualification; 2 independent annotation with rolling quality control; 3 label aggregation and expert 197 
adjudication. Each package contains one query, 20 candidate poems and one source poem and is scored independently by three annotators. 198 

Packages are assigned by dimension, with three trained annotators independently scoring all 21 poems. Source-199 

poem positions are randomized. Two experts confirm anchor examples and grade boundaries in the shared 200 

annotation handbook. Valid submissions come from 46 students in linguistics, literature and related programs: 201 

20 undergraduates, 16 master’s students and 10 doctoral students. Main annotation ran from 18 July to 1 August 202 

2026; additional labeling and adjudication ended on 3 August. The median package time was 11.75 minutes, 203 

with 278.4 recorded person-hours excluding training, qualification tests and expert adjudication. Fig.4 shows the 204 

annotation interface. 205 

 206 

Fig. 4 | Crowdsourcing interface for query–poem relevance annotation. The original Chinese interface displays the query and its 207 
semantic dimension, candidate poem texts and the four-level relevance scale. Annotators score each poem independently and submit a 208 
complete query package. 209 
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Poetry relevance allows interpretive variation. Testing annotators directly on highly disputed pairs risks treating 210 

reasonable disagreement as poor quality. We therefore use pairs with relatively consistent model scores as hard 211 

anchors for qualification and online monitoring, to identify clear departures from the scoring rules. 212 

Before human annotation, Doubao-Seed-2.1-pro, DeepSeek-V3.2 and Qwen3.7-plus independently assign 213 

preliminary relevance labels to the 8,000 query–candidate pairs. Let *  be the pair set, and let +,( , �) ∈214 {0,1,2,3} denote model .’s score. The hard-anchor set and its reference scores are defined as: 215 

 
ℋ = {( , �) ∈ *: max.  +.( , �) − min.  +.( , �) ≤ 1},9( , �) = median.∈{1,2,3}+.( , �),  ( , �) ∈ ℋ  (5) 

Reference scores are hidden from annotators and used only for quality control, not as final human labels. Pairs 216 

with substantial model disagreement are excluded from qualification scoring. 217 

Qualification requires two annotation packages containing at least 20 hard-anchor pairs. Relative to their 218 

reference scores, exact agreement must be at least 60%, agreement within one grade at least 90%, and the absolute 219 

mean signed bias no more than 0.35 grades. Only qualified annotators proceed to formal annotation (Fig.3, stage 220 

1). 221 

During annotation, a rolling window with at least 100 anchors requires within-one-grade agreement of at least 222 

85% and absolute mean signed bias no more than 0.5 grades. Smaller windows generate warnings only. The 223 

system checks completeness and viewing time; source-poem scores below 2 generate attention flags. Failed 224 

quality control pauses assignments; affected submissions are invalidated and reassigned, with retraining and 225 

requalification before resumption. 226 

When the three scores span at most one grade, their median becomes the final label. Remaining pairs meeting 227 

the majority rule take the majority score. Larger disagreements are reviewed by authors and doctoral researchers 228 

against the query, full poem and annotation rules; adjudication reasons are recorded. Raw scores, aggregation 229 

routes and anonymous annotator identifiers are retained. 230 

The three ratings for each of the 8,400 query–poem pairs yield 25,200 pairwise annotator comparisons. Exact 231 

agreement is 57.9%, agreement within one grade is 96.7%, and quadratically weighted kappa is 0.663. Most 232 

differences occur at adjacent grades. Median aggregation resolves 7,778 pairs (92.60%), majority voting 181 233 

(2.15%), and adjudication 441 (5.25%). 234 

Dataset splitting and expanded judgments 235 

After automatic annotation, queries are stratified by semantic cluster and divided approximately 8:2 into training 236 

and test sides within each cluster. Gold queries are removed from both sides. Training, silver and gold queries 237 

are disjoint; all candidates and labels move with their query. Gold labels are the final human judgments. 238 

The pool-completion subset contains 100 queries per dimension, 400 in total, sampled from the silver set by 239 

semantic cluster. For each sampled query, the top-10 poems retrieved by the ten models from the complete 240 

dimension-specific corpus are merged and deduplicated by poem identifier. The original 20 candidates and 241 

source poem are excluded, and all remaining poems receive additional DeepSeek four-level relevance judgments 242 

for that same query. The 20,889 additional query–poem judgments are merged with the original silver labels. 243 

Pool completion expands judgment coverage for selected silver queries rather than creating an independent query 244 

split (Table 5). 245 
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Table 5 | Label sources and uses of dataset subsets 246 

Subset Query allocation Relevance labels Use 

Training 
Training side within clusters, exclu

ding gold queries 
Automatic grades, mapped earlier posi

tives and default source labels 
Domain fine-tuning 

Silver 
Test side within clusters, excluding 

gold queries 
Same labeling rules as training 

Auxiliary evaluation and 

model selection 

Pool completion 
100 silver queries per dimension, 4

00 in total 
Silver labels merged with additional a

utomatic judgments 
Auxiliary evaluation with exp

anded judgments 

Gold 100 per dimension, 400 in total 
Three independent ratings, aggregatio

n and adjudication 
Primary evaluation 

GLO formulation 247 

A loss function guides training by penalizing similarity scores that disagree with the relevance labels. GLO 248 

combines two such signals. The listwise term allocates greater target weight, or gain, to more relevant poems 249 

within a query’s candidate list. The ordinal term penalizes score gaps that are smaller than the prescribed margins 250 

between higher and lower relevance levels. Together, they train the model to order candidates and distinguish 251 

the strength of their relevance. 252 

For query   in semantic dimension <, let �) = {��}�=1=>
 be its labeled candidate-poem set. Grades ?� ∈ {0,1,2,3} 253 

indicate irrelevant, weakly relevant, strongly relevant and highly relevant poems, respectively. The index sets 254 @) = {�: ?� > 0} and B) = {�: ?� = 0} identify relevant candidates and explicit hard negatives. The encoder 255 

produces L2-normalized query and poem vectors C) and C�. The model uses cosine similarity, so vectors pointing 256 

in similar directions receive higher matching scores: 257 

 +� = C ⊤C�,  ∥ C ∥2=∥ C� ∥2= 1 (6) 

Each training unit consists of a query and its complete labeled candidate list, deduplicated by poem identifier. 258 

The same poem can have different relevance grades for different queries or semantic dimensions. Let F) index 259 

candidates supplied by other queries in the batch after excluding poems already in �). These candidates have no 260 

relevance judgment for the current query  . A batch is a group of queries processed together during training. 261 

Candidates associated with the other queries broaden the alternatives against which the current query’s labeled 262 

poems compete. 263 

Gain-aware listwise supervision 264 

The exponential gain function .(?) = 2G − 1 maps grades 0–3 to gains 0, 1, 3 and 7. For relevant candidates 265 � ∈ @), normalized gains define the target distribution: 266 

 �� = .(?�)∑ .I∈@ (?I) ,   � ∈ @  (7) 

Let LM > 0 be the listwise temperature and 0 ≤ N ≤ 1 the competition weight for unjudged batch candidates. The 267 

relevant-candidate probability and query-level listwise loss are defined as: 268 

 

O� = exp(+�/LR)∑ expI∈@ ∪B (+I/LR) + N ∑ expT∈F (+T/LR) ,  � ∈ @ ,ℒlist( ) = − ∑ ���∈@ logO�  (8) 

Higher relevance grades receive greater target mass, while grade-0 candidates participate at full weight in the 269 

denominator. The parameter N adjusts the contribution of unjudged batch candidates to reduce interference from 270 
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potential false negatives. When N = 0 , only the current query’s labeled candidates are used. The target 271 

distribution uses the same gain function as graded DCG, without a rank-position discount. The temperature 272 

controls how concentrated the predicted distribution is: a lower value places more weight on the highest-scoring 273 

candidates. The batch-competition weight controls how strongly candidates from other queries enter the 274 

denominator. 275 

Ordinal constraints with nonuniform margins 276 

Nonuniform grade positions define target score margins: 277 

 
\0 = 0, \1 = 0.20, \2 = 0.75, \3 = 1.00,�9,+ = _(\9 − \+),   9 > +,  _ > 0  (9) 

The scale _ controls the target margins. The grade-2 versus grade-1 distinction receives the largest adjacent 278 

margin; nonadjacent margins follow the corresponding position differences. At _ = 0.16, the adjacent margins 279 

are �1,0 = 0.032, �2,1 = 0.088 and �3,2 = 0.040. 280 

For a pair of labeled candidates with ?e > ?f , define the margin violation as �ef = �Gg,Gh − (+e − +f). A 281 

temperature-smoothed Softplus penalty is then applied: 282 

 ℓ�j = Lklog (1 + exp (��jLk )) ,  Lk > 0 (10) 

When �ef > 0, the predicted score difference falls short of its target margin. As Lp → 0+, the penalty tends to 283 max(0, �ef). The temperature Lp controls smoothness near the margin boundary. 284 

To reduce the influence of unequal grade frequencies, pair penalties are averaged first within each relevance-285 

grade combination and then equally across the nonempty combinations. For each query, define: 286 

 
s9,+( ) = {(�, j): �, j ∈ @ ∪ B ,  ?� = 9,  ?j = +},ℛ = {(9, +): 9 > +,  |s9,+( )| > 0}  (11) 

The grade-combination and query-level ordinal losses are: 287 

 

ℒ9,+( ) = 1|s9,+( )| ∑ ℓ�j(�,j)∈s9,+( ) , (9, +) ∈ ℛ ,
ℒord( ) = 1|ℛ | ∑ ℒ9,+(9,+)∈ℛ ( )  (12) 

Every observed grade combination receives equal query-level weight, avoiding domination by combinations with 288 

more pairs. Ordinal supervision uses only judged candidates; it does not assign grade relations to unjudged batch 289 

candidates. 290 

Joint training objective 291 

Let vord ≥ 0 control the ordinal component. The query-level and batch-level objectives are: 292 

 

ℒGLO( ) = ℒlist( ) + vordℒord( ),ℒbatch = 1|�F| ∑ ℒGLO ∈�F ( )  (13) 

Here, ��  is the set of valid queries in the batch. Equation (7) requires @) ≠ ⌀, so queries without relevant 293 

candidates are excluded from the batch loss. If ℛ) = ⌀, the query’s ordinal loss is set to zero. The listwise 294 
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component allocates supervision using graded gains, and the ordinal component penalizes insufficient score 295 

differences between grades. At inference, poems are ranked using the cosine similarity in Equation (6). 296 

Comparator objectives 297 

The experiments first evaluate the ten models used for candidate pooling without domain fine-tuning. They then 298 

compare training objectives using the same Qwen3-Embedding-0.6B starting model and the same underlying 299 

graded training resource. Each objective organizes samples according to its training requirements, as described 300 

below. This comparison examines how the objectives use relevance supervision to improve the same model 301 

architecture. Separate experiments compare the graded training pipeline with binary hard-negative training after 302 

one epoch and assess LoRA adaptation on lower-memory hardware. 303 

RankNet43 uses pairwise logistic ranking to score a higher-grade poem above a lower-grade poem for the same 304 

query. Pair losses are averaged within grade combinations and then equally across nonempty combinations. 305 ������ 59 uses listwise cross-entropy between a relevance target proportional to 2G� − ��  and a Softmax 306 

distribution of temperature-scaled cosine scores. Independent values �� ∼ �[0,1] are drawn for each candidate 307 

on every forward pass. Each query’s complete labeled candidate pool forms the training list. 308 

LambdaLoss@K60 adjusts pair weights using graded gain differences, predicted ranks and the cutoff, retaining 309 

supervision involving candidates outside the top �. We use � = 10 and cross-grade pairs within each pool. 310 

Deduplicated candidates from other queries that have no judgment for the current query are treated as grade-0 311 

batch negatives. 312 

SyCL-WS234 uses batch-level distribution matching based on the squared 2-Wasserstein distance. Only queries 313 

with candidates at all four relevance grades are used. Six training groups are sampled per query, each containing 314 

four poems ordered by grades 3, 2, 1 and 0. Each batch contains queries from the same semantic dimension. 315 

Softmax distributions are computed from temperature-scaled similarities and relevance labels, and their squared 316 

2-Wasserstein distance defines the loss. 317 

Score-gap-weighted CoSENT (SGW-CoSENT)49 weights ranking terms by relevance-grade differences. 318 

Comparisons are restricted to one query’s full judged pool to avoid direct comparisons of similarity scales across 319 

queries. Within-query cross-grade errors form a query loss, then losses are averaged over queries. 320 

Training and evaluation settings 321 

Main experiments use one NVIDIA RTX PRO 6000 GPU with 96 GB GPU memory and 110 GB system 322 

memory. All fine-tuning starts from Qwen3-Embedding-0.6B and the 22,828 training queries. The stored 323 

resource retains full grade-0–3 pools without truncation or additional random negatives from the corpus. Sample 324 

use follows the objective-specific rules above. Full model parameters are updated. Queries use dimension-325 

specific instructions; poem inputs concatenate dynasty, author, title and text. The exact query instructions and 326 

input formats are provided in Supplementary Note 1 and Supplementary Table S1. The query instruction specifies 327 

the requested semantic perspective, so the same poem can be ranked differently for emotion, intent, theme or 328 

thought. The model encodes the query and poem independently; it does not require an LLM to generate relevance 329 

judgments at retrieval time. 330 

Main runs last three epochs, with 952 optimization steps per epoch and 2,856 steps in total. Query batch size is 331 

24, gradient accumulation 1, maximum sequence length 512 and encoding micro-batch size 32. AdamW uses 332 

learning rate 2×10⁻⁵, linear scheduling with 0.1 warmup proportion, weight decay 0.01, gradient clipping 1.0 and 333 

seed 42. Loss-specific settings are listed in Table 6. 334 

Table 6 | Objective-specific training parameters 335 

Method Objective-specific settings Batch negatives 

RankNet43 Pairwise temperature L� = 0.05 No 
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Method Objective-specific settings Batch negatives XENDCG59 Score temperature L = 0.06 No 

SGW-CoSENT49 Ranking coefficient �� = 20; numerical stabilizer � = 10−6 No 

LambdaLoss@1060 Cutoff � = 10; pairwise score coefficient � = 16.67 Yes 

SyCL-WS234 Prediction Softmax temperature L = 0.05; batch size 144 Yes 

GLO 
Listwise temperature LM = 0.06; batch-candidate weight N = 0.50; ordinal weight vord = 0.25; margin scale _ = 0.16; ordinal temperature Lp = 0.05 

Yes 

After each epoch, the same evaluation pipeline retrieves poems from each fixed dimension-specific corpus and 336 

reports nDCG@10 at minimum relevance grades 1, 2 and 3. Main checkpoints are selected by silver threshold-337 

3 macro-averaged nDCG@10, and the same checkpoint is evaluated on all three resources. The pool-completion 338 

subset shares its queries with the silver set. 339 

Corpus-wide retrieval searches every poem in the fixed corpus for the query’s dimension, rather than only its 340 

annotated candidate pool. The primary metric, nDCG@10, measures how well the first ten retrieved poems are 341 

ordered relative to their relevance judgments; it compares the retrieved ordering with an ideal ordering based on 342 

the available judgments, with higher scores indicating that relevant poems appear closer to the top. Thresholds 343 

1, 2 and 3 require a relevance grade of at least 1, 2 or 3, respectively. Threshold 1 includes weak matches, 344 

threshold 2 retains strongly and highly relevant poems, and threshold 3 retains only highly relevant poems. Scores 345 

are computed for each dimension and averaged equally across the four dimensions. Full-list candidate-pool 346 

nDCG instead evaluates the ordering of all judged poems in a query’s pool, without the top-ten cutoff. 347 

Results 348 

Resource scale and label quality 349 

The resource contains 29,080 distinct queries: 22,828 for training, 5,852 for silver evaluation and 400 for human 350 

gold evaluation (Table 7). The 400 pool-completion queries remain part of the silver set and are not counted 351 

again. 352 

Table 7 | Query counts and splits by dimension 353 

Dimension Training Silver Gold Total Pool completion 

Emotion 5,881 1,510 100 7,491 100 

Intent 5,578 1,442 100 7,120 100 

Theme 6,239 1,575 100 7,914 100 

Thought 5,130 1,325 100 6,555 100 

Total 22,828 5,852 400 29,080 400 

Pool-completion queries are included in silver and do not add independent queries. 354 

Each dimension contains 100 gold queries and 2,100 final judgments (Table 8). Grades 0–3 comprise 1,359, 355 

3,365, 2,759 and 917 pairs, respectively, or 16.18%, 40.06%, 32.85% and 10.92%. Grades 1 and 2 dominate, 356 

retaining partial and stronger correspondences rather than collapsing them into one positive class. Grades 1–3 357 

total 7,041 pairs; grade-0 pairs remain available as judged hard negatives. Fig.3 and Fig.4 document the human 358 

annotation workflow and interface. 359 
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Table 8 | Gold judgments and aggregation routes 360 

Dimension Queries Judged pairs Grades 1–3 Grade 0 Median Majority Adjudication 

Intent 100 2,100 1,653 447 1,944 37 119 

Emotion 100 2,100 1,855 245 2,003 35 62 

Theme 100 2,100 1,788 312 1,916 52 132 

Thought 100 2,100 1,745 355 1,915 57 128 

Total 400 8,400 7,041 1,359 7,778 181 441 

Final human labels provide a reference for estimating the agreement and bias of automatic relevance judgments. 361 

Candidate-poem scores and the default source-poem grade are assessed separately. 362 

The 8,000 mined candidate pairs from 400 gold queries are aligned with DeepSeek-V3.2 prelabels, excluding 363 

source poems. Exact agreement is 50.4%, agreement within one grade 94.2%, quadratically weighted kappa 364 

0.610, and mean absolute error 0.558 grades (Table 9). The mean automatic-minus-human difference is +0.168 365 

grades, indicating mild relevance overestimation. Exact agreement requires identical grades; agreement within 366 

one grade allows a one-level difference. Weighted kappa discounts chance agreement and penalizes larger 367 

grading differences more strongly, while mean absolute error reports the average size of the grade difference. 368 

Table 9 | Agreement between DeepSeek and final human labels 369 

Measure Estimate 95% CI 

Exact agreement 50.4% 49.3%–51.5% 

Within-one-grade agreement 94.2% 93.7%–94.7% 

Quadratically weighted kappa 0.610 0.596–0.623 

Mean absolute error (grades) 0.558 0.545–0.572 

Mean signed bias (grades) +0.168 +0.151–+0.185 

With human judgments as reference, precision, recall and F1 are 0.920, 0.882 and 0.900 at relevance threshold 370 

1, and 0.680, 0.828 and 0.747 at threshold 2. Automatic grade-3 labels account for 18.8% of candidate pairs, 371 

compared with 7.6% under human assessment. Thus, broad relevance is recognized more reliably than stronger 372 

relevance. At threshold 1, DeepSeek-V3.2 has the highest F1 among the compared models; Doubao-Seed-2.1-373 

pro and Qwen3.7-plus score 0.803 and 0.874. 374 

Training and silver labels assign source poems a default grade of 3. Human grades 0–3 for the 400 source pairs 375 

number 5, 21, 67 and 307, with a mean of 2.69. Default assignment achieves 76.8% exact and 93.5% within-one-376 

grade agreement, with mean absolute error 0.31 grades. Analysis errors and changes in query scope during 377 

rewriting can weaken correspondence to the source. Gold evaluation therefore uses the actual human source-378 

poem grade. 379 

Automatic labels provide scalable supervision but overestimate some high-relevance relations and source 380 

matches. Human gold evaluation supports the principal conclusions; silver and pool-completion resources 381 

provide auxiliary comparisons. Label provenance and human assessments are retained for verification. The 382 

following experiments therefore report all three evaluation resources, with the human gold set providing the 383 

primary reference for relevance. 384 

Dimension differences in general models 385 

The ten general-purpose embedding models differ substantially (Table 10). Qwen3-Embedding-4B leads at all 386 

thresholds on gold and silver, whereas Qwen3-Embedding-8B leads on pool completion. The 12B KaLM model 387 

does not surpass them, showing that parameter count alone does not determine domain retrieval performance. 388 

All ten models score lower as the minimum relevance threshold rises from 1 to 3, indicating a remaining 389 

challenge in retrieving highly relevant poems. Lightweight models generally perform less well. 390 
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Table 10 | Macro-averaged nDCG@10 of ten general-purpose models 391 

Model 
Gold Silver Pool completion 

1 2 3 1 2 3 1 2 3 

EmbeddingGemma-300M 0.290 0.255 0.188 0.261 0.239 0.194 0.366 0.323 0.224 

KaLM-embedding-multilingual-

mini-instruct-v2.5 
0.089 0.067 0.035 0.084 0.070 0.047 0.178 0.139 0.077 

multilingual-e5-large-instruct 0.201 0.160 0.112 0.187 0.166 0.125 0.325 0.276 0.173 

Qwen3-Embedding-0.6B 0.279 0.247 0.174 0.257 0.236 0.189 0.359 0.320 0.218 

jina-embeddings-v5-text-small 0.359 0.323 0.243 0.319 0.296 0.239 0.413 0.377 0.259 

Qwen3-Embedding-4B 0.457 0.427 0.313 0.431 0.413 0.349 0.510 0.485 0.364 

e5-mistral-7b-instruct 0.266 0.213 0.119 0.243 0.216 0.151 0.322 0.284 0.174 

Linq-Embed-Mistral 0.278 0.235 0.149 0.258 0.236 0.178 0.356 0.322 0.213 

Qwen3-Embedding-8B 0.438 0.413 0.293 0.409 0.392 0.332 0.534 0.511 0.391 

KaLM-Embedding-Gemma3-12

B-2511 
0.400 0.378 0.294 0.367 0.350 0.296 0.424 0.402 0.312 

1, 2 and 3 are minimum relevance-grade thresholds. Values are nDCG@10 macro-averaged across four dimensions. Bold denotes the 392 
largest reported value per column. 393 

Fig.5 shows dimension differences at relevance threshold 2. Most models score higher on authorial intent in the 394 

gold and silver sets and on theme in the pool-completion set; emotion and thought are relatively weaker. These 395 

results identify emotion and thought as priorities for domain adaptation. Further work should strengthen the 396 

modeling of emotional and intellectual expression through imagery, metaphor and cultural context, and expand 397 

fine-grained judgments and difficult examples for these dimensions. 398 

 399 

Fig. 5 | Retrieval performance of general-purpose embedding models across four semantic dimensions. a Gold test set; b silver test 400 
set; c pool-completion set. Results use a minimum relevance grade of 2. Cells report dimension-level nDCG@10 rounded to three decimal 401 
places; darker blue indicates higher performance. 402 
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Retrieval under different training objectives 403 

Default GLO improves over the unadapted base model in all nine conditions (Table 11). At threshold 3, absolute 404 

gains are 0.217, 0.186 and 0.143 on gold, silver and pool completion. The adapted 0.6B model also exceeds all 405 

ten unadapted models in Table 10 on gold and silver at threshold 3. 406 

Default GLO achieves the highest scores in all six conditions at thresholds 1 and 2, and outperforms RankNet, 407 

SGW-CoSENT, XENDCG  and SyCL-WS2 in all nine conditions. LambdaLoss@10 scores slightly higher at 408 

threshold 3 on each test set. Parameter ablations examine the effects of adjusting the ordinal and batch-409 

competition weights. 410 

Table 11 | Macro-averaged nDCG@10 across training objectives 411 

Method 
Selected  

Epoch 

Gold Silver Pool completion 

1 2 3 1 2 3 1 2 3 

Qwen3-Embedding-0.6B — 0.279 0.247 0.174 0.257 0.236 0.189 0.359 0.320 0.218 

RankNet 2 0.311 0.325 0.325 0.298 0.299 0.310 0.334 0.329 0.304 

SGW-CoSENT 2 0.298 0.312 0.319 0.284 0.286 0.296 0.317 0.313 0.291 XENDCG 2 0.255 0.271 0.290 0.247 0.250 0.267 0.284 0.281 0.269 

SyCL-WS2 3 0.351 0.359 0.331 0.346 0.344 0.338 0.384 0.377 0.331 

LambdaLoss@10 2 0.388 0.403 0.395 0.378 0.379 0.385 0.404 0.398 0.363 

GLO 3 0.393 0.405 0.391 0.381 0.380 0.375 0.411 0.404 0.361 

1, 2 and 3 are minimum relevance-grade thresholds. Values are nDCG@10 macro-averaged across four dimensions. Bold denotes the 412 
largest reported value per column. 413 

Main checkpoints are selected by silver threshold-3 macro-averaged nDCG@10 and evaluated on all three resources. 414 

At threshold 2, GLO leads on thought across all three resources and on theme in silver and pool completion 415 

(Fig.6). LambdaLoss@10 performs better on intent and on emotion in gold and silver. The thought results show 416 

a consistent advantage for GLO across evaluation resources. 417 

 418 

Fig. 6 | Retrieval performance of different training objectives across four semantic dimensions. a Gold test set; b silver test set; c 419 
pool-completion set. Results use a minimum relevance grade of 2. Checkpoints are selected by macro-averaged nDCG@10 at relevance 420 
threshold 3 on the silver test set. Red values and outlines identify the highest score for each dimension within each test set. 421 
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Ranking within annotated pools 422 

All training objectives improve full-list nDCG within the annotated candidate pools (Table 12). XENDCG achieves 423 

the highest values, 0.899, 0.899 and 0.904 on the gold, silver and pool-completion sets, respectively, although 424 

its corpus-wide retrieval performance is lower than that of GLO, LambdaLoss@10 and SyCL-WS2. Better 425 

ordering within a judged pool therefore does not necessarily translate into better corpus retrieval. GLO scores 426 

0.892, 0.885 and 0.894, exceeding the base model by 0.144, 0.137 and 0.122. These results show that its corpus-427 

wide retrieval gains coexist with competitive candidate-pool ranking. 428 

Table 12 | Full-list nDCG within annotated candidate pools 429 

Method Epoch Gold Silver Pool completion 

Qwen3-Embedding-0.6B — 0.748 0.748 0.772 

GLO 2 0.892 0.885 0.894 

SGW-CoSENT 2 0.891 0.896 0.901 

RankNet 3 0.890 0.896 0.902 

SyCL-WS2 3 0.865 0.869 0.877 

LambdaLoss@10 2 0.897 0.892 0.895 XENDCG 2 0.899 0.899 0.904 

Epochs refer to the candidate-pool ranking evaluation and differ from those used in the main corpus-retrieval 430 

comparison. 431 
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Composite thematic retrieval case study 432 

To examine retrieval of a composite theme, we analyze query 815996, which combines the grandeur of the 433 

Yangtze, reflection on dynastic change and farewell to a friend (Fig.7). The comparison traces how the leading 434 

results address these components and how related works move in the full-corpus ranking. 435 

 436 
Fig. 7 | Retrieval of a composite thematic query linking river imagery, dynastic change and farewell. a The two highest-ranked 437 
poems from the base model; b the two highest-ranked poems from the GLO-fine-tuned model. Quotations illustrate correspondence with 438 
the query’s thematic components. c Full-corpus rank changes for the source poem and two additional related poems, shown as base model 439 
→ GLO. Only the query and quoted verses are presented in both Chinese and English. 440 

The base model’s leading results match only parts of the query (Fig.7a). Matching Tang Youzhi’s Rhyme on His 441 

Departure for Hejin emphasizes river crossing and leave-taking, while Reflecting on the Past at Jingzhou 442 

emphasizes historical remembrance. Neither result brings together the query’s river imagery, dynastic reflection 443 

and farewell. In contrast, the first result from the GLO-fine-tuned model, On the Great River: Seeing Prefect 444 

Zhou Off, follows the requested thematic progression. “The vast river divides the lands of Wu and Chu” 445 

establishes the river’s grandeur; “How paltry the imperial glory of the Six Dynasties!” introduces reflection on 446 

historical change; and “With the river’s flow, I bid you farewell” returns to leave-taking (Fig.7b). 447 
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The improvement also extends to poems other than the query’s source. A Yangtze Journey: Seeing Du Zishi of 448 

the Revenue Ministry Off and Seeing Prefect Yang Daxun Off to Jiangnan combine river scenes, historical 449 

reflection and parting sentiment; their ranks rise from 92 to 2 and from 476 to 8, respectively (Fig.7c). Together 450 

with the source poem’s movement from rank 23 to 1, these changes extend the improvement from source-poem 451 

recovery to the discovery of other works with a similar organization of themes, illustrating the model’s handling 452 

of this composite semantic query. 453 

Objective parameter ablations 454 

Table 13 examines the ordinal loss weight vord. Among the tested values, vord = 1 achieves the highest score 455 

in all nine conditions. Relative to removing the ordinal term, gold-set gains are 0.008, 0.009 and 0.009 at 456 

thresholds 1, 2 and 3, with gains on the silver and pool-completion sets as well. The default value of 0.25 performs 457 

similarly to 0, indicating a limited additional benefit from the default ordinal weight. Increasing the weight to 10 458 

and then 100 lowers performance relative to 1. Within the tested range, a weight of 1 provides the best balance 459 

between listwise supervision and inter-grade margin constraints. 460 

Table 13 | Ablation of ordinal loss weight 461 vord 
Gold Silver Pool completion 

1 2 3 1 2 3 1 2 3 

0 0.394 0.406 0.390 0.382 0.380 0.375 0.413 0.406 0.364 

0.25 0.393 0.405 0.391 0.381 0.380 0.375 0.411 0.404 0.361 

1 0.402 0.415 0.399 0.383 0.381 0.376 0.416 0.409 0.367 

10 0.389 0.401 0.389 0.373 0.373 0.370 0.412 0.405 0.366 

100 0.328 0.340 0.334 0.326 0.327 0.331 0.369 0.365 0.334 

1, 2 and 3 are minimum relevance-grade thresholds. Values are nDCG@10 macro-averaged across four dimensions. Bold denotes the 462 
largest reported value per column. 463 

Table 14 examines the competition weight N for unjudged candidates from other queries in the batch. Raising N 464 

from 0 to 0.25 improves every condition; N = 1  achieves the highest score in all nine. Gold-set scores at 465 

thresholds 1 and 3 rise from 0.257 and 0.292 at N = 0 to 0.407 and 0.393 at N = 1. Cross-query candidate 466 

competition is thus an important signal for corpus-wide retrieval under the current batch construction. Full-467 

weight competition is more effective than the default N = 0.5. Joint tuning remains to be examined for vord and 468 N. 469 

Table 14 | Ablation of batch-candidate competition weight 470 

ρ 
Gold Silver Pool completion 

1 2 3 1 2 3 1 2 3 

0 0.257 0.274 0.292 0.252 0.254 0.268 0.282 0.279 0.265 

0.25 0.387 0.400 0.392 0.369 0.368 0.366 0.401 0.394 0.356 

0.50 0.393 0.405 0.391 0.381 0.380 0.375 0.411 0.404 0.361 

1.00 0.407 0.418 0.393 0.389 0.387 0.378 0.422 0.414 0.369 

1, 2 and 3 are minimum relevance-grade thresholds. Values are nDCG@10 macro-averaged across four dimensions. Bold denotes the 471 
largest reported value per column. 472 

Binary and graded training pipelines 473 

Standard InfoNCE combined with hard-negative mining is a common approach to training retrieval embeddings. 474 

We use positive-aware hard-negative mining61 with Qwen3-Embedding-8B to obtain 20 hard negatives per 475 

training query, forming a binary relevance dataset. Standard InfoNCE39, Masked InfoNCE and Focal InfoNCE, 476 

the latter using focal weighting62, are each trained for one epoch. The masked variant excludes negatives whose 477 
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current cosine similarity exceeds the positive similarity by more than 0.1. Table 15 compares their first-epoch 478 

results with GLO trained for one epoch (952 optimization steps) using its default configuration (ρ=0.50 and 479 vord=0.25). GLO scores higher in all nine conditions. On the gold set, its macro-averaged nDCG@10 is 0.354, 480 

0.368 and 0.366 at thresholds 1, 2 and 3, respectively. 481 

Table 15 | Retrieval performance of binary and graded training pipelines after one epoch 482 

Method 
Gold Silver Pool completion 

1 2 3 1 2 3 1 2 3 

Qwen3-Embedding-0.6B 0.279 0.247 0.174 0.257 0.236 0.189 0.359 0.320 0.218 

Standard InfoNCE 0.292 0.309 0.359 0.269 0.270 0.285 0.279 0.273 0.249 

Masked InfoNCE 0.287 0.303 0.353 0.264 0.265 0.280 0.282 0.276 0.252 

Focal InfoNCE 0.291 0.307 0.362 0.267 0.267 0.282 0.278 0.272 0.249 

GLO (ρ=0.50, vord=0.25) 0.354 0.368 0.366 0.346 0.345 0.345 0.384 0.378 0.336 

1, 2 and 3 are minimum relevance-grade thresholds. Values are nDCG@10 macro-averaged across four dimensions. Bold denotes the 483 
largest reported value per column. 484 

All four training objectives are evaluated after one epoch. GLO uses ρ=0.50 and vord=0.25. Values are rounded 485 

to three decimals. 486 

LoRA adaptation with limited GPU memory 487 

Low-rank adaptation (LoRA) freezes the base-model weights and inserts rank-16 adapters into  _O9kI, T_O9kI, 488 <_O9kI and k_O9kI, with scaling _ = 32 and dropout 0.05. It uses the same training resource and GLO objective 489 

on an NVIDIA GeForce RTX 4070 Ti SUPER with 16 GB GPU memory and 32 GB system memory. Query 490 

batch size is 8 with four accumulation steps, and training lasts four epochs. Other main optimization settings 491 

follow the full fine-tuning experiment. Table 16 reports LoRA epoch 3, selected using silver threshold-3 492 

performance, against the same silver-selected epoch-3 full fine-tuning checkpoint used in the main comparison. 493 

LoRA improves eight of nine conditions relative to the base, including threshold-3 retrieval on all resources 494 

(Table 16). Pool-completion threshold 1 decreases from 0.359 to 0.335. LoRA remains below the full fine-tuning 495 

baseline, with threshold-3 gaps of 0.065, 0.071 and 0.060. Under these configurations, LoRA enables domain 496 

adaptation on a GPU with 16 GB of memory, while full fine-tuning achieves higher retrieval scores. A separate 497 

one-epoch LoRA experiment examines the contributions of GLO components and parameter sensitivity 498 

(Supplementary Note 2, Supplementary Table S2 and Supplementary Figs. S1 and S2). 499 

Table 16 | Retrieval performance of full and LoRA fine-tuning 500 

Method 
Gold Silver Pool completion 

1 2 3 1 2 3 1 2 3 

Qwen3-Embedding-0.6B 0.279 0.247 0.174 0.257 0.236 0.189 0.359 0.320 0.218 

GLO full fine-tuning 0.393 0.405 0.391 0.381 0.380 0.375 0.411 0.404 0.361 

GLO LoRA 0.307 0.318 0.326 0.300 0.300 0.304 0.335 0.331 0.301 

1, 2 and 3 are minimum relevance-grade thresholds. Values are nDCG@10 macro-averaged across four dimensions. Bold denotes the 501 
largest reported value per column. 502 

Both rows report the checkpoints selected at epoch 3 by silver threshold-3 macro-averaged nDCG@10. Full fine-tuning reproduces the 503 
main comparison. Batch configurations and total training durations differ between the adaptation settings. 504 

Discussion 505 

Graded relevance provides a way to organize literary heritage resources around specific semantic questions. 506 

Separating emotion, authorial intent, theme and thought allows the same poem to be retrieved for different 507 
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research needs. The predominance of grades 1 and 2 in human judgments shows that many candidate poems 508 

share only part of the requested meaning or correspond to it with varying strength. Preserving these distinctions 509 

supports the selection of related poems for close reading and comparison. 510 

Default GLO records the highest observed scores in the six conditions at thresholds 1 and 2 and substantially 511 

raises the lightweight baseline scores at threshold 3. This supports graded training for discovering poems with 512 

different degrees of correspondence. LambdaLoss@10 performs better at threshold 3, whereas XENDCG ranks the 513 

annotated candidate pools more accurately. The difference between these results highlights the value of 514 

evaluating both corpus retrieval and ordering within judged candidate pools. The ablations identify batch-515 

candidate competition as a major source of retrieval improvement, with additional gains from increasing the 516 

ordinal weight to 1. 517 

Emotion and thought are priorities for improving domain retrieval. GLO’s consistent advantage on thought across 518 

the three evaluation resources supports the use of domain-specific graded supervision. Further work should 519 

enrich training examples involving imagery, metaphor and historical context, and use close analysis of difficult 520 

queries and retrieved poems to identify the semantic distinctions that models fail to capture. 521 

The present dataset primarily uses queries derived from LLM analyses, and human relevance judgments cover a 522 

subset of query–poem pairs. Evaluation is conducted within fixed, dimension-specific corpora. Future work will 523 

incorporate queries from literary researchers, expand human annotation, and evaluate retrieval over larger poetry 524 

collections to improve the dataset’s representativeness and assessment coverage. 525 

This study provides a four-dimensional retrieval dataset with 29,080 queries and a training objective that 526 

combines graded listwise supervision with relevance-level score margins. The results show how domain 527 

supervision improves a lightweight model’s ability to retrieve related poems and distinguish degrees of semantic 528 

correspondence. The resource and method provide a basis for organizing classical Chinese poetry by research 529 

needs and selecting materials for comparative literary and cultural-heritage study. 530 
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