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Abstract

Named entity recognition (NER) per-
forms strongly in well-studied domains,
yet mythological narratives pose a long-
tail setting where entityhood is defined
by referable instances, mentions vary
through titles and aliases, and correct ex-
traction requires stable long-span bound-
aries. We introduce MYTHNER, a cul-
turally grounded NER benchmark for Chi-
nese mythology built from Ne Zha sub-
title text. MythNER uses four flat la-
bels (PER/LOC/ORG/OBJ) with con-
servative annotation criteria; in partic-
ular, OBJ is restricted to named arti-
facts and fixed technique titles rather than
generic concepts. We evaluate a zero-
shot Chinese spaCy model, a supervised
BERT token-classification baseline, and a
multi-agent LLM extraction pipeline with
chunk/context tuning on the held-out Ne
Zha Part 2 test set. Results show sub-
stantial domain shift for off-the-shelf NER,
strong gains from supervised adaptation,
and further improvements from agentic
extraction under well-chosen constraints.
Our analysis characterizes dominant fail-
ure modes—boundary drift under exact-
span scoring, mythology-specific type am-
biguity, and over-extraction of generic
nouns as OBJ—highlighting the need for
iterative consistency checks in narrative-

domain NER.

1 Introduction

Named entity recognition (NER) is a founda-
tional component for information extraction,
question answering, and knowledge base con-
struction (Li et al., 2022; Jehangir et al., 2023).

While modern NER systems perform
strongly in well-studied domains such as
newswire, their assumptions often break in
narrative text. Narratives routinely exhibit

aliases and titles, implicit references, in-
vented lexicons, and long-range dependencies
in which the identity and type of an entity is
only resolved after additional context (Bam-
man et al., 2019; Chu et al., 2020).

In this regime, accurate tagging is less a
single-pass string labeling problem and more
an exercise in iterative consistency checks: pre-
dictions must remain coherent across repeated
mentions, shifts in viewpoint, and dispersed
evidence. This motivates workflows that go
beyond local extraction, pairing chunk-level
recognition with document-level consolidation
and verification to enforce global consistency.

Chinese mythology provides a particularly
revealing stress test for narrative NER. Mytho-
logical texts, for instance fantasy movie subti-
tles, contain culturally grounded naming con-
ventions, honorific- and role-heavy mentions,
and named artifacts or techniques that behave
like proper names, all of which can blur bound-
aries and types. For Chinese, these challenges
are compounded by segmentation ambiguity
and compact mentions, increasing the likeli-
hood of span and label confusions (Gui et al.,
2019).

At the same time, existing narrative NER
resources tend to emphasize either Western
myth and fantasy (similar narrative structure
but different cultural and linguistic ground-
ing) or Chinese fictional literature (shared lan-
guage but a different entity ecology), leaving
a gap for Chinese mythology. To address this
gap, we introduce MYTHNER, a benchmark
built from Chinese subtitles of Ne Zha films
(Parts 1-2), designed to evaluate myth-domain
NER under a controlled narrative setting.

We benchmark off-the-shelf zero-shot NER,
a supervised encoder baseline, and an agentic
extraction pipeline that decomposes long-
context NER into chunked extraction, global



consolidation, and verification/correction
(Wang et al.,, 2025b; Zhang et al., 2024).
Across this ladder, off-the-shelf tools struggle
under myth-domain shift, supervised training
improves robustness, and agentic extraction
yields further gains by enforcing cross-chunk
consistency.
Our contributions are:

e Dataset: a culturally grounded Chi-
nese mythology NER benchmark with
clear guidelines and a coarse schema

(PER/LOC/ORG/OBJ).

e Benchmark evidence: a controlled
comparison that characterizes the gap be-
tween off-the-shelf NER and in-domain
modeling for myth narratives.

e Method: an agentic extraction pipeline
that performs chunked extraction fol-
lowed by global consolidation and veri-
fication/correction to improve document-
level consistency.

2 Related Work

Named entity recognition has progressed from
lexicon- and rule-based systems to statisti-
cal sequence labeling, neural encoders, and
transformer-based representations (Li et al.,
2022; Jehangir et al., 2023; Pakhale, 2023).
Despite strong performance on mainstream
benchmarks, fictional and mythological nar-
ratives remain challenging: entity identity is
shaped by evolving roles, aliases, and world-
specific ontologies, and errors compound when
the same character must be tracked consis-
tently across long contexts. Literary and
fiction-oriented resources highlight domain-
specific entity definitions and distributions
(Bamman et al., 2019), and practical systems
for fiction emphasize the need for domain-
specific typing and consolidation strategies
(Chu et al., 2020). Complementary analyses
in other narrative-like domains (e.g., table-
top role-playing corpora) likewise show system-
atic differences from standard NER settings
(Weerasundara and de Silva, 2023), and fine-
tuning studies in fantasy settings further sup-
port the value of in-domain adaptation (Siva-
ganeshan and De Silva, 2023).

For Chinese and historically oriented text,
persistent issues include segmentation ambigu-

ity and sparse supervision; lexicon-aware mod-
eling remains a common mitigation for Chi-
nese NER (Gui et al., 2019). Adjacent evalua-
tions in ancient Chinese NER further illustrate
both the progress and the domain gaps that
arise once genre, period, and entity taxonomy
shift (Li et al., 2025). Beyond modeling, an-
notation studies and multi-genre benchmarks
underline that entity definitions are not purely
technical: label sets and annotator interpre-
tation can vary, affecting both training and
evaluation (Tedeschi and Navigli, 2022; Peng
et al., 2024).

Recent work explores using large language
models (LLMs) directly for NER in zero-/few-
shot settings (Wang et al., 2025a). How-
ever, narrative-scale extraction stresses long-
context tracking and cross-mention consis-
tency, motivating structured agentic alterna-
tives. Multi-agent frameworks decompose ex-
traction into specialized roles (e.g., proposal,
verification against an ontology, aggregation),
which is especially relevant when outputs
must satisfy schema constraints (Tao et al.,
2025; Wang et al., 2025b). Long-context col-
laboration mechanisms provide another path
to maintaining state across long documents

(Zhang et al., 2024; Zhuang et al., 2025).

3 Dataset and Annotation

3.1 Corpus

MythNER is a culturally-grounded named en-
tity recognition benchmark built from Chi-
nese subtitle text from the animated Ne Zha
films. The domain is a Chinese mytholog-
ical narrative world (e.g., Fengshen-related
traditions and Journey to the West-related
motifs), which is widely represented across
Chinese myth literature and popular media.
We use this setting as a representative high-
context domain in which entity mentions in-
clude characters (PER), places (LOC), organi-
zations/factions (ORG), and named artifacts
or technique titles (OBJ).

3.2 Task and label schema

We perform coarse-grained NER with four flat
labels: PER, LOC, ORG, and OBJ. The task
follows standard span-based NER: given a sub-
title sequence, the model predicts entity spans
and assigns one of the four types.



3.3 Data split

We split the corpus by film to evaluate gen-
eralization across sequels. Specifically, we use
Ne Zha Part 1 (P1) for training and validation,
and Ne Zha Part 2 (P2) as a held-out test set.
Within P1, we randomly split into 80% train-
ing and 20% validation. The P1 split is used
for training and tuning supervised baselines.
The entire P2 test set is held out for evalua-
tion, including fair comparisons for zero-shot
spaCy and our LLM-agent methods.

3.4 Dataset statistics and entity
overlap

Figure 1 summarizes the dataset size and la-
bel distribution. Overall, MythNER contains
697 entity mentions (159 unique entities) un-
der the four-label schema. The held-out P2
test set contains 415 mentions (106 unique),
with per-label totals of 150 PER, 90 ORG, 75
LOC, and 100 OBJ.

To quantify cross-film generalization diffi-
culty, we measure unique-entity overlap be-
tween training and test. Approximately 31.1%
of unique entities in the test set also appear in
training, implying that most test-set unique
entities are unseen during training.

3.5 Annotation workflow

MythNER is annotated by three annotators
and one adjudicating judge. Annotation is con-
ducted in Doccano, self-hosted on a Google
Cloud VM. Annotators label entity spans and
coarse types (PER/LOC/ORG/OBJ). Am-
biguous cases are resolved via discussion to
align on guidelines, after which the judge per-
forms final review and consolidation.

3.6 Annotation guidelines

We follow a flat NER schema without nested or
overlapping spans. We adopt conservative cri-
teria for entityhood: mentions should refer to
an independently identifiable instance in con-
text. We exclude purely event/phenomenon
expressions, and treat OBJ as a strict cat-
egory that covers named artifacts and fixed
technique titles rather than generic concepts.
When a surface form of a location word can
plausibly be interpreted as a place or an in-
stitution depending on its syntactic role, we
consistently annotate it as LOC. When a full
canonical name appears, we prefer the longest
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Figure 1: Dataset statistics for MythNER. The
figure summarizes entity counts and label distri-
butions across train/validation (P1) and test (P2),
and reports the proportion of unique entities in the
test set that overlap with training (31.1%).

valid span boundary. Appendix A provides a
one-page version of our guidelines with exam-
ples.

4 Methods

4.1 Overview

We compare three families of approaches for
PER/LOC/ORG/OBJ schema NER on Myth-
NER: (i) a zero-shot spaCy baseline, (ii) a fine-
tuned BERT token-classification baseline, and
(iii) our proposed multi-agent LLM extraction
System.

Our core hypothesis is that mythological
narratives amplify the failure modes of off-
the-shelf NER: long-range coreference, cultur-
ally specific aliases/titles, dense entity clusters,
and heavy use of metaphorical or honorific ex-
pressions. The multi-agent design addresses
these issues by (a) extracting with local con-
text, (b) enforcing global consistency across
chunks, and (c) verifying and selectively cor-
recting uncertain spans.
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Figure 2: Multi-agent LLM extraction architecture. A text chunking agent creates overlapping segments
with context; an extraction agent runs parallel LLM calls to propose entity spans; a consolidation agent
deduplicates and resolves conflicts; a verification agent applies hybrid checks (agentic + semantic) and
triggers an iterative reflection loop (up to 3 iterations) for targeted correction. The output is a validated

entity set.

4.2 Proposed method: multi-agent
LLM extraction

Workflow. The proposed system is a
LangGraph-based pipeline! with five special-
ized roles: chunking (segmentation), extrac-
tion (LLM-based span proposal), consolida-
tion (global merge across chunks), verification
(QA over spans and labels), and correction
(targeted re-extraction for flagged cases). Fig-
ure 2 depicts the following workflow:

Input — Chunk — Extract — Con-
solidate — Verify — [Correct — Re-
verify] — Output.

Verification may trigger correction; the loop
terminates early if verification passes, and is
capped at 3 correction iterations.

Chunking with context windows. Given
a full subtitle document, we split it into chunks
of K characters and attach left/right context
windows of C' characters. This design makes
extraction robust to boundary effects (e.g.,

'LangGraph v1.0.5, MIT License. =~ Homepage:
https://docs.Jangchain.com/oss/python/langgraph/
overview

a title introduced in one sentence and refer-
enced in the next) while keeping each LLM
call within a bounded context. Chunk bound-
aries are adjusted to nearby sentence-ending
punctuation to reduce mid-phrase truncation.

Extraction prompting and confidence.
The extraction stage queries an LLM with
prompts specialized for (i) output format
(document-level spans vs sentence-level spans),
(ii) prompt type (a concise zero-shot prompt
vs a richer prompt that includes guidelines and
examples), and (iii) optional confidence report-
ing (continuous [0, 1] or discrete 0-5 ranks).

Consolidation, verification, and tar-
geted correction. Chunk-level proposals
are merged into a single entity set for the docu-
ment. A dedicated verifier then checks span va-
lidity (e.g., offsets are well-formed and aligned
to the text), label plausibility (e.g., prevent-
ing obvious confusions such as locations misla-
beled as persons), and cross-chunk consistency
(e.g., repeated mentions of the same named
entity). Only flagged items are sent to the
correction stage, which performs targeted fixes
rather than re-running the full extraction.


https://docs.langchain.com/oss/python/langgraph/overview
https://docs.langchain.com/oss/python/langgraph/overview

Reproducibility knobs. The LLM used is
Gemini-2.5-pro We record the chunk/context
settings (K,C), prompt type, confidence
mode, parallelism, and the LLM model iden-
tifier used in each run. Prompt templates are
provided in Appendix B. These knobs are used
in our controlled studies and ablations.

4.3 Baselines

4.3.1 Zero-shot spaCy

We use the pretrained zh__core_web_lg spaCy
NER model without fine-tuning. Because
spaCy’s label set does not match our schema,
we apply a deterministic mapping into {PER,
LOC, ORG, OBJ}. Unmapped spaCy labels
(e.g., DATE/TIME/QUANTITY) are ignored.
Predictions are produced at the sentence level.

4.3.2 Fine-tuned BERT

We fine-tune bert-base-chinese for token clas-
sification with BIO tagging. The training la-
bel set is: {O, B/I-PER, B/I-LOC, B/I-ORG,
B/I-OBJ}.

Training. HuggingFace Trainer is used for
BERT model fine-tuning. We fix 3 random
seeds (20261, 12345, 54321) and train each
run for up to 10 epochs with early stopping
(patience 3), learning rate 2 x 10~°, weight de-
cay 0.01, and batch size 4 with gradient accu-
mulation 2 (effective batch size 8). The per-
formance reported in Table 1 corresponds to
the average of the best-performing checkpoint
from each of the three runs.

Decoding to spans. At inference time, we
decode token-level BIO predictions into entity
spans using tokenizer offset mappings, produc-
ing sentence-local character spans in the coarse
label set.

5 Experimental Setup

5.1 Preprocessing

Common format. Gold  annotations
are stored as JSONL with sentence-level
texts, entity offsets, and entity labels
(PER/LOC/ORG/OBJ).

Label mapping for spaCy. We map spaCy
default labels to coarse labels via:

PERSON—PER;
{FAC,GPE,LOC}—LOC;

{ORG,NORP}—ORG; {PROD-
UCT,WORK_OF ART,EVENT}—OBJ.

Unmapped spaCy labels
DATE/TIME/QUANTITY) are ignored.

Data splits and standardized for-
mat. We split Ne Zha P1 subtitles for
train/validation (80/20) and P2 as a held-out
test set. To create baseline training splits, we
convert JSONL annotations into the spaCy
format to standardize model training and
evaluation. We use a leakage-aware strategy:
sentences are grouped into connected com-
ponents based on co-occurring entity strings,
and entire components are assigned to train
This reduces leakage from repeated
names/aliases across splits.

(e.g,

vs dev.

BERT data conversion. We further con-
vert the spaCy format into BERT BIO tags
using tokenizer offset mappings. Special to-
kens [CLS] and [SEP] are assigned loss label
—100. In training/evaluation we truncate to a
maximum sequence length of 64 tokens.

5.2 Evaluation

We report exact span-match micro-averaged
precision/recall/F1 over entity tuples (start,
end, label). A predicted entity is counted as
correct if and only if its span boundaries and
label exactly match a gold entity in the same
sentence. We micro-average by summing true
positives, false positives, and false negatives
across all sentences.

All methods are evaluated in a unified repre-
sentation as sentence-local character spans; if
a method produces document-level offsets in-
ternally, they are mapped back to sentence-
local offsets before scoring.

6 Results

6.1 Main results

Table 1 compares a general-purpose Chinese
spaCy model (zero-shot), a supervised BERT
token-classification baseline, and our multi-
agent extraction pipeline.

The zero-shot spaCy baseline substantially
underperforms (F1=0.185), reflecting the do-
main shift in mythological narratives. Fine-
tuning a strong encoder improves performance
(BERT-base-chinese: F1=0.655), while the
multi-agent pipeline achieves the best overall



Model P R F1 Setting Variant P R F1
Zero-shot spaCy 0.271  0.141  0.185 Prompting
Fine-tuned BERT 0.613 0.704 0.655 Zero-shot  (con- 0.459 0.822 0.589
Multi-agent LLM 0.770 0.691 0.728 tinuous)
Few-shot + guide 0.770 0.691 0.728
Table 1: Main NER results on NE ZHA. We report (continuous)
exact span match micro-P/R/F1 on the held-out Confidence Scoring
NE ZHA P2 test set. Few-shot + guide 0.770  0.691  0.728
(continuous)
Few-shot 4+ guide 0.758 0.697 0.726
Chunk Context P R F1 (discrete)
200 250 0.779  0.667  0.718 Example Richness
250 200 0.770  0.691 0.728 Few-shot + guide 0.758 0.697 0.726
1000 500 0.768  0.496  0.603 (discrete)
2000 1000 0.773  0.407  0.533 Fully annotated 0.562 0.757  0.645
4000 1000 0.788 0.310  0.445 (discrete)

Table 2: Chunk/context tuning for the multi-agent
pipeline (few-shot+guide with extracted-entity ex-
amples). We report exact span match micro-
P/R/F1 on the held-out NE ZHA P2 test set.

result (F1=0.728), improving over BERT by
+0.073 F1 and over the zero-shot baseline by
+0.543 F1.

6.2 Configuration study

We next analyze which design choices drive
performance (Table 2; Table 3).

Chunk/context tuning. With the
prompting strategy held fixed (few-shot -+
guide using extracted-entity examples), mod-
erate chunk and context sizes yield the
strongest results; the best configuration is a
chunk size of 250 with a context window of
200.

Prompting, confidence, and example
richness. Using only label definitions (agent
zero-shot) yields high recall but much lower F1
than few-shot+guide prompting. Confidence
scoring (continuous vs discrete) has a small
effect at the best chunk/context. For exam-
ple richness, we observe that fully annotated
examples underperform simple few-shot exam-
ples in our current prompting setup; we treat
this as a prompt-formatting effect rather than
a definitive statement about annotation rich-
ness.

7 Analysis and Discussion

7.1 The challenge of myth-domain
NER

Myth-domain NER is challenging because our
label space is defined around referable in-

Table 3: Ablation slices for the multi-agent
pipeline at the best chunk/context setting. We
separate prompting style, confidence scoring, and
example richness for readability.

stances rather than surface words. Following
our annotation criteria, a span should be an-
notated only if it can answer the core ques-
tions “who / what / where”. Consequently,
many expressions that look “important” in
myth narratives are deliberately excluded, in-
cluding events or phenomena such as “K #;”
(heavenly tribulation) and “H v X ¥~ (Feng-
shen War).

The most ambiguous label is OBJ. In our
setting, OBJ is reserved for named artifacts
or fixed technique titles (e.g., a spell name in-
voked as a unit), while generic concepts such
as “pia /AR /1= 7 (fate/karma/power) are
not annotated unless they behave as a proper
name in context. This “named-object” con-
straint is crucial for dataset consistency, but
it also makes the boundary between “object”
and “non-entity” particularly sharp and error-
prone.

Subtitles further amplify ambiguity through
pervasive titles and references. Generic ti-
tles like “VPE /0% % 7 (master/junior disciple)
are excluded, while unique, referential variants
such as “Z= X A7 (Lord Li), “£.)L” (Zha'’er, a
nickname), and “= " 7 (third young master)
may be annotated as PER when they uniquely

identify a character.

Finally, we adopt longer span preference :
when a full mention is available, we annotate
the complete name (e.g., “?¢ T .Lh AR KT
BN/ Taiyi Zhenren of Qianyuan Mountain



Jinguang Cave). While this reduces fragmen-
tation in the gold labels, it increases the prob-
ability of exact-span mismatches for models.

This design choice interacts directly with
our evaluation protocol. Because we use ex-
act span match, boundary near-misses are pe-
nalized maximally: a prediction that captures
the right referent but trims or extends a title-
heavy mention is still counted as an error. In
practice, this makes span normalization a cen-
tral challenge in MythNER, and it partly ex-
plains why boundary-related errors dominate
across both conventional taggers and LLM-
based systems.

7.2 Traditional baseline errors

We observe several recurring failure modes in
traditional baselines. First, zero-shot models
frequently over-predict “entity-like” common
words, producing false positives from adjec-
tives, verbs, and generic nouns that do not
satisfy the referable-instance criterion. Sec-
ond, both zero-shot and supervised baselines
are sensitive to long, title-heavy mentions,
often fragmenting a gold span into smaller
pieces. Under exact-span evaluation, these
near-misses are counted as errors even if a par-
tial substring is correct.

Type confusion is also prominent in
mythology-specific contexts where the same
surface form can plausibly be a person-
like being, a collective,
ject. For example, role-title composites and
faction-like phrases can trigger drift between
PER/ORG/LOC. Finally, OBJ remains a
residual bottleneck: models may miss named
objects/techniques entirely (recall errors) or
incorrectly promote abstract substances or
generic items to OBJ (precision errors), re-
flecting the intrinsic ambiguity of “named ar-
tifact vs. generic concept” in myth discourse.

or a named ob-

7.3 LLM-agent errors: what changes
and what remains

The LLM-agent pipeline changes the error
profile rather than eliminating errors alto-
gether. In an agent zero-shot configuration
(high-recall, lightly constrained), the domi-
nant issue is over-extraction: the agent tends
to label abstract substances and generic nouns
as OBJ, e.g., “R¥ 7 &7 (heaven-and-earth
aura), “fb 2,7 (immortal aura), and “B &7

(demonic aura), which are not annotated in
the gold standard. It also exhibits precision
collapse for PER by eagerly labeling context-
dependent addresses (e.g., “4% SL” / Brother
Pig, “4uK 7 / immortal elder) that our dataset
often treats as non-entities.

Meanwhile, exact-span sensitivity remains:
long mentions are frequently split into overlap-
ping subspans (a typical false-positive/false-
negative pair under span-level matching).
Even in the extracted, tuned chunk/context
settings, we still observe boundary drift where
the agent extends a named object with nearby
descriptive material (e.g., predicting “= i 4L
&7 / lotus aura instead of the gold “£i& 7 /
lotus).

Compared to agent zero-shot, tuned extrac-
tion configurations drastically reduce false pos-
itives but increase false negatives, illustrat-
ing a clear precision—recall tradeoff. In prac-
tice, many of the remaining misses concen-
trate on short, frequently mentioned myth ob-
jects/techniques such as “BE#. 7 (Demon Pill)
and “REF 7 (heavenly thunder), which require
stable span decisions across fragmented subti-
tle context.

The configuration study in our results fur-
ther supports a simple principle: context helps
until it hurts. Too little context deprives the
model of cross-mention cues for disambigua-
tion, while too much context (or overly large
chunks) increases boundary drift and encour-
ages “entity-like” generic nouns, especially for
OBJ. This reinforces the role of constraint de-
sign and iterative verification in agentic extrac-
tion.

7.4 Practical takeaway

Across baselines, the dominant challenges are
(i) boundary alignment under exact-span
scoring, (ii) type ambiguity in mythology-
specific language, and (iii) the particularly
sharp scope constraint of OBJ (named ar-
tifact /technique vs. generic concept). The
LLM-agent approach reduces some forms of
type drift via stronger contextual reason-
ing, but introduces over-extraction when con-
straints are weak and remains highly sensitive
to span normalization, motivating careful con-
fidence scoring and post-processing for deploy-
ment.

Overall, MythNER is less a test of mem-



orizing surface patterns than a test of de-
ciding entityhood and stabilizing boundaries
under culturally grounded naming conven-
tions. The dataset therefore complements
existing benchmarks by emphasizing (i) con-
servative referable-instance criteria, (ii) long-
span boundary decisions, and (iii) ontology-
like constraints implicit in OBJ.

8 Limitations

MythNER targets a specific long-tail setting:
Chinese mythological narratives in subtitle
form. As a result, models trained and eval-
uated on MythNER may not transfer directly
to other genres (e.g., classical prose, novels)
or other media with different discourse conven-
tions.

Our annotation design also imposes delib-
erate scope constraints. We adopt a flat,
non-overlapping schema with four coarse types
(PER/LOC/ORG/OBJ), and we use conser-
vative entityhood criteria that exclude many
events and phenomena. In particular, OBJ is
restricted to named artifacts or fixed technique
titles; this improves consistency but creates a
sharp boundary between named objects and
generic concepts.

Evaluation uses exact span match, which
is appropriate when downstream use requires
boundary-faithful extraction, but it penalizes
near-miss boundary predictions maximally.
This interacts with our longer-span prefer-
ence and makes span normalization a primary
source of error.

Finally, our LLM-agent pipeline introduces
practical constraints: performance is sensitive
to prompting and chunk/context choices, and
deployment may incur higher cost and latency
than conventional taggers.
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A  Annotation Guide

We annotate flat, non-overlapping named enti-
ties in Chinese mythological subtitles with four
coarse types: PER, LOC, ORG, OBJ. The
annotation target is not “words”, but referable
instances in context.

Entityhood test (fast rule). Annotate a
span only if, in its local context, it can
reasonably answer who / what (thing) /
where. If an expression only answers “what
event/state/phenomenon is happening”, do

not annotate it.

character or
immortals,

Labels. PER: a
person-like  being
demons, named creatures). LOC: a
named place/location. ORG: a named
faction/organization acting as a collective.
OBJ: a named artifact/item, or a fixed
technique title invoked as a unit.

specific
(humans,

Span rules. (1) No overlaps / no nest-
ing (flat NER). (2) Prefer the longest valid
boundary when a full canonical mention is
available.  (3) Exclude pure pronouns and
generic role nouns.

Titles, aliases, and references. Generic,
context-dependent addresses (e.g., Jifi 24/l
5./ K N) are not annotated. However, if a vari-
ant uniquely identifies a character (contains a
surname, name fragment, rank/epithet that is
used as a unique handle), annotate it as PER.

OBJ is conservative by design. Annotate
OBJ only when the mention behaves like a
proper name or a stable technique title. Do
not annotate generic substances/abstract con-
cepts (e.g., fH 1y / J1 & /AR /fiviz) unless they
are explicitly treated as a named unit in con-
text.

Exclude events and phenomena. Named
or salient events/rituals/astronomical phe-
nomena are not entities (e.g., K&, K
i, B JRED).

LOC vs.
tic).
and an institution.
consistency.

ORG (surface-syntax heuris-
Some names can denote both a place

We default to LOC for

Examples.

PER (unique name). #Jj [KZHA]
PER. [#KkA]PERKT. (HE /)]

not annotated.

LOC (named place). F{1Z% [ %]
LOC. fiufF [E&11] LOC 17,

ORG (faction acting collectively). [K
KE] ORG T4#E.  [WRiE ORG HKJU.

OBJ (named artifact / technique ti-
tle). WERLES L [zbpE]) OBJ.  fluffiih [
Ej‘g@éjﬁ] OBJ. {H[# J1/J1 %] not anno-
tated.

Long-span preference. [577C 114K
ZEAN] PER  (not §z7CIl + &) + K
ZEN).

Exclude events/phenomena. [K#]] not
annotated,  [FHIKEL] not annotated.
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B LLM Prompt Templates

This appendix documents the prompt tem-
plates used by the multi-agent pipeline. We
report (i) the prompts by agent role and (ii)
the prompt variants used in our ablation set-
tings (Table 3). Templates contain placehold-
ers such as {chunk_text} and {start_char}.

B.1 Agent prompts (by role)

Chunking agent (no LLM call). Chunk-
ing is programmatic: a document is split into
chunks of length K and each chunk is provided
with left/right context windows of length C.
These parameters change the inputs to the ex-
traction prompt (the chunk text and its con-
text), but do not change the prompt text itself.

Extraction agent: zero-shot, label defi-
nitions only. Original (ZH).

IR — "M & LR Al (NER) % %

4 M O SCR PR B a4 5L
K, #EE LT schema:

[LfREAE X] - PER: A4y, &3
AW RE RIRFRILE. AT
B . - LOC: Hy 8, ELRH 38
ﬁﬁwﬁﬁ%%o - ORG: AR, #
SRR, MR, RA . FE

OBJ: # 4, k8. R&. BAL. K
Ehd. LBEL.
B SR
{ 7entities”: [ { Ttextspan”

77 Vstart.har” 0, ’end.har”
"PER”,”con fidence”

] A 2% #y JSON:

2, ”type
1.0}]}

¥ start_char f1 end_char A% F % ¥
J X4 Hy 4t L E

BT [CARFEY FREUA & 4 LR
[ XA BY (% {start_char} %| {end char}

F4): {chunk_ text}
[EX] ((XgtE5#): {context_before}

[TX] (5% ): {context after}

BREA: 1 RA DOAA B] 5, B
MR UL E . 2. RER Y entities 7] % .

English rendering.

You are an expert in Named Entity
Recognition (NER).
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Task: Extract named entities from
Chinese mythology text, using this

schema: - PER: characters/person-
like beings. - LOC: named loca-
tions. - ORG: named organiza-
tions/factions. - OBJ: named arti-
facts/weapons/spell or technique ti-
tles/mounts.

Output must be wvalid JSON:
{ 7entities”: [ { Ttextspan”
"ENTITY?”, ”start.har”

0, ”end.har” 2, "type”

"PER”,”confidence” : 1.0}]}

IMPORTANT: start__char/end__char are abso-
lute offsets in the full document.

Extract all named entities from the follow-
ing [Text Fragment] only. [Text Fragment)]

(characters {start_char} to {end_char}):
{chunk__text}
[Previous Context] (reference only): {con-
text__before}
[Following Context| (reference only): {con-

text_ after}

Extraction agent: few-shot 4+ guide; con-
tinuous confidence. This variant adds ex-
plicit boundary /type rules and in-prompt ex-
amples, and requests a continuous confidence
score € [0, 1].

Original (ZH).

wz AN o [ A E SR B A B LR
| (NER) XK.

@%3 M H SC A AR AR B A 4 52
&, #1& Stage 1 schema:

[ERXA Z X]-PER (A4) : &t
AT AE, A AL, Wl K
. kik A KTLEA. T, #
W Z%, "N BT BRI %
. R, RE AFWTHAHTE

W BT EHREATEAN E
K& PER A a#: @AKE (M
K. R). RiF. "X K837 # RAF
EANE

-LOC (M) - Bk 32 s B = 47 Py

AR mfE BRER. AT, RO
R w0 WRER
TR RE AR (AR /). 77
friE (W, Lw)



-ORG(QEL/A) HUARE WK, fr
R KA. G @ Rk, RE.
+ =41, ﬁﬁﬁk BH. R RE
. A

-OBJ (M) « 8. RB. BEAREL.
Bk d. A% &% Rk, R
. EA. BHE. KRB BRE.
R 5‘% )ﬁ‘zl‘?‘ﬁtk% A
B REGH (" ZRWEL”)

[X5RBANT 1. 3 FHM: #H;
BOERAa, FELEY R 2. R&E
BUSCA Jr B oy LK 3. [ — LAk ay
ARHABERR 4. TAFE: EA

et FAE. RE. LIEARE
s R S0 TR B R 2 # JSON:
{ Ventities”: [ { Ttextspan”
7 Vstarthar” 45, ’end har”
47, ”type : "PER”,”con fidence”
0.95}]}

# E: start_char ¢ end_char =& X4 % %

'

[CA R B)Y (% {start_char} % {end_char}

F45): {chunk_text}
[ LX) (%#): {context_before}

[TX] (%#): {context_after}

HEHERE: 1. AAXKFERR 2. K4
KE/IR =ORG; K3 *x/4£F =LOC; %

R/ E21T =0BJ 3. £EH QLKL
English rendering.

You are an expert NER annotator for
Chinese mythology text.

Task: Extract named enti-
ties under a Stage-1 schema
(PER/LOC/ORG/OBJ).

Boundary rule: extract the core en-
tity name; do not over-extend spans.

Output must be valid JSON with

absolute offsets: { “entities”: [
{"textspan” 7.0, Vstart har”

0, ’end.har” 2, "type”
"PER”,”confidence” : 0.95}]}

Extract entities from the Text Fragment
(characters {start_char} to {end_char}):
{chunk_ text}
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Extraction agent: discrete confidence

variant (0-5 ranks). Original (ZH).

BERESR (05): -5 HXHHE -
4 HERE -3 vEERE -2 &

BRE-1: IKERFE -0 FHE
B oA R { Ventities™ [ {
"textspan” 7 Vstarthar”
45, ’end har” 47, "type”

"PER”,”confidencerank”
5, 7con fidence,eason” : 7

"3}
BATE R FNEREAE confidence rank 5

confidence reason,

English rendering.

Discrete  confidence  (0-5). Output
JSON must include: { 7entities”: [ {
"textgpan” : 7...7 Ustartchar” 2 0, "end har”
2, "type” 7’PER”, "con fidence.ank”

5, "con fidence,eason”
"shortjustification”}]}

Extraction agent: fully annotated exam-

ples. Original (ZH).
iR JSON # 4, H4— /4
%: [{ vidw: 1’ ”text”: 2 ﬁ?}t%&ﬁ

AHAR K E A, "label”: [[9, 13,
"PER”]], "Comments”: [] } ]

FE: label B EMAN T AT text!
English rendering.

Output format: JSON array, one ob-
ject per sentence. Offsets are relative
to the sentence text.

Verification agent.

frz—/ NER frE R ERE L 5o

F4: BIEERRIE E /A Stage
TAN: 1. FEE 2. ZFAKE 3. %
A E# A OBJ L 2 %ﬁ%%5
T

ol A { “summary”:  {"to-
talentities” 0, "approved.ount”

0,” flagged.ount” 0, 7issues”
[}, "detailedsindings”

[{7entity;d” 7.0 Vissueype”
"boundaryerror”, ”descmptzon

,"suggestedgixz” : 7.7}

& X (FJJ 5000 F45) 0 {raw_text} 2 Hy 5L
f&: {entities_json}

Original (ZH).

2 ” o



English rendering.

You are a quality-control agent for
NER. Return JSON with summary
and detailed findings.

Correction agent. Original (ZH).

&= NER frEBEL K.
Fo RERIEREB E LK.

Bl AR { “corrections”: [...], "re-
buttals”: [...] }

N/ S VU B S
{flagged_entities_json} ¥ iF |
4 {verification_ report_ json} ¥ &
T X {expanded_ contexts} J& XC
(BT 10000 F4F): {raw_text}

English rendering.

You are a correction agent. Apply
fixes or rebuttals and return JSON.

B.2 Prompt variants used in ablations

Prompt type. Zero-shot uses concise label
definitions only. Few-shot + guide adds ex-
plicit rules and examples.

Confidence scoring. Continuous: real-
valued confidence in [0,1]. Discrete: integer
confidence_rank plus confidence_ reason.

Example richness. FEzxtracted-entity exam-
ples: entity-level prompts. Fully annotated ex-
amples: sentence-level labeled format.

Chunk/context. Chunk/context settings
(K, C) determine the injected chunk text and
context_ before/after.
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