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Abstract

Retrieval shapes how language models access
and ground knowledge in retrieval-augmented
generation (RAG). In historical research, the
target is often not an arbitrary relevant pas-
sage, but the exact record for a specific reg-
nal month, where temporal consistency mat-
ters as much as topical relevance. This is es-
pecially challenging for Classical Chinese an-
nals, where time is expressed through terse,
implicit, non-Gregorian reign phrases that must
be interpreted from surrounding context, so
semantically plausible evidence can still be
temporally invalid. We introduce ChunQi-
uTR, a time-keyed retrieval benchmark built
from the Spring and Autumn Annals and its
exegetical tradition. ChunQiuTR organizes
records by month-level reign keys and includes
chrono-near confounders that mirror realistic
retrieval failures. We further propose CTD
(Calendrical Temporal Dual-encoder), a time-
aware dual-encoder that combines Fourier-
based absolute calendrical context with relative
offset biasing. Experiments show consistent
gains over strong semantic dual-encoder base-
lines under time-keyed evaluation, supporting
retrieval-time temporal consistency as a key
prerequisite for faithful downstream historical
RAG. Our code and datasets are available at
github.com/xbdxwyh/ChunQiuTR.

1 Introduction

Retrieval is increasingly the interface between lan-
guage models and the world’s knowledge, most
visibly in retrieval-augmented generation (RAG)
and search-augmented assistants (Gao et al., 2023;
Lewis et al., 2020). In such systems, models ground
responses in retrieved evidence rather than rely-
ing on parametric memory alone. This evidentiary
role is central to expert workflows—Iliterature sur-
vey, legal and policy analysis, and scientific claim
verification—where users care not only about what
an answer is, but also where it comes from (Menick
etal., 2022).
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Figure 1: A query about a specific month can retrieve
same-month commentary that repeats the date phrase, or
adjacent-month near-miss events with confusable word-
ing, so a retrieval-augmented model answers fluently
but at the wrong time.

Historical research on pre-modern Chinese
sources is a canonical example of evidence-centric
retrieval (Cao et al., 2024; Zhang et al., 2024; Liu
et al., 2025). Digitized annals, commentaries, and
later annotations are now searchable, but the tar-
get is rarely an arbitrary topical snippet: it is the
passage that records what happened in a particular
month of a particular duke’s reign. As Fig. 1 illus-
trates, a query such as “What happened in Duke
Zhuang’s 2nd year, 12th month?” can easily re-
trieve (i) exegetical commentary that repeats the
same date phrase without answering the event, or
(i) near-duplicate events from adjacent months
with highly confusable wording. In this setting,
semantic relevance is insufficient without verifying
temporal alignment to the queried month. Once
retrieval binds a downstream generator to tempo-
rally incorrect but semantically plausible evidence,
the final answer may still sound fluent while being
wrong about when the event happened.

This motivates a more focused question that is
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central to faithful historical RAG:

(Q) How can a retriever select time-
consistent evidence for queries ex-
pressed under non-Gregorian, reign-
based chronologies?

Studying this problem is already challenging be-
cause pre-modern records typically do not provide
explicit, globally comparable (Gregorian) times-
tamps (Chen et al., 2021, 2025). Instead, they em-
ploy a ruler-centric regnal chronology: time is ex-
pressed relative to the current ruler and his regnal
year and month, so temporal reference effectively
resets across reigns and must be interpreted on a
corpus-specific timeline rather than a monotonic
calendar. Moreover, temporal phrases are often
underspecified or written in shorthand—for exam-
ple, “in summer, in the fifth month” may omit the
absolute year and only become interpretable given
the surrounding reign context. Crucially, time is
not a clean metadata field separated from content:
in annalistic writing, distinctive one-off events can
implicitly function as temporal anchors, tightly cou-
pling when with what. As a result, retrieval cannot
rely on semantic similarity or timestamp ordering
alone; it must identify evidence that is both topi-
cally relevant and temporally consistent with the
intended regnal point or window.

To tackle this challenge, we ground our study
in a demanding case: the Spring and Autumn An-
nals and its commentarial-exegetical corpus. We
introduce ChunQiuTR, a time-keyed benchmark
built on this material, where queries and records are
expressed in a ruler-centric, non-Gregorian chronol-
ogy rather than modern timestamps. Building on
this benchmark, we propose the Calendrical Tem-
poral Dual-encoder (CTD), a time-aware dual-
encoder retriever that augments semantic match-
ing with learned calendrical structure. CTD places
each query and record at a soft location on a unified
ordered calendar axis and favors pairs that agree
not only in meaning but also in calendrical posi-
tion. Concretely, it injects an absolute calendrical
context into embeddings and adds a relative tem-
poral bias to similarity based on signed calendar
offsets, improving robustness to adjacent-month
and lexical-near confounders.

Our contributions are threefold: (i) we introduce
ChunQiuTR, a non-Gregorian, reign-keyed tem-
poral retrieval benchmark with point/gap/window
queries and leak-free splits; (ii) we propose CTD,

a calendrically time-aware dual-encoder that com-
bines absolute context injection with relative offset
biasing; and (iii) we show consistent improvements
over strong semantic dual-encoder baselines, espe-
cially under chrono-near and adjacent-month con-
founders, supporting the view that retrieval-time
temporal consistency is a key prerequisite for faith-
ful downstream historical RAG.

2 Related Work

2.1 Neural Information Retrieval

Lexical retrievers such as BM25 (Robertson and
Zaragoza, 2009) remain strong and interpretable,
but are limited by surface-form overlap. Neu-
ral IR methods are often grouped into neural
sparse expansion (e.g., SPLADE (Formal et al.,
2021)), dense dual-encoders trained with con-
trastive learning (e.g., DPR (Karpukhin et al.,
2020), ANCE (Xiong et al., 2021), Contriever-
style (Lei et al., 2023)), and late-interaction token
matching (e.g., ColBERT (Khattab and Zaharia,
2020)). General-purpose embedding models (e.g.,
GTR (Ni et al., 2022b), ES (Wang et al., 2024b),
Qwen3-Embedding (Zhang et al., 2025b)) further
enable plug-and-play retrieval. However, relevance
is typically modeled as semantic similarity, which
can still confuse chrono-near near-duplicates or fail
to enforce fine-grained temporal constraints with-
out explicit temporal structure.

2.2 Temporal Information Retrieval

Temporal information retrieval (TIR) incorporates
time into ranking, ranging from timestamp-aware
priors (e.g., time-based language models Li and
Croft (2003)) to modern formulations emphasizing
temporal focus/intent (Piryani et al., 2025). Recent
work explores neural retrieval for time-sensitive set-
tings by injecting temporal signals into retrieval or
generation pipelines (Rajapakse, 2023; Zhang et al.,
2025a), as well as mechanisms that encode time
specifiers into model behaviors (Han et al., 2025).
Related lines include time-aware language mod-
els with document-dating objectives and tempo-
ral label-smoothing schemes that smooth supervi-
sion over neighboring time steps, both of which we
echo in our auxiliary temporal heads (Wang et al.,
2023; Yeche et al., 2023; Dhingra et al., 2022).
Most TIR studies target modern timestamped col-
lections under open retrieval, whereas our setting is
a micro-granular, time-keyed chronicle with dense
chrono-near near-duplicates, leading to different
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supervision and evaluation objectives.

Temporal-expression extraction and normaliza-
tion are also related to our setting, including
work on historical texts and cross-lingual temporal
expression extraction/normalization (Korchagina,
2016; Cao et al., 2022; Su et al., 2025; Castro et al.,
2025; Graciotti et al., 2025). However, in many
Chunqiu passages, the ruling duke and/or regnal
year is omitted, so the target month key must be
recovered from annalistic structure and discourse
context rather than extracted as a standalone tem-
poral mention.

3 Dataset Construction

We construct ChunQiuTR, a benchmark for tem-
poral retrieval under non-Gregorian, reign-based
dating, using authentic historical texts centered
on the Chungiu and its classical commentarial
tradition. The retrieval gallery is derived from
source texts rather than Al-generated content, while
queries are instantiated from a small set of manu-
ally written templates. LLMs are used only during
curation to propose candidate splits or alignments;
only human-verified results enter the final bench-
mark. Fig. 2 summarizes the construction pipeline.

3.1 Chungiu Corpus and Temporal Scheme

Why the Chunqiu? The Chungiu (Spring and
Autumn Annals) is a terse chronicle of the state of
Lu (722-481 BCE) whose entries record events
using compact, ruler-centric temporal expressions
such as “JCFER” or “E 11 7, often without ex-
plicit absolute years. Its layered commentarial tra-
dition, including the three classical zhuan, expands
and reinterprets the same events along a shared
reign-based timeline. This combination of implicit
temporal reference, aligned historiographical lay-
ers, and overlapping descriptions makes the corpus
a compact and natural testbed for temporal retrieval
with realistic near-miss confusions. Additional
source and preprocessing details are provided in
Appendix A.1.

Reign-based time keys. Our sources use a ruler-
centric, reign-based dating scheme in which regnal
years restart for each new Lu duke. A full form
may appear as “JLF A £ 1E H,” while later en-
tries are often shortened to expressions such as
“2 171 H . with the duke and regnal year supplied
by context. Because these omitted elements often
must be recovered from annalistic structure and
discourse continuity rather than extracted as stan-

dalone temporal expressions, we manually verify
the final time-key assignment for all records.

We normalize this temporal language into month-
level time keys 7 = (gong, year, month), where
gong denotes the ruling duke title. Month level is
the finest temporal unit consistently recoverable in
the Chungiu; finer-grained dates are largely absent
or too sparse to normalize systematically. We as-
sign a time key to every month, including months
with no annals entry, which are later instantiated as
standardized no_event placeholders.

3.2 Record Alignment

Record-time-key alignment. We treat each
record as the atomic retrieval unit: a short event-
level passage aligned to a single month key 7. For
each 7, we gather snippets from the annals and the
three classical zhuan and refine them into event-
level record sets D,. Because sentence or para-
graph boundaries do not reliably match historical
events, we use a lightweight LLM prompt only to
propose candidate splits and groupings, and then
manually review and correct them so that each final
record corresponds to one coherent event with its
aligned commentarial material.

Chrono-near counterfactual negatives. Later
historiographical layers provide naturally confus-
ing, chronologically adjacent paraphrastic variants.
We align these sources to the reign-based time keys
using LL.M-assisted candidate matching together
with fuzzy string matching (Appendix A.3), and
retain only human-verified alignments. For each
time key 7, we define D as records aligned to the
same time key that describe the same situation in
later paraphrase but are not used as ground-truth
retrieval targets. These historically grounded near-
miss variants serve as hard negatives for time-aware
retrieval.

Audit and reliability. We manually verify time-
key normalization because many passages omit an
explicit duke or regnal year and must be resolved
from annalistic structure and discourse continuity.
Among 1,533 non-empty months, 558 contain mul-
tiple events; after LLM candidate grouping, only
63 required additional human correction, while the
remaining 495 were accepted without change. For
later-commentary alignment, LLMs only propose
candidate matches, and the final human acceptance
rate ranges from 93.33% to 100% across sources
(Appendix B.5).
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3.3 Temporal Queries and Evaluation Splits

Temporal query design. We define three fami-
lies of temporal queries: point queries (P-Time),
gap queries (G-Time), and local-window queries
(W-Time), each mapped to a target interval ); on
the reign-based timeline. To make empty inter-
vals queryable, months with no annals entry are
instantiated as standardized no_event records and
included in the gallery. P-Time queries target a
single time key and are answered by the corre-
sponding event-bearing record or by an explicit
no_event record when that month is empty. G-
Time queries target missing-event months within
a specified range, while W-Time queries target
short contiguous windows around an event. All
query templates and examples are provided in Ap-
pendix A.4.

Reign-aligned splits. We partition the month-
level timeline into reign-aware, leak-free
train/validation/test splits. For each duke’s reign,
we allocate disjoint contiguous month blocks
to train, validation, and test in an approximate
80/10/10 ratio, and assign all records and queries
in those months to the corresponding split. No time
key, record, or query appears in more than one split.
Evaluation is performed over the full time-keyed
gallery, while validation and test queries come
only from held-out reign segments. Overall, the
benchmark contains 20,172 records and 16,226
queries (13,053 train / 1,520 validation / 1,653
test); detailed statistics and split visualizations are

provided in Appendix A.S5.

4 Methods

We first formalize ChunQiuTR as a time-keyed
retrieval task in Sec. 4.1. Sec. 4.2 then presents
our Calendrical Temporal Dual-encoder (CTD):
starting from a semantic dual-encoder score, CTD
learns a latent regnal calendar scalar and incorpo-
rates an absolute calendrical context and a relative
temporal bias to form the final score, as illustrated
in Fig. 3. Finally, Sec. 4.3 describes our interval-
overlap multi-positive supervision and joint train-
ing objective.

4.1 Task Formulation

We cast our ChunQiuTR benchmark as a temporal
retrieval task over a discrete, reign-based month
timeline. Building on the time-keyed records in
Sec. 3.2, we formalize all aligned historical mate-
rial as a fixed retrieval gallery

D= {d]}év:h

where each short Classical Chinese record d; is
associated with a reign-based month key 7(d;); we
write D, = {d; € D : 7(d;) = 7} for the subset
under time key 7.

For each query ¢; constructed in Section 3.3,
the benchmark specifies a target interval (); on the
same month axis and a small multi-positive ground-
truth set

g, CD.
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Ground-truth records d; € G; are exactly those
that describe events or explicit non-events recorded
during the queried interval @);, i.e., their time keys
7(d;) fall within @;. The learning objective is to
train a scoring function Sy(g;, d;) that, for each
query, ranks its ground-truth set G; ahead of the
remaining elements of D.

4.2 CTD: Calendrical Temporal Dual-encoder

We instantiate Sy with a standard dual-encoder re-
triever. A shared Transformer encoder fy(-) maps
both temporal queries and candidate records into
a common embedding space, producing pooled
embeddings hg,, hg, € R, As a purely se-
mantic baseline, we compute temperature-scaled
dot-product similarities s = s*™(g;,d;)

h, hy, /o, for a mini-batch of B queries {¢;}2,
and B records {d; }]521. Building on this seman-
tic score, CTD augments the retriever with (i) an
absolute calendrical context injected into the em-
beddings and (ii) a relative temporal bias added to
the similarity, so that matches must agree in both
meaning and calendrical position.

4.2.1 Latent calendar scalar

Reign-based month keys are discrete identifiers and
do not directly provide a metric notion of position
or distance across the stitched regnal calendar. To
support both absolute positioning (for context injec-
tion) and relative offsets (for biasing), we therefore
learn a continuous calendar axis where temporal

relations become measurable.

For any text x (either a query ¢; or a record d;),
let h, € R denote its pooled embedding. On top
of h,, we attach three lightweight prediction heads
for gong, year, and month. Each head produces log-
its over its discrete index set, which we normalize
into distributions p;g ), péy), p,(vm). Taking expecta-
tions yields soft calendrical coordinates g, Yz, Mz,
which locate x on the ruler—year—-month grid.

We then linearize this grid in calendar order and
normalize it to [0, 1], defining a shared latent time
scalar

G'Y-M-1

Uy = € [0,1].
Here G, Y, and M denote the (padded) maximum
numbers of gongs, years-per-gong, and months-
per-year used to index the unified calendar. Texts
from earlier dukes, years, or months receive smaller
uz than those later in the chronicle, enabling both
relative distances Awu and absolute positions to be
modeled on the same axis.

4.2.2 Absolute-temporal learning

We first exploit this signal in an absolute man-
ner (Fig. 3 (a)): instead of feeding discrete
(gong, year, month) indices as hard metadata, we
convert the heads’ soft predictions into a continu-

ous context vector and inject it into the embedding.

Reusing p(g ) p ), p;(rm), we map each calendri-

cal index to a ﬁxed Fourier-style code and build
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sinusoidal codebooks
E(g) c RGXDt’ E(y) e RYXDt, E(m) € RMXDt'

This fixed sinusoidal codebook provides a smooth,
non-parametric absolute-position signal, avoiding
a large learned embedding table for sparse calendri-
cal indices. Taking expectations under pg ) yields
a mixture representation that naturally reflects the
model’s uncertainty instead of committing to a sin-
gle hard index.

We obtain soft absolute-time contexts by taking

expectations:

cl9) = p@W RO o) — p® RO olm) — plm) pim)

Concatenating and projecting yields

C; = We [C(g); Cgcy); Cg:m)] € RH’

T

which we inject via a scalar-gated residual

h, = h; + veq,
where v is learned.
We compute similarities with the context-
enriched representations,

O
s =By by, fo.

which reduces to the semantic baseline ;™ when

v=0.

4.2.3 Relative-temporal learning.

Building on the absolute similarity s?}’s, we further
use the learned calendar axis to bias matching by
relative offsets (Fig. 3 (b)). Given the latent coordi-
nates ug, and ug; for a query-record pair (g;, d;),

we form the temporal offset

A'LLZ‘]‘ = Ud; — Ug; € [—1, 1],

so that distances along the learned timeline can
modulate how easily two texts should match. We
embed this scalar with Fourier-style features

¢(AUZ]) S RD¢,

and apply a small MLP to produce an additive tem-
poral bias

by = e MLP (¢(Aug;)).
The final retrieval score is

CTD __ sabs + b?jme

Sij = Sij

Y

where the learnable scale ¢ (initialized near zero)
keeps the bias lightweight: when ¢ = 0, CTD
reduces to the absolute-only scorer 32?5, and more
generally the model can downweight this term if
the learned calendar signal is unreliable.

4.3 Learning Objectives

We train the purely semantic dual-encoder baseline
with a symmetric single-positive InfoNCE (Chen
et al., 2020) objective over sgjm. For CTD, we
instead optimize a temporally aware multi-positive
retrieval loss using the final scores S%TD.
Interval-overlap multi-positive retrieval. As
shown in Fig. 3 (c), we treat temporal overlap as
weak supervision: each query g; targets an interval
Q; = [t 7%X] " and each record d; carries a
single month key 7(d;) (i.e., I; = [7(d;), 7(d;))).
We mark in-batch positives by overlap,

Pr={jlQnIL#0},

and optimize a multi-positive InfoNCE loss using
the final scores 55

CTD
2 jep, &P (%‘ )

. 1
Emulu - = log )
! B Z; ZkB:I eXp(SEkTD)

B
i=

The remaining in-batch records serve as negatives.
We define Eg‘“l“ symmetrically by transposing

(sZ»CjTD) and use

['multi — %(L:]nultl + czlnultl)‘

Aucxiliary calendrical classification. To stabi-
lize the absolute calendrical signal, we supervise
the gong/year/month heads on passages with cross-
entropy:

Liime = Egbatch [ng{g,%m} CE (p((jr)7 yfp)]

where yc(lr) are the ground-truth calendrical labels

from the aligned time keys (queries are unlabeled).

Overall objective. We jointly optimize the re-
trieval and auxiliary temporal losses with a small
weight Agme:

Etotal = Emulti + )\time Etime-

5 Experiments

5.1 Experiment Setting

We fine-tune two dual-encoder backbones, BERT-
BASE-CHINESE and QWEN3-EMBED-0.6B, on
ChunQiuTR. Model details are deferred to Ap-
pendix B.1.1, training cost and compute settings
to Appendix B.1.2, and the full list of compared
methods to Appendix B.3.
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Method Pub Type R@1 R@5 R@10 MRR@10 nDCG@10
Sparse retrieval
BM25 - Sparse  0.3962 0.5209 0.5620  0.4487 0.3404
BM25+TimeKDE - Sparse  0.4943 0.6086 0.6709  0.5456 0.4222
SPLADE-IDF s, arXiv’'24 Sparse  0.1361 0.2765 0.3569  0.1971 0.1596
SPLADE-{o (zs) SIGIR’25 Sparse  0.0006 0.0309 0.0587  0.0132 0.0143
Fusion / late interaction
ColBERT-JINA (75, MRL’24 Fusion 0.2498 0.4102 0.4743  0.3167 0.2569
ColBERT-LFM2 s, arXiv’25 Fusion 0.3345 0.4567 0.4894  0.3865 0.2691
Dense retrieval (encoder-based)
mE5-Large zs) arXiv’'24 Dense 0.2916 0.3969 0.4574  0.3389 0.2441
mE5-Large-ins zs) arXiv’'24 Dense 0.2359 0.3545 0.4162  0.2862 0.2358
GTE-Large zs) arXiv’'23 Dense 0.2293 0.3527 0.3890  0.2826 0.2188
BGE-Large-v1.5zs) arXiv’'23 Dense 0.2208 0.3430 0.4144  0.2775 0.2280
BGE-m3 ) Findings ACL’24 Dense 0.2698 0.3775 0.4253  0.3135 0.2299
BERT-base gr) NAACL’ 19 Dense 0.5088 0.6279 0.6727  0.5597 0.4283
BERT-base + TempDate gr) SIGIR’23 Dense 0.5027 0.6165 0.6691 0.5508 0.4243
BERT-base + TempDate-Smooth gy PMLR’23 Dense 0.5051 0.6152 0.6673 0.5519 0.4244
CTD ggrr-base (Ours) This work Dense 0.5826 0.6721 0.7090  0.6193 0.4575
Dense retrieval (LM-based embeddings)
GTE-Qwen2-1.5B (zs) arXiv’23 Dense 0.2783 0.4453 0.5009  0.3501 0.2613
ES5-mistral-7B (zs) ACL24 Dense 0.2196 0.3212 0.3684  0.2619 0.2359
PQR (Qwen2.5-7B)r) ACL25 Dense 0.1585 0.3134 0.3805  0.2226 0.1712
PQR (Qwen3-8B)r) ACL’25 Dense 0.0901 0.2184 0.3152  0.1481 0.1184
Qwen3-Embed-0.6B () arXiv’25 Dense 0.3376 0.4852 0.5354  0.3973 0.3107
Qwen3-Embed-4B (zs) arXiv’'25 Dense 0.4410 0.5783 0.6013  0.4985 0.3793
Qwen3-Embed-0.6B (rr) arXiv’25 Dense 0.5771 0.6376 0.6818  0.6045 0.4460
Qwen3-Embed-0.6B + TempDate rr) SIGIR’23 Dense 0.5523 0.6425 0.6630 0.5924 0.4391
Qwen3-Embed-0.6B + TempDate-Smoothgr) PMLR’23 Dense 0.5638 0.6346 0.6727 0.5942 0.4396
CTD Qwen3-Embed-0.68 (Ours) This work Dense 0.5923 0.6485 0.6927 0.6194 0.4575

Table 1: Test-set retrieval performance on our ChunQiuTR benchmark under the official evaluation protocol.

5.2 Main Results

From Table 1, ChunQiuTR is clearly non-trivial
and strongly time-sensitive: most zero-shot
sparse, fusion, and dense retrievers lag behind
tuned BM25, while a simple temporal prior
(BM25+TimeKDE) yields a large gain over BM25
and nearly matches supervised dense models.
On encoder-based dense retrievers, in-domain
fine-tuning already outperforms BM25+TimeKDE,
generic dating auxiliaries (TempDate / TempDate-
Smooth) give little benefit, and adding our CTD
objectives on the same backbone yields a clear
boost in early precision (around +7-8 points on
R@1). LM-based dense retrievers show a sim-
ilar pattern: zero-shot LM encoders and PQR
pipelines underperform BM25+TimeKDE, lightly
fine-tuned Qwen3-Embed-0.6B is strong, and the
CTD-enhanced variant further improves early pre-
cision and achieves the best overall scores (R@1,
MRR @10, nDCG@10), indicating that explicit
time-key supervision adds fine-grained temporal
structure beyond simple priors or auxiliary dating
heads.

Cross-corpus pilot on Zizhi Tongjian. As an out-
of-domain probe, we further evaluate ChunQiuTR-

FT baseline CTD (ours)
MRR R@1 | MRR R@l1

Qi Ji (part) 268 92 0.2081 0.1848 | 0.2304 0.2065
Jin Ji (part) 820 119 | 0.1598 0.1345 | 0.1751 0.1597

Subset Records Queries

Table 2: Cross-corpus pilot on processed Zizhi Tongjian
subsets. No target-corpus training is performed.

trained retrievers on two processed subsets from
Zizhi Tongjian, an annalistic general history that
also records events under non-Gregorian, reign-
based temporal expressions (Appendix B.4). For
each subset, we build a month-level gallery from
event-bearing lines and automatically instantiate
one point-style query for each unique month key
using traditional reign-year expressions, without
any additional training on the target corpus. Un-
like the full ChunQiuTR benchmark, this pilot
does not reconstruct explicit no_event months,
commentary-derived hard negatives, or the full
point/gap/window query families, and is therefore
intended as a lightweight cross-corpus transfer
probe rather than a second benchmark.

As shown in Table 2, CTD consistently improves
both MRR and R@1 on the two Zizhi Tongjian
subsets without any target-corpus fine-tuning. Al-
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Method Single-month (|Q| = 1)  Multi-month (|Q| > 1)
R@1 MRR@10 R@1 MRR@10

BM25 0.397 0.413 0.396 1-0.001  0.499 1+0.086
ColBERT-LFM2 (5, 0.298 0.312 0.386 1+0.088  0.490 1+0.178
mES-Large zs) 0.259 0.279 0.337 ++0.078  0.422 1+0.143
BERT-base ) 0.497 0.516 0.525 ++0.027  0.621 1+0.106
CTD BERT-base (Ours) 0.509 0.530 0.685 1+0.176  0.744 1+0.214
Qwen3-Embed-0.6B (zs) 0.353 0.385 0.317 1-0.036  0.415 1+0.031
Qwen3-Embed-0.6B (¢r) 0.481 0.495 0.711 140230 0.757 1+0.262
CTD Qwen3-Embea-0.68 (Ours) 0.491 0.513 0.733 140242 0.767 1+0.255

Table 3: Impact of query span on retrieval performance
on the test set. We compare single-month (|Q)] = 1) and
multi-month (|| > 1) queries; for multi-month queries,
the numbers in parentheses give absolute changes rela-
tive to single-month queries.

QUERY point):

e
PLBRAZEZA. (W) R=METHILAZE.

#2 MR, E-A, RARKRMRTRE, =A, RALZ,
#3 PU4ER, ESAMRM, BRFRD. HBRHBHA--

ERARE= AN, (WH) BT HE?
Baselin : ‘

Ours
o1 X, ESA, SREMR, SN, SR~
B. (#H) REMETHEAZE.
F=A: EEREALEERM, KEHAR.

QUERY'..(,,“‘,,): KEH’LH:E-#*EZ{}MT@FH!‘ (‘%ii')()?‘ié%ﬁ‘lil‘?‘
i
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Figure 4: Visualization of Qualitative Examples.

though this pilot is intentionally lighter than the
full ChunQiuTR setup, the trend suggests that the
temporal-consistency bias learned on ChunQiuTR
transfers beyond the source corpus and continues
to help distinguish chrono-near but temporally mis-
matched evidence.

5.3 Analysis

5.3.1 Impact of Query Type

Table 3 compares single-month (|Q)| = 1) and
multi-month (|Q| > 1) queries. Across most
methods, multi-month queries substantially boost
MRR @10 and give small gains or no change in
R@1, reflecting the fact that it is easier to hit any
correct month within a span than a single target
month. Our CTD models achieve the best perfor-
mance in both regimes, with especially large gains
on multi-month queries for the BERT backbone
(roughly +0.16 R@1) and consistent improvements
for Qwen3-Embed, indicating better temporal or-
dering under chrono-near confounds.

5.3.2 Qualitative Examples

Fig. 4 illustrates the contrast between a BERT-
based baseline and our time-aware retriever via
two queries. For a point query, the baseline is dis-
tracted by frequent no_event templates and events
from neighboring months, while our model cor-
rectly locates the target chronicle entry. For a

Variant  Loui b3 co R@1 MRR@10
FT baseline - - - 0.5771 — 0.6044 —
+ Lol v - — 0.5820 1+0.0049 0.6107 1+0.0063
+ Bias v v — 0.5898 1+0.0127 0.6135 ++0.0091
+ Ctx v — v 0.5850 1+0.0079 0.6134 ++0.0090
Full (Ours) v v v 0.5923 1400152 0.6194 ++0.0150

Table 4: Ablation study on the test set under the same
evaluation protocol as Table 1. For each metric, the sec-
ond line reports the change relative to the FT baseline.

broader window query, the baseline’s results are
dispersed across later exegetic discussions, whereas
our model concentrates probability on the correct
local window, retrieving both the pertinent event
and an explicit no_event record. Overall, these
examples show that our retriever couples temporal
reasoning with semantic matching beyond surface
cues; moreover, temporal errors are often confident
rather than uncertain, motivating retrieval-time tem-
poral constraints over downstream generation fixes
(see Appendix B.2.4 and Appendix B.2.5).

5.3.3 Ablation study

We ablate three components: the retrieval objective
Lmulti, the relative-time logit bias b%me, and the soft
absolute temporal context c,. Starting from the FT
baseline, adding L4 leads to a modest but con-
sistent improvement. This indicates that explicit
retrieval supervision enhances time-key discrim-
ination beyond standard fine-tuning. Adding ei-
ther temporal signal further improves performance.
The logit bias yields a larger gain in R@1, suggest-
ing that it effectively reshapes in-batch matching
toward chronologically plausible candidates. In
contrast, injecting temporal context achieves com-
parable improvements in MRR, indicating better
overall ranking quality. Combining the bias and
the context produces the best results, with additive
gains over each individual component. This sup-
ports their complementary roles: the bias calibrates
pairwise similarities, while the context enriches
representations with absolute-time distributional
cues.

6 Conclusion

We presented ChunQiuTR, a time-keyed tem-
poral retrieval dataset built on the Spring and
Autumn Annals and its commentarial tradition.
ChunQiuTR operationalizes a non-Gregorian,
reign-based month timeline (gong—year—month)
and evaluates retrieval under realistic histori-
cal confounders—Ilexical-near same-key materi-
als, adjacent-month near-misses, and explicit
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no_event months—making temporal fidelity a
first-class requirement beyond topical relevance.
We further proposed CTD, a calendrically time-
aware dual-encoder that augments semantic match-
ing with absolute context injection and relative off-
set biasing. Against strong semantic dual-encoder
baselines, CTD consistently improves retrieval
quality and reduces chrono-near confusions that
can mislead evidence-grounded systems.

Limitations

ChunQiuTR is constructed from the Chungiu an-
nals and their major commentaries, and is orga-
nized around reign-based month-level time keys.
This narrow scope limits the generality of our find-
ings: retrieval behaviors and error patterns may
differ in other pre-modern corpora with different
calendrical conventions, narrative styles, and edi-
torial traditions, and our results therefore do not
directly imply the same gains under those settings.
Extending the same construction procedure to other
dynastic corpora would require additional source-
specific normalization, temporal alignment, and
curation, which we leave to future work.

Moreover, a month-level timeline cannot rep-
resent finer-grained temporal relations within a
month, and the remaining errors suggest that two
cases are still particularly challenging even with
temporal supervision: near-duplicate records in
neighboring months, and genuinely ambiguous
historiographical cases that are difficult to disam-
biguate from local textual evidence alone. Fu-
ture work includes extending the benchmark to
broader historical corpora and finer temporal granu-
larity, incorporating stronger reranking or evidence-
checking modules for borderline confusions, and
evaluating downstream impacts in end-to-end RAG
pipelines.

Potential Risks. We consider the overall risk of
this work to be relatively low, since ChunQiuTR
is intended as a research benchmark for tempo-
ral retrieval over classical Chinese historical texts.
However, retrieval errors or temporal misalignment
may still mislead downstream historical interpre-
tation if model outputs are treated as authoritative
evidence rather than retrieval support. In addition,
benchmark construction choices, such as source se-
lection, commentary filtering, and month-key nor-
malization, may introduce biases inherited from
the source materials and from our curation pipeline.
Accordingly, the benchmark and released models

should be used with human verification in scholarly
or educational settings.
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A Details of Dataset

A.1 Annals and Exegetical Layers

The Chungiu corpus combines two tightly cou-
pled layers. The annals themselves are extremely
terse month-level records, which provide the pri-
mary temporal anchors on the Lu-state regnal time-
line. By contrast, the three classical zhuan (Zuo,
Gongyang, and Guliang) expand the same entries
into narrative, interpretive, or doctrinal prose. In
ChunQiuTR, we treat the annals line as the an-
chor and the aligned zhuan passages as seman-
tically richer event descriptions under the same
reign-based time key.

Table 5 illustrates this structure with the canoni-
cal case “(MA B TRL” (Duke Yin, Year 1, Month
5). A single annals line is expanded by the three
zhuan in different ways, while later commentarial
and historiographical sources further paraphrase or
reinterpret the same event. This layered organiza-
tion is central to our benchmark design: it provides
both aligned event records and naturally occurring
chrono-near but non-target passages.

A.2 From Parallel Texts to Reign-Based Time
Keys

A.2.1 Reign-based time keys

Our normalized time axis uses month-level keys of
the form

7 = (gong, year, month),

for example [&fEATHFEIEA] or [E1E
AJCEEZ A | . We scan the annals sequentially
while maintaining the current triple (g, y, m). Full
reign cues initialize a new key, bare year mark-
ers start a new regnal year under the current ruler,
month markers update only m, and sentences with-
out new temporal cues inherit the current triple.
Table 6 shows representative cases.

A.2.2 Record-time-key alignment

We align event-level records under each normal-
ized time key using lightweight LLM suggestions

System: You are a scholar of Chungiu.
Prompt:

Given the following passages under
the same time label, group them by event.
Passages describing the same event should
be placed into one group.

Separate different groups with three
blank lines. Preserve the original formatting

and do not add any extra content: { text}@

@ [ER] 4, +A=A, £k, AFHEE,
[ERQ¥M &, TH-A, Kk, KA
2 - AFHAF, FAUFH? Ed,o -
[EHBRME £, tH=A, £k, kE--
NS R
[ERERM +-A, &%, FE4b. BR
. AR, BIAEFH.

& ‘Output:
(K] 4, THZA, KK,

[ERAEM &, tHZA, £MaK. £h%--
[ERRRE &, tA-A, Bk, kE-
[ERERS] A, &%, FEab.

(1
Dr

&M AT HEAE.

ol ERAEM] AFHME, FAUTE? R

T EHRRE] A FaEE., AKHE
|[SHERM BRF. ATRM, KTEH.

Figure 5: Example of event-level grouping under the
reign-based time key [E[EATTE T H] . The
model is prompted to split mixed passages and group
aligned commentary snippets by event.

followed by manual verification. This is necessary
because a single annals line may compress multiple
events, while commentary passages may expand
one event across several fragments. Figure 5 shows
a representative case under the time key [ &2
TTETZHL .
In this case, the mixed annals line is split into
two records, one for [ 4514 3% | and one for
[ AF3fiZE] | each grouped with its aligned
zhuan passages. All such suggestions are manually
checked before entering the benchmark.

A.3 Details of Chrono-near counterfactual
negatives

A.3.1 Classical sources and perspectives

Our chrono-near counterfactual negatives draw on
several classical works that reorganize or reinter-
pret Chungiu events from distinct perspectives:

Gu Donggao’s Chronological Tables (i 14 15

(BERKEFE) ). Gu’s Qing-dynasty compi-
lation systematically re-orders the Chungiu and the
three zhuan into explicit chronological tables. Each
entry typically specifies the state, the reigning gong,
the year, and a short prose summary of the event,
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Text (excerpt + short gloss) Source Label
2. BA. MawBTES.
(€209
Chungqiu
Annals anchor: Zheng subdued Duan at Yan in month 5. Y23/ annals event
2, BA, BABETE. mZ&F? Rz . RZNERHBEZw? KMoz &
o BEEM? MAZ B LAY HEH .
(BRAFESE)
Gongyang zhuan
Gongyang reads ke as killing and amplifies moral blame. &3/ zhuan event
2, LA, BAFETE . wHM? GEtH . MEEH? Rt . MUAER? W
ZEEMRE - B FBESEA...... BRTHRZESR, BREIMER AL -
(BB RE)
Guliang zhuan
Guliang stresses armed revolt, conduct, and intensified censure. &3/ zhuan event
BE: YA TR . "BAH, HAEH, =8, #MER, WME, JIEH
, HZHE. NEHE, W
(B
Zuo zhuan
Zuo treats wording itself as a signal of layered blame. %3/ zhuan event
RERTEE#ESL, MA - FEER. ERE—E%, EAH:. “ENEHRNGE
A, GEREOTFIT, MARAHR, A BZuIER -
(BFAKER)
Chronological
Gu Donggao rejects the reading that Duan was killed. JBkE ST / Qing neg
ARENTIERME, JUREE - B, 8RN E5. BIXME B R B IR X -
(BREERRTE)
Zuo zhuan zhu
Du Yu explains how wording encodes both political and personal blame. KT/ Jin neg
PA“E w1558 F e 555, SRARRARE T99RAE . AR IIREL, ORI R KHM
FHAFLE -
(BRERHD
Zuo zhuan shu
Kong Yingda systematizes the case through doctrinal categories. FLAUE / Tang neg

Table 5: Aligned materials under the reign-based time key & F& /A T FH for “(B{H 7 Bt T-HB”. The annals give
the anchor, the three zhuan provide aligned expansions, and later sources yield chrono-near non-target paraphrases.

sometimes highlighting cross-state interactions or
disagreements among the Zuo, Gongyang, and Gu-
liang traditions. Compared to the terse annals, these
tables provide a more “modernized” timeline and
condensed paraphrases of events, which we reuse
as temporally grounded, paraphrastic negatives.

Wei Liaoweng’s Chungiu Zuozhuan Yaoyi (3}
TH CBKERZENL) ). Wei's Southern Song
work focuses on extracting the “essential meanings”
of Zuo zhuan episodes. His prose often paraphrases
the underlying narrative, emphasizes moral and rit-
ual judgments, and occasionally re-groups several
Zuo passages into a single didactic unit. From our
perspective, these are high-level, discursive restate-
ments of the same historical events, written in a
style that differs noticeably from the base corpus.

Zuoshu annotations and sub-commentaries (73
£i). In addition, we employ the Siku Quanshu
edition of Zuozhuan annotations, which combines
multiple layers: Lu Deming’s yin yi (& X), Du
Yu’s Jin-dynasty commentary, Kong Yingda’s Tang-
dynasty Chungiu Zhengyi, and later Song-dynasty
notes such as Lii Zuqian’s Zuozhuan shuo. These
texts embed glosses, philological notes, and exeget-
ical reformulations around the same events. While
they do not always restate the full narrative, they
frequently echo key phrases, name important ac-
tors, or re-frame the event in ritual or moral terms.

Taken together, these sources provide us with
multiple “views” on the same historical episodes:
terse annal entries, narrative expansions in the
three zhuan, tabular re-organizations (Gu Dong-
gao), moral-didactic summaries (Wei Liaoweng),
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Original chronicle snippet

Cue / update

Normalized time key

L, B, EIEA-

Initialize a new reign-year (B2 /A TGEF),

R AITTHFIEH

month = I[EH

=R, ARAUSCETE-

New month (= A), inherit current

BRATLEZH

reign-year

B, ARETHE-

New year (—.4F) under the same ruler,

B ATHEIERA

=3
¢

reset month to 1 A

TCEE, B, EIEA. ARME.

New ruler detected (), reset year

iy

f

il
>

JLEEIE

an

to JC4F and month to 1F A

Table 6: Representative mappings from raw chronicle phrases to normalized reign-based time keys.

and layered annotations (¥ #i). By aligning them
into the reign-based time-key space defined in the
main text, we obtain chrono-near passages that
are temporally co-located with our ground truth
records D, but often differ in wording, emphasis,
or even event granularity.

A.3.2 LLMe-assisted reverse matching and
fuzzy alignment

For sources like Lii Zuqian’s Chungiu ZuoZhuan
Shuos ( (FREEKAZV4) ) and certain annotation
layers, the text is often organized as short titled
sections (e.g., event summaries or topic headings)
rather than direct quotations of the base corpus.
To map these paraphrastic units back to concrete
passages in the annals and Zuo zhuan, we adopt
an LLM-assisted “reverse matching” strategy, illus-
trated in Fig. 6.

Given a candidate item with a ruler name, an ap-
proximate year range, and a short event title (e.g.,
from Li’s Chungiu ZuoZhuan Shuos), we query
a classical-Chinese LLM (DeepSeek) as a virtual
Zuo zhuan expert. When the model can make
a judgment, it must return only the original Zuo
zhuan text segment; when it is uncertain, it must
output the sentinel token NONE. In all cases, these
LLM suggestions are further filtered and manually
checked before being accepted into our aligned
record set.

Once a plausible Zuo zhuan span has been sug-
gested and validated, it can be matched back to
the digitized base text with simple fuzzy string
matching, which uniquely anchors the passage to
its canonical location and the corresponding reign-
based time key 7.

A4 Query Types and Templates

We instantiate a small set of Traditional-Chinese
natural-language templates over normalized reign-
based month keys (e.g., “/ATCF . H”). Queries
are divided into point queries, which target a single

Template groups (index range)

BASE (1-12)
BASE (13-20)

MONTH_PAST (21-26)
MONTH_FUTURE (27-31)
MONTH_AROUND (32-36)
MONTH_RANGE (37-41)

YEAR_CURRENT (42-46)
YEAR_PAST (47-49)
YEAR_FUTURE (50-52)

Type

point, content-oriented
point, existence / no-event

window, past
window, future
window, around
window, range

window, current year
window, previous year
window, next year

Table 7: Query template groups used in ChunQiuTR.

month, and window queries, which target a span
around a reference month. Point queries include
both content-oriented and existence-oriented for-
mulations, while window queries cover past, future,
around, and explicit-range retrieval. Figure 7 illus-
trates representative temporal interpretations, and
Table 7 summarizes the template groups used in
experiments. Empty months are handled through
the same point/window formulations via no_event
placeholders when the target month or span con-
tains no recorded event.

A.5 Statistics of Dataset

A.5.1 Raw unit-level length statistics (before
sentence splitting)

Before sentence-level segmentation, we collect raw
records from the Chungiu annals and the three tra-
ditional zhuan (positive pool), as well as later ex-
egetical layers such as Zuoshi zhuanshuo and Chun-
qiu Zhengyi (negative pool). Table 8 reports basic
character-length statistics over these raw records.

The raw source pools differ substantially in
length and discourse style, especially between
canonical records and later exegetical materials,
which motivates sentence-level segmentation be-
fore retrieval construction.

Fig. 8 summarizes month-level coverage and gap
months over the normalized Chungiu timeline. The
benchmark spans 3036 reign-based months from
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Pool Source # Raw units  Total chars (K) Avg.len. Median Min Max
Positive ~ All (annals + three zhuan) 6641 293.7 44.22 - - -
Positive ~ Chungiu annals 1532 19.2 12.52 10 2 71
Positive  Gongyang zhuan 1776 44.5 25.05 10 2 671
Positive ~ Zuo zhuan 1547 189.1 122.20 48 3 2658
Positive  Guliang zhuan 1786 41.0 22.93 11 2 467
Negative  All exegetical layers 9227 1014.9 109.99 - - -
Negative  Lii Zugian 241 99.0 410.70 365 14 1715
Negative ~ Kong Yingda 3653 483.5 132.36 83 0 2243
Negative Du Yu 3652 218.1 59.72 49 1 714
Negative ~ Gu Donggao 481 39.3 81.80 62 1 597
Negative ~ Wei Liaoweng 1200 174.9 145.79 106 10 2877

Table 8: Raw record-level character-length statistics before sentence splitting. Character counts are reported in
thousands (K). Positive records come from the Chungiu annals and the three traditional zhuan, while negative

records come from later exegetical layers.

Duke Yin to Duke Ai, with a substantial proportion
of months containing no recorded event, confirm-
ing that gap months are a pervasive property of the
corpus rather than an edge case.

A.5.2 Record-level segmentation.

To construct retrieval units, we convert hetero-
geneous raw source materials into sentence-level
records. We first use an LLM to propose punctua-
tion and sentence boundaries (fiJ35£) for each raw
passage, and then apply a light rule-based splitter
over classical discourse markers such as “F1”, “Z=”,
and “f&E1”. During this step, we also perform min-
imal normalization to reduce stylistic boilerplate,
for example by stripping framing markers such as
“IE X E1” or formulaic quotation headers that do
not contribute substantive event content, and by
discarding extremely short fragments that contain
only a few characters.

Each resulting record inherits the reign-based
time key and source metadata of its parent unit, and
is assigned a coarse type label: event, no_event,
or neg_comment. For months where the annals and
the three zhuan jointly indicate that nothing was
recorded, we additionally synthesize a standardized
no_event record for that time key (e.g., “&f5 /A
TEZHA: B @XR=tTHALE
A]F5 - ), so that retrieving an empty-month case
still requires matching the correct reign and month,
rather than collapsing all such queries to a single
global “nothing happened” entry.

This process yields 20,172 records in total,
which constitute the retrieval gallery used in our
time-aware experiments (Table 9).

A.5.3 Final benchmark splits.

The benchmark is split at the month level using an
approximate 80/10/10 partition, and all records and
queries inherit the split of their associated time key
to avoid temporal leakage. As shown in Table 9, the
final benchmark contains 3036 month keys, 20,172
record-level retrieval units, and 16,226 queries,
with explicit breakdowns by split and record type.

A.5.4 Data sources and licensing.

Source & license. All digitized texts used in
ChunQiuTR are retrieved from Chinese Wikisource
(Siku Quanshu editions). Individual work pages are
tagged as public domain (e.g., PD-old), while plat-
form content is provided under CC BY-SA 4.0 and
the Wikimedia Terms of Use. To facilitate compli-
ant reuse, we record page revision IDs (oldid) and
release the benchmark as derived metadata together
with scripts for re-downloading the raw texts.

B Details of Methods

B.1 Details of Experiment Setting

B.1.1 Model and Training Details

We fine-tune two dual-encoder backbones: BERT-
BASE-CHINESE and QWEN3-EMBED-0.6B. For
BERT-BASE, we use [CLS] pooling; for QWEN3-
EMBED-0.6B, we use last-token pooling.

Both backbones are trained with a contrastive
retrieval objective using multi-positive supervision
and explicit hard-negative training. We addition-
ally apply an auxiliary time classification loss over
the three discrete factors (gong/year/month), with
weight 0.1 and label smoothing € = 0.2. For CTD,
we enable both the relative temporal bias and the
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Split #months #records # queries Avg. ground-truth recs/query  #eventrecs #no-eventrecs # neg. comments
Train 2424 16027 13053 7.3 5360 1209 9458
Validation 295 2049 1520 6.8 626 152 1271
Test 317 2096 1653 72 782 149 1165
Total 3036 20172 16226 72 6768 1510 11894

Table 9: Final benchmark statistics and splits over month-level time keys, record-level retrieval units, and queries.
The “Avg. ground-truth recs/query” column reports the average number of labeled relevant records per query in
each split, and the last three columns break down records by type (event, no_event, and neg_comment).

Work / layer Role in ChunQiuTR  Digital source (edition) License note / release plan

Chungiu C&Fk) base corpus Chinese Wikisource (Siku Work pages: tagged PD-old. Platform
Zuo zhuan (E EE) base corpus Quanshu edition; page text: CC BY-SA 4.0 (Wikimedia Terms of
Gongyang zhuan (AF) base corpus revision oldid recorded) Use). We release derived metadata (time

Guliang zhuan (F)

Gu Donggao, Chungiu
Dashibiao (tris (B KE
#))

Wei Liaoweng, Chungiu
Zuozhuan Yaoyi BT 5 (B
E) )

Zuozhuan annotations /
sub-commentaries (JF5i; e. <.,

FIEENES

base corpus
chrono-near
paraphrastic negatives

chrono-near discursive
negatives

lexical-near annotation
negatives

keys, alignments, queries/qrels, indices)
and scripts to re-fetch raw texts from
recorded oldid revisions.

Table 10: Text sources and licensing. All digitized texts are retrieved from Chinese Wikisource (Siku Quanshu
editions), with page revision IDs (o1did) recorded for traceability. See Appendix A for alignment and preprocessing.

soft absolute temporal context derived from pre-
dicted time distributions.

We optimize with AdamW (weight decay 0.01)
and a linear learning-rate schedule with warmup
ratio 0.1. For BERT-BASE, we train for 5 epochs
with batch size 64 and learning rate 2 x 10~°, using
maximum query/passage lengths of 64/196. For
QWEN3-EMBED-0.6B, we train for 3 epochs with
effective batch size 16 and learning rate 3 x 1076,
using maximum query/passage lengths of 128/256;
we also enable global in-batch negatives.

We select checkpoints by validation Recall@1
and report Recall@K and MRR@10 on the test
split under the same evaluation protocol. During
evaluation, both commentary negatives and explicit
no_event records are included in the candidate

gallery.

B.1.2 Training Cost and Computational
Resources

We report the computing infrastructure and approx-
imate GPU-hours for representative fine-tuning
runs.

Hardware. BERT-BASE-CHINESE is trained on
a single GPU (either 1x NVIDIA RTX A6000
or 2x RTX 3090, depending on availability).
QWEN3-EMBED-0.6B uses multi-GPU distributed

Backbone Variant #GPU  Time/run  GPU-hours
BERT-BASE-CHINESE  FT baseline 1 215 min ~0.25
BERT-BASE-CHINESE ~ CTD (full) 1 ~19 min ~0.32
QWEN3-EMBED-0.6B  FT baseline 2 ~45 min ~1.50
QWEN3-EMBED-0.6B  CTD (full) 2 45 min ~1.50

Table 11: Compute cost for representative fine-tuning
runs on ChunQiuTR. Time is wall-clock per run; GPU-
hours are computed as (#GPU) x (time in hours).

training (either 2x RTX A6000 or 4x RTX 3090)
to support global in-batch negatives.

Training cost. Table 11 reports representative
wall-clock time per run and the corresponding
GPU-hours. These numbers cover end-to-end fine-
tuning with periodic validation; sparse baselines
and non-parametric time priors incur negligible
training cost.

Hyperparameters. We do not perform large-
scale hyperparameter sweeps. Instead, we adopt
standard fine-tuning settings for each backbone and
select the best checkpoint by validation Recall@1.

B.2 Details of Analysis

B.2.1 Details of Ablation Study

We further replicate the ablation with
bert-base-chinese to examine backbone
sensitivity. As shown in Table 12, adding multi-
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. System: You are a scholar familiar with the Zuozhuan.
Prompt:

Ruling lord (state): {gong}@

Reign year(s): {time_range}

Event subtitle in (Chungiu Zuozhuan Shuos) : {event}@

Based on your knowledge of the Spring and Autumn Annals ( (&
#) ) and the Zuozhuan ( (Z/%) ), infer which passage in the Zuozhuan
this event subtitle is most likely to correspond to.

Instructions:

- As long as it describes the same historical event and is broadly
similar in content, the wording does not need to be exactly identical.

- It can be one sentence or several sentences from either the Classic
(jing) or the Commentary (zhuan), and you may extract only the key part.

- Please try to give the single passage from the Zuozhuan that you
believe is most likely. Only when you have absolutely no clue and cannot
judge at all should you output "NONE".

A Format requirements (very important):

- If you can make a judgment, **output only the original Zuozhuan
text itself**, without any explanation, analysis, or commentary.

- Do not output book titles, years, or chapter names, and do not
add any prefixes such as "The original text is:".

- Do not add quotation marks, book-title marks, or brackets; only
output the plain original text.

- If you cannot judge, output only: "NONE" (all uppercase, with no
other content and no punctuation).
Please strictly follow the above format in your answer.

@ Input:

{gong}=/% /-
{time_range}-7 %
{event)=5<1# A 2 7 B

&’ Output:

M, WAAETH, BHRE, AHARERE. £AEE, B£K, %4
B [EE], #BZ, ZERE, Kxz. BFTRA, A%ef. REANM,
A2ihl, AE: [#, BB, BREB, LE%Re, | #E, #EL, X
FRAM. FME: [ARBTEE, HLE0, £I26, ABTEHLEL—,
PEX—, MZ—, SRFE, FHlb, ZHTE. | AE: [ERHZ, B
BE? | HE: [ERFABIA? TEAZS, RERS! §, BEG. §¥
Bk, REZREAETF? | AE: [£07%, XA%, TEAZ. ]

Figure 6: LLM-assisted reverse matching from para-
phrastic event titles in Lii Zuqian’s Chungiu ZuoZhuan

Shuos ( (EREKAL VL) ) to Zuo zhuan passages.
We show the full text-only prompt given to a classical-
Chinese LLM (DeepSeek), together with one concrete
example: for ruler Yin of Lu, year 1, and the subtitle REAS
RS FE BB from Chungiu ZuoZhuan Shuos, the
model proposes the most likely Zuo zhuan passage. The
model is required to output only the original Zuo text,
or the sentinel token NONE when it cannot decide.

positive retrieval supervision already improves
over the FT baseline, while temporal modeling
yields substantially larger gains. Among the two
temporal modules, the soft absolute temporal
context ¢, contributes a stronger overall boost
than the relative-time bias b?;ne, and combining
both gives the best performance. The larger gains
on BERT than on stronger embedding backbones
suggest that temporal supervision and structured
negatives are especially helpful when the base
retriever has more room to reduce chrono-near
confusions.

Variant  Lrui b3 co R@1 MRR@10
FT baseline - - - 0.5088 — 0.5597 —
+ Lol v —  — 0.5178 ++0.0090 0.5685 ++0.0088
+ Bias v v — 0.5384 1+0.0296 0.5776 1+0.0179
+ Ctx v — v 0.5620 1+0.0532 0.5961 1+0.0364
Full (Ours) Vv v v 0.5826 1+0.0738 0.6193 1+0.0596

Table 12: Ablation on the test set with

bert-base-chinese.

B.2.2 No-event and Hard-negative Behavior

Table 13 probes two protocol switches: whether to
keep pure no_event queries (dq) and whether to
inject neg_comment passages as chrono-near hard
negatives (neg). Including pure no-event queries
consistently raises scores across all methods, indi-
cating that empty-month retrieval is substantially
easier and should be controlled by protocol. By
contrast, injecting neg_comment passages exposes
genuine robustness differences: the BERT FT base-
line drops noticeably, whereas CTD ggrrbase I'e-
mains stable, and both Qwen-based systems change
only marginally. Overall, the benchmark contains
both an easier no-event regime and a harder exeget-
ical hard-negative regime, with CTD improving
robustness especially for weaker backbones.

B.2.3 Full Protocol Grid Results

We report results under all valid combina-
tions of the three evaluation switches: neg
(whether neg_comment passages are included in
the gallery), ne (whether explicit no_event records
are included), and dg (whether pure no_event
queries are dropped). Modes are denoted as
neg{0/13}_ne{0@/13}_dq{@/1}. When ne=0, pure
no_event queries are ill-defined for retrieval, so
only dg=1 is reported.

Tables 14 and 15 summarize validation and test
results for all queries, and separately for the point
and window families. Two trends are consistent
across settings: keeping pure no_event queries
(dg=0) raises aggregate scores, whereas injecting
neg_comment passages (neg=1) yields a harder and
more realistic gallery. The full grid is therefore
intended mainly as a protocol reference and robust-
ness diagnostic.

Full-grid results. Tables 14 and 15 report Re-
call@K, MRR @10, and nDCG @ 10 on validation
and test under each mode. We report results on
all queries, and also stratify by point and window
families (corresponding to our point-/gap-like vs.
window-style temporal probes in the main paper).
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Reasoning-Type

Time-Evolution Fact

[Time Specifier]

Point, content-oriented

Point, No-event month

Past/Future window
(1 month)

Past/Future window
(multiple months)
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Figure 7: Representative temporal query types in ChunQiuTR, including point queries, past/future windows, around
windows, and explicit ranges over reign-based month keys.

Including pure no-event queries (fix neg=0, ne=1)

Hard-negative robustness (fix ne=1, dg=1)

Method
dg=1 dq=0 A neg=0 neg=1 A
R@1 MRR@10 R@1 MRR@10 R@1 MRR@10 R@l MRR@10 R@l MRR@10 R@1 MRR@I10

BM25 0.240 0296 0418 0470 1+0.178 140173 0.240  0.296  0.228  0.282 1-0012  1-0.014
ColBERT-LFM2 (5 0.220 0.277 0.333 0.386 +40.113  1+0.109  0.220 0.277 0.222 0.278 1++40.002  1+0.001
BERT-base fr) 0.378 0.439 0.560 0.606 140,182 1+0.167  0.378 0.439 0.306 0.374 1-0.072  1-0.065
CTD ggrr-base (Ours) 0.407 0456 0.583 0.619  1+0175 140163 0.407 0456 0.407 0.456 0.000 0.000
ES-mistral-7B zs) 0.062 0.093 0.225 0.270 140.163  1+0.177  0.062 0.093 0.054 0.082 1-0.008  1-0.011
Qwen3-Embed-0.6B (rr) 0.396 0.434 0.577 0.605 140,181 1+0.171  0.396 0.434 0.396 0.433 0.000 1-0.001
CTD qwen3-Embed-0.68 (Ours) 0.420 0457  0.594  0.621 140.174 140164  0.420 0457 0418 0.455 1-0.002  1-0.002

Table 13: No-event and hard-negative behavior under protocol variations on the test set. Left: dg=1 vs. dg=0 (fix

ne=1, neg=0), where dq drops or keeps pure no_event queries. Right: neg=0 vs. neg=1

(fix ne=1, dg=1), where

neg injects neg_comment passages into the gallery. A denotes the within-method change.

What this grid clarifies. Two takeaways are par-
ticularly relevant for interpreting aggregate scores.
First, dg=0 (keeping pure no-event queries) can
noticeably inflate overall metrics compared to
dg=1, motivating our practice of reporting both
settings: dg=0 reflects the benchmark’s intended
scope (event months and explicit empty months),
while dg=1 isolates event-seeking behavior. Sec-
ond, injecting exegetical hard negatives (neg=1)
is a strictly harder and more realistic gallery set-
ting; models that remain stable between neg=0 and
neg=1 exhibit stronger robustness to chrono-near
confounds from commentarial material.

B.2.4 Top-1 Near-miss Failure Cases

Figure 9 shows two representative near-miss cases
on the test set: our retriever fails to place the cor-
rect passage at rank 1, but still retrieves at least one
ground-truth passage within the top—5, whereas
the baseline fails to surface any ground-truth evi-
dence. In both cases, a key confounder is the highly
reusable no_event-style wording and its chrono-
near reoccurrence across adjacent months, which
can trigger top-rank swaps. These examples sug-
gest that the remaining errors are often ordering
errors under strong lexical or temporal confounders,
rather than complete retrieval failure.
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Figure 8: Month-level coverage, gap counts, and gap ratios for the normalized Chungiu timeline (overall and per Lu

ruler).

QUERY(point]:

BRANEZA, BEABMEE? (What happened in Duke Cheng’s 6th year, 2nd month?)

Baseline
EERRALERE, EEEATHK.
(BEHR) EXR=(IREARETE.
RERRASERN, REETH.
EERRALERN, EEEATHR.
EERRALERE, EEEATH.

#1 BRALEZAR:
#2 BXAXREZAR.
#3 BRANEZAR:
#4 BRATE_A:
#5 BRATEZR:

Ours
#1 BRAEFEZA: EEREALEMM, EEEATHK.
#2 BRANFEZR: EERRALEMN, KERATHK.
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QUERY (window): #HEERACEERZELEN, (&H) RHARMEE.

(What happened in half year before Duke Cheng’s 6th year, 1st month?)
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#2 BRAEFETZA. (B REBEFHLAZE.
#3 BRALERA. () REFETHILAZE.
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Ours
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Ground Truth
* K, SR, RIAMRMEHLR.

* B, RS REMUMESRR.

* B, ZMF, RAEA, °R, Shth, BFERE-
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@

Figure 9: Top-1 near-miss cases on ChunQiuTR (test set). We show the top—5 results from a baseline (left) and ours
(middle), with the ground-truth set (right). x marks ground-truth passages; v'indicates a ground-truth hit in top-5.

B.2.5 Qualitative demo: reasoning traces vs.
evidence grounding

Figures 10 and 11 compare an online LLM on the
same month-level point query with and without
evidence grounding. Without retrieved evidence,
the model either predicts an empty month or pro-
duces an incomplete answer even when a reasoning
trace is enabled. When given an evidence pack that
contains the gold month records together with con-
fusable materials, the same model recovers both
gold entries and grounds the answer in cited evi-
dence. These examples suggest that longer reason-
ing traces alone do not ensure month-level com-
pleteness, whereas explicit evidence binding sub-
stantially improves temporal faithfulness.

B.3 Details of Compared Methods
B.3.1 Sparse retrieval.

We compare against a sparse family including a
classical lexical retriever, a simple temporal re-
ranking variant, and two inference-free neural
sparse retrievers, all evaluated under the same
sparse retrieval protocol.

BM2S5 (Robertson and Zaragoza, 2009): stan-
dard lexical term-matching baseline.

* BM25+TimeKDE: BM25 with a non-
parametric temporal re-ranking prior over
regnal-month indices, following classical TIR-
style temporal priors (Li and Croft, 2003).

* SPLADE-IDF 75y (Geng et al., 2025):
inference-free neural sparse retriever used
zero-shot.

* SPLADE-/zs) (Shen et al., 2025): sparsity-
controlled neural sparse retriever used zero-
shot.

B.3.2 Fusion / late-interaction retrieval.

We further compare against two multi-vector late-
interaction retrievers, both used in a zero-shot set-
ting.

* ColBERT-JINA 75y (Jha et al, 2024):
ColBERT-style token-interaction retriever.

* ColBERT-LFM2 ;5) (Team, 2025): late-
interaction retriever with longer-context and
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Mode Family Validation Test
R@l R@5 R@I0 MRR@I0 nDCG@10 R@1 R@5 R@10 MRR@10 nDCG@I10

negd_ned_dq1 all 0.0407 0.1200 0.2232  0.0798 0.0635 0.0654 0.1466 0.2042 0.1014 0.0677
negd_ne®_dql point 0.0375 0.1148 0.2459  0.0775 0.0756 0.0710 0.1696 0.2387 0.1156 0.0934
negd_ne@_dql window 0.0430 0.1239 0.2065 0.0815 0.0546 0.0610 0.1283 0.1768  0.0902 0.0472
negd_nel_dqgo all 0.6329 0.6697 0.7191  0.6522 0.4921 0.5935 0.6497 0.6945  0.6206 0.4588
negd_nel_dg@ point 0.5200 0.5440 0.6057  0.5347 0.5380 0.4922 0.5307 0.5869  0.5138 0.5103
negd_nel_dgd window 0.7860 0.8403 0.8729  0.8115 0.4300 0.7341 0.8150 0.8439 0.7689 0.3871
neg@_nel_dql all 0.4534 0.5050 0.5784  0.4806 0.2385 0.4197 0.4956 0.5602  0.4565 0.2223
negd_nel_dql point 0.0164 0.0656 0.1920  0.0466 0.0532 0.0375 0.1105 0.2170  0.0784 0.0719
negd_nel_dgql window 0.7745 0.8279 0.8623  0.7996 0.3747 0.7230 0.8013 0.8326  0.7565 0.3417
negl_ne@_dql all 0.0317 0.1101 0.2173  0.0709 0.0600 0.0593 0.1344 0.1998  0.0951 0.0647
negl_ne@_dql point 0.0328 0.1077 0.2436  0.0725 0.0729 0.0690 0.1637 0.2367  0.1127 0.0912
negl_ne@_dql window 0.0310 0.1119 0.1979  0.0697 0.0505 0.0516 0.1111 0.1706  0.0812 0.0437
negl_nel_dgo all 0.6329 0.6691 0.7184  0.6520 0.4914 0.5923 0.6485 0.6927 0.6194 0.4575
negl_nel_dg@ point 0.5200 0.5429 0.6046  0.5344 0.5373 0.4912 0.5307 0.5858 0.5129 0.5094
negl_nel_dg@ window 0.7860 0.8403 0.8729 0.8115 0.4291 0.7327 0.8121 0.8410 0.7674 0.3854
negl_nel_dql all 0.4534 0.5040 0.5774  0.4803 0.2374 0.4180 0.4939 0.5576  0.4548 0.2205
negl_nel_dql point 0.0164 0.0632 0.1897  0.0459 0.0519 0.0355 0.1105 0.2150 0.0767 0.0701
negl_nel_dql window 0.7745 0.8279 0.8623  0.7996 0.3737 0.7214 0.7981 0.8294  0.7549 0.3399

Table 14: Full protocol grid results for CTD-QWEN3-EMBED-0.6B. Mode names follow neg/ne/dq as defined in

Section B.2.3.

multi-scale representations.

B.3.3 Dense retrieval, encoder-based.

For encoder-based dense retrieval, we compare
against single-vector dual-encoder models used ei-
ther zero-shot or fine-tuned on ChunQiuTR.

* GTR-T5-Base / Sentence-T5-Base zs) (Ni
et al., 2022b,a): T5-based dense retrievers
used zero-shot.

* mES-Large / mES-Large-insz5) (Wang
et al., 2024b): multilingual ES retrievers used
zero-shot.

* GTE-Large(zs) (Li et al., 2023): general-
purpose dense embedding baseline.

* BGE-Large-v1.5 / BGE-M3 ) (Xiao et al.,
2023; Chen et al., 2024): strong multilingual
dense embedding baselines.

* BERT-base rr) (Devlin et al., 2019): Chinese
BERT dual-encoder fine-tuned on ChunQi-
uTR without explicit time modeling.

B.3.4 Dense retrieval, LM-based embeddings.
We also compare against LM-based dense embed-
ding models, including both zero-shot and task-
adapted variants.

* GTE-Qwen2-1.5B / ES5-Mistral-
7B (zs) (Wang et al., 2024a): LLM-scale
embedding baselines used zero-shot.

* PQR (Qwen2.5-7B / Qwen3-8B) ) (Kang
et al., 2025): training-free retrieval framework
based on LLM-generated pseudo-queries.

* Qwen3-Embed-0.6B / 4B ;s) (Zhang et al.,
2025b): dedicated Qwen3 embedding models
used zero-shot.

* Qwen3-Embed-0.6Br) (Zhang et al,
2025b): task-adapted dense dual-encoder
baseline without explicit time modeling.

B.3.5 Time-aware auxiliary variants.

Beyond BM25+TimeKDE, we report two
lightweight temporal extensions for single-vector
dense retrievers.

* TempDate: auxiliary time-key prediction
over (gong, year, month) during training, dis-
carded at inference time (Wang et al., 2023;
Dhingra et al., 2022).

* TempDate-Smooth: TempDate  with
neighbor-aware smoothing over adjacent
ordered time keys (Yeche et al., 2023).
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Mode Family Validation Test
R@l R@5 R@l0 MRR@I0 nDCG@10 R@] R@5 R@10 MRR@10 nDCG@10

negd_ne@_dql all 0.0159 0.0456 0.0952  0.0331 0.0205 0.0096 0.0366 0.0672  0.0234 0.0192
neg@_ned_dql point 0.0258 0.0468 0.0937  0.0382 0.0265 0.0079 0.0394 0.0690  0.0226 0.0235
neg@d_ned_dql window 0.0086 0.0448 0.0964 0.0294 0.0161 0.0110 0.0344 0.0657  0.0240 0.0158
negd_nel_dq@ all 0.4474 0.5678 0.5980  0.4989 0.3794  0.4180 0.5408 0.5735  0.4696 0.3543
negd_nel_dg@ point 0.4434 0.4709 0.4789  0.4556 04612  0.4152 0.4475 0.4506 0.4284 0.4339
negd_nel_dgd window 0.4527 0.6992 0.7597  0.5576 0.2683 0.4220 0.6705 0.7442  0.5269 0.2436
neg@_nel_dql all 0.2629 0.4097 0.4464  0.3261 0.1398  0.2400 0.3709 0.4127  0.2963 0.1218
negd_nel_dql point 0.0000 0.0000 0.0000  0.0000 0.0000  0.0000 0.0000 0.0000  0.0000 0.0000
negd_nel_dql window 0.4561 0.7108 0.7745  0.5658 0.2426  0.4304 0.6651 0.7402  0.5314 0.2184
negl_ne@_dql all 0.0000 0.0079 0.0169  0.0043 0.0043 0.0000 0.0052 0.0122  0.0023 0.0023
negl_ne@_dql point 0.0000 0.0117 0.0258  0.0073 0.0076  0.0000 0.0059 0.0178  0.0033 0.0037
negl_ne@_dql window 0.0000 0.0052 0.0103  0.0021 0.0019  0.0000 0.0047 0.0078  0.0015 0.0012
negl_nel_dqo all 0.4303 0.5480 0.5908  0.4809 0.3654  0.3962 0.5209 0.5620  0.4487 0.3404
negl_nel_dg@ point 0.4286 0.4571 0.4754  0.4415 0.4494 03965 0.4350 0.4495 0.4125 0.4214
negl_nel_dgq@ window 0.4326 0.6713 0.7473  0.5343 0.2515 0.3960 0.6402 0.7182  0.4989 0.2280
negl_nel_dql all 0.2530 0.3948 0.4395 0.3137 0.1314  0.2277 0.3560 0.3988  0.2823 0.1151
negl_nel_dql point 0.0000 0.0000 0.0000  0.0000 0.0000  0.0000 0.0000 0.0000  0.0000 0.0000
negl_nel_dql window 0.4389 0.6850 0.7625  0.5442 0.2279  0.4085 0.6385 0.7152  0.5063 0.2064

Table 15: Full protocol grid results for BM25, reported in the same format as Table 14.

B.4 Cross-Corpus Pilot on Zizhi Tongjian

To probe whether the temporal-consistency bias
learned on ChunQiuTR transfers beyond the Spring
and Autumn Annals, we conduct a lightweight
cross-corpus evaluation on two processed sub-
sets from Zizhi Tongjian (Qi Ji and Jin Ji). As
an annalistic general history, Zizhi Tongjian also
records events under traditional reign-based, non-
Gregorian temporal expressions, making it a natu-
ral out-of-domain probe for month-keyed retrieval.

This pilot preserves the core month-key retrieval
idea of ChunQiuTR but is intentionally lighter than
the full benchmark. We retain event-bearing lines
as retrieval units, group them by normalized month
keys derived from the available reign/year/month
fields, and instantiate one point-style query for each
unique month key using a traditional reign-year
template. No target-corpus training is performed.
Unlike the full ChunQiuTR benchmark, this pilot
does not reconstruct explicit no_event placehold-
ers, commentary-derived hard negatives, or the full
point/gap/window query families, and should there-
fore be interpreted as a transfer probe rather than a
second benchmark.

Subset statistics. Table 16 summarizes the two
processed subsets used in this pilot. Qi Ji con-
tains 268 records and 92 month-level queries, while
Jin Ji contains 820 records and 119 queries. The

two slices cover distinct reign periods and remain
clearly separate from the ChunQiuTR source cor-
pus.

Transfer results. Table 17 reports retrieval per-
formance on the two subsets. We compare a zero-
shot Qwen3-Embed-0.6B encoder, a ChunQiuTR
fine-tuned dense baseline, and our CTD-enhanced
retriever. Across both subsets, CTD consistently
improves MRR and R@1 over the fine-tuned base-
line without any target-corpus retraining; on Qi Ji
it also improves R@5 and R@10, while on Jin Ji
it matches the fine-tuned baseline on higher-recall
metrics.

Discussion. Although this transfer setting is
lighter than the full ChunQiuTR benchmark, the
overall trend is consistent with our main findings:
the temporal-consistency bias learned on ChunQi-
uTR transfers beyond in-domain fitting and con-
tinues to help distinguish chrono-near but tempo-
rally mismatched evidence. At the same time,
the gains are smaller than those observed on the
source benchmark, which is expected given both
the domain shift and the simplified evaluation pro-
tocol. We therefore view this pilot as evidence of
promising cross-corpus transfer, rather than as a re-
placement for a fully reconstructed Zizhi Tongjian-
specific benchmark.
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Subset Approx. coverage Representative reign titles Records  Queries
Qi Ji (part) 479-489 CE T, KA 268 92
Jin Ji (part)  265-279 CE RGBT 820 119

Table 16: Basic statistics of the processed Zizhi Tongjian subsets used in the cross-corpus pilot.

Model / Setting MRR R@1

Qi Ji (part)

Jin Ji (part)

R@5 R@lO‘MRR R@l R@5 R@10

Qwen3-Embed-0.6B (ZS)
Qwen3-Embed-0.6B (FT baseline) 0.2081
CTD (Ours)

0.0692 0.0217 0.0870 0.1413
0.1848 0.2174 0.2391
0.2304 0.2065 0.2391 0.2717

0.0691 0.0420 0.0756 0.1345
0.1598 0.1345 0.1849 0.1849
0.1751 0.1597 0.1849 0.1849

Table 17: Cross-corpus pilot results on two processed Zizhi Tongjian subsets. No target-corpus training is performed.
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Figure 10: Online LLM without evidence grounding
on a month-level point query from ChunQiuTR. For
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B.5 Alignment Audits and Reliability

To improve the auditability of ChunQiuTR, we
summarize here the two LLM-assisted curation
stages and the corresponding human-verification
statistics. As clarified in the revised main text,
ChunQiuTR is not an Al-generated dataset: the
retrieval gallery is derived from authentic historical
sources, the queries are instantiated from a small
set of manually written templates, and LLMs are
used only to propose candidate splits or candidate
alignments during curation. They are never used to
generate, rewrite, translate, or paraphrase historical
content, and only human-approved results enter the

final benchmark.

(1.) Time-key normalization and manual verifi-
cation. The corpus follows an implicit Lu-state
reign calendar, normalized as month-level keys

T = (gong, year, month).

However, many passages do not explicitly contain
a complete (gong, year, month) triple. Instead, the
ruling duke and/or regnal year must often be recov-
ered from annalistic structure, discourse continu-
ity, and neighboring entries rather than extracted
as standalone temporal mentions. For this reason,
the mapping from original records to normalized
time keys is manually verified during dataset con-
struction, rather than delegated to a fully automatic
temporal-expression extractor. Representative ex-
amples of reign-key propagation and normalization
are provided in Appendix A.2.1.

(2.) Audit of multi-event splitting. A first LLM-
assisted step is used when a single month-level
segment contains more than one historical event.
In these cases, the model is asked only to propose
candidate event-level groupings under a fixed time
key; all such proposals are then manually reviewed
and corrected if necessary.

Table 18 reports the corresponding audit statis-
tics. Among 1,533 non-empty months, 558 con-
tain multiple events (36.41%). After LLM can-
didate grouping, only 63 multi-event months re-
quired additional human correction, corresponding
to 11.29% of multi-event months and 4.11% of all
non-empty months. The remaining 495 multi-event
months were accepted without change (88.71% di-
rect acceptance among multi-event cases). These
statistics suggest that LLM proposal is useful for
reducing manual effort, while final segmentation

12599



System: ne—zmin (55 eHDEHF.

N Prompt:

FLARMETHSRERNES, RIEERABERIE.

MRANTEALHEL, BEE ARFR" , FRMRIHA.

VAR (TROERAEHR. BOAENEHE. 2R SESFRID 1
F#&DOCIEE, & EARE 3 A=k

BELTEF—S: EBRRALBEY, EBETR.
BHZH, WERE. SEBRE, 572, WOEEESH.
AL, PRARER, UBED. STEL "
th. @E: “EEBE. "

"B, FRATWLE. FE,

EF2AK. AT F .
| VE FEZA, Sk A, KO, A, [0 EE
| “F=F, #K, KER. "

FHER, i BLBF. RIEEH,
| L FiihE
| DFREFE. UTAE? Eth. FR. SRR, ﬁﬂﬂ*& -
AFENE. AXAF, F; TAE, Bt

|

+ |Ground tratn pOCS
|
|

THEF, LEATE. 5&‘, il‘éifii )ﬂlé‘l!, RET, LHF. -

L]
&6 (BK) , BRARF+-AE—RRTEEREN?
[RGB TSEEL ]
1) iE#BEHE: I DOC ikt “SXH" # 1-3 &.
2) RERE: RETFREMEREE (P, 2~6 ) .
3) IERSIM: EERKRIILIRMEIM DOC .
4) EEEMNAPAZA : HRHE ZATETE" (IERHERAR) .

Ground Truth coverage 2/2 (correct)

& Output (w/o Thinking):

1) i #:
¢ 4

F=A) : XRFAMEBEMEHAGTE, QLHAZXRZFHALK, RELR

2) i
#RIE CEK) TR, BRAT
HRE “FEGH”,

EETAHEES4,
: o B= . B (R
HRAKEM. Bk, nifr‘é§$ﬁ

3) B A . . )
Evidence: Grounded: cites ground truth DOCs

[ B RN AT R PR IRE FATHE R

Ground Truth coverage 2/2 (correct)

& Output (Thinking):
54 ¥ . TE\P

) . BAFABERARCEH
. FEHA Hitig, E‘

2) P E A

fd% (&K TR, FHRA VL‘H ﬁti HHEEEM,

B—E“k, TH_H, B
“\ » -

@[Gmund Truth: (1) $485%; (2) AFRITE. ]

Figure 11: Evidence-bounded RAG for the same query
as Fig. 10. With a small evidence pack containing the
gold month records and confusable materials, the model
recovers both gold entries and grounds the answer in
cited evidence.

quality remains controlled by explicit human re-
view.

Common correction patterns. Manual correc-
tions in this stage mainly fall into a small number of
recurrent categories: (i) boundary shift, where the
candidate split cuts too early or too late and there-
fore mixes material from adjacent events; (ii) in-
appropriate merge, where two historically distinct
events are grouped together because they share a
compact annalistic sentence; and (iii) inappropri-
ate split, where commentary fragments that should
remain attached to one event are separated into dif-
ferent candidate groups. In all such cases, the final
retained record structure is determined by human
verification.

Item Value
Total non-empty months 1,533
Months containing multiple events 558
Fraction multi-event 36.41%
Extra human corrections 63
Correction rate among multi-event months  11.29%
Corrections among all non-empty months 4.11%

Accepted without change 495
Direct acceptance rate 88.71%

Table 18: Audit statistics for multi-event splitting (LLM
proposals + human verification).

Source #Candidates Accepted Rejected Acceptance
Gu Donggao 899 899 0 100.00%
Kong Yingda 5,286 5,179 107 97.98%
Du Yu 5,373 5,266 107 98.01%
Lii Zugian 360 336 24 93.33%

Table 19: Acceptance rates for later-commentary align-
ments (LLM candidate proposal + human verification).

(3.) Audit of later-commentary alignment. A
second LLM-assisted step is used when aligning
later historiographical or commentarial materials
to original Chungqiu records. These later sources
often refer to canonical events through highly com-
pressed paraphrases, lexical reformulations, or
short subtitles rather than direct quotation. We
therefore use an LLM only to propose candidate
matched passages, after which human verification
determines whether the candidate alignment is ac-
cepted into the benchmark as a chrono-near confus-
able negative.

Table 19 reports the human acceptance statistics
for four representative source groups. Acceptance
rates range from 93.33% to 100.00%, indicating
that candidate proposal is generally accurate, but
still benefits from manual checking to remove resid-
ual mismatches.

Typical rejection patterns. Rejected candidate
alignments mainly arise from three sources. First,
some later commentaries refer to the correct his-
torical period but to an overly broad textual span,
making the proposed match imprecise. Second,
some candidates are semantically similar to the
target event but mismatch key participants, event
roles, or action focus. Third, some compressed
headings or summaries are ambiguous enough that
multiple canonical passages appear plausible, in
which case we conservatively reject the alignment
unless a human annotator can verify a unique and
appropriate match.
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Takeaway. Across both curation stages, the role
of the LLM is restricted to efficient candidate pro-
posal. Dataset quality is controlled by manual ver-
ification and supported by explicit audit statistics.
We therefore view the resulting benchmark as a his-
torically grounded, human-verified dataset rather
than an Al-generated or synthetic resource.
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