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Abstract
General-purpose named entity recognition does not identify the
title and responsible person needed to link historical German bibli-
ographic catalog strings in the Deutsche Digitale Bibliothek (DDB)
to GND1 Work authorities, since the task’s label set and centuries-
spanning historical register have no counterpart in standard train-
ing corpora. This paper uses ISBD punctuation as a tiered silver
labeling signal and evaluates a deterministic rule-based baseline
alongside zero-shot, few-shot, and fine-tuned GLiNER-multi and
fine-tuned XLM-R-large on a stratified, human-annotated gold set.
The rule-based baseline beats both fine-tuned systems on untrained
data; on trained data, only GLiNER-multi’s fine-tuning gains a real,
confirmed precision advantage, and XLM-R-large’s never surpasses
the rule.
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1 Introduction
Bibliographic catalog strings in the Deutsche Digitale Bibliothek
(DDB)2 are semi-structured: dc:title is the field present in nearly
every record, but its values range from a bare title to an Interna-
tional Standard Bibliographic Description (ISBD) [11]-formatted
string packing subtitle, statement of responsibility (SoR), and im-
print into the same field, and dc:creator is frequently absent [21].
Identifying the Work a catalog record describes, the prerequisite
for querying a Work authority entry in GND (Gemeinsame Norm-
datei), Germany’s integrated authority file, requires a title and its
responsible person, and neither field supports this reliably.

1GND, https://www.dnb.de/EN/Professionell/Standardisierung/GND/gnd_node.html
2DDB, https://www.deutsche-digitale-bibliothek.de
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General-purpose named entity recognition is not applicable to
this task, and for three independent reasons: the target label set
(TITLE, OTHER_TITLE, and PERSON, defined for Work-level identi-
fication) has no counterpart in standard training corpora such as
CoNLL [22] or OntoNotes [18]; the domain is GLAM bibliographic
metadata rather than newswire or web text; and the register alter-
nates between ISBD’s formulaic punctuation grammar and unstruc-
tured, historically variable prose, including Early Modern orthog-
raphy predating 1750. Even GLiNER-multi, a model purpose-built
for zero-shot span extraction against arbitrary label descriptions,
achieves only 𝐹1 = 0.087 on this label set out of the box, evidence
that the difficulty is intrinsic to the label set and domain rather than
an artifact of an ill-suited off-the-shelf model; supplementing its
zero-shot labels with in-context example spans, a natural remedia-
tion short of fine-tuning, does not close the gap, failing for every
label at every tested 𝑘 (Section 6).

The same punctuation that defeats general NER is, where present,
a deterministic segmentation signal: a colon (“ : ”) separates title
from subtitle, and a slash (“ / ”) introduces an SoR: for example,
“Die Befreyung von Theben : Ein Trauerspiel in fünf
Aufzügen / Christian Felix Weiße” segments into TITLE (Die
Befreyung von Theben), OTHER_TITLE (Ein Trauerspiel in fünf Aufzü-
gen), and PERSON (Christian FelixWeiße). The silver labeling pipeline
presented here treats that grammar as a labeling source rather than
a nuisance, with confidence tiered by pattern completeness. The
signal is corroborated enough to make a record eligible for silver
training in only 7.56% of records (Section 3); whether existing sys-
tems trained on that subset nonetheless generalize to the rest, which
falls below the promotion threshold without necessarily lacking
punctuation entirely, is evaluated directly in Section 6.

This paper makes two contributions:

(1) A training-free ISBD rule-based baseline that matches or
exceeds fine-tuning on the untrained majority of the cor-
pus (92.44%), with fine-tuning’s benefit on trained records
narrower than assumed (Section 6).

(2) An ISBD-guided silver labeling pipeline with tiered confi-
dence, comparing zero-shot, few-shot, and fine-tunedGLiNER-
multi against fine-tuned XLM-R-large and a rule-based base-
line via 𝑘-fold cross-validation (Section 5).

2 Related Work
HIPE [9], the chief historical NER benchmark, reports a German
strict-regime F1 ceiling of 0.703–0.794 under exact span match;
its person/location/organization types (plus one dataset’s citation-
scoped literary-work type) have no counterpart in the label set used
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here (TITLE, OTHER_TITLE, PERSON). The closest silver-labeling
prior work, weakly supervised historical NER [20], differs on every
relevant axis: newspaper prose, standard entity types, and general-
purpose weak supervision, versus, in this paper, ISBD-punctuated
catalog strings, FRBR Work-level labels, and a deterministic punc-
tuation grammar.

Bibliographic NLP on catalog records typically operates down-
stream of field segmentation, clustering or linking already-separated
fields at the FRBR Work level: Manguinhas et al. [14], for instance,
presents a MARC FRBRization approach that assumes title and
responsibility role are already segmented. BookReconciler [15]
clusters Manifestations and Expressions into Works via external au-
thority services, achieving near-perfect results on well-documented
English works but performing substantially worse on multilingual
contemporary fiction; like the FRBRization work above, it operates
downstream of recovering TITLE, OTHER_TITLE, and PERSON spans
from a single unstructured dc:title string. Prior work by the
current authors applies NER and extractive question answering to
DDB title strings on a 108K-record subset [21]. This paper extends
that NER baseline into a full silver labeling and fine-tuning pipeline
evaluated at corpus scale.

GLiNER [23] reformulates NER as span classification against
free-text label descriptions; its multilingual checkpoint (gliner_
multi-v2.1) underlies this paper’s zero-shot, few-shot, and fine-
tuned conditions. Batista et al. [3] report a parallel finding elsewhere
in structured text: fine-tuned transformers outperform LLM base-
lines on formulaic administrative text. LLMs have also been applied
to historical NER [24] and bibliographic metadata enrichment [16];
this paper instead uses the smaller, non-generative GLiNER/XLM-R
family, more practical to fine-tune and deploy at corpus scale.

3 Corpus and Task
The corpus is a reprocessed snapshot of the DDB’s library sector,
comprising 9.2M catalog records tagged or confirmed as German,
Middle High German, Low German, or Latin, contributed by several
hundred distinct libraries, archives, and museums, so dc:title
values reflect each provider’s own cataloging practice rather than a
uniform style. A non-negligible share of these records, particularly
pre-1900, may originate from retroconversion of scanned catalogs
rather than direct keying, introducing OCR noise as a possible
confound; Appendix A gives detail, and Section A.1 returns to this
risk.

Title length varies sharply by publication era in a U-shaped
pattern: longest in the earliest era, shortest in the 19th century, then
rising again in the modern stratum, consistent with concise Early
Modern conventions giving way to richer digital-born metadata.
Appendix A gives the word-count methodology and the full per-era
trend in Figure A.1. The corpus is stratified into four dated eras
plus an undated residual, split at 1700 and 1900 rather than uniform
century cuts. Appendix A gives the rationale for both boundaries
and a language/era confound caveat on the resulting strata.

Each input to the task is a single dc:title string drawn from
a DDB library record; the output is a set of character-offset span
triples, each consisting of a start offset, an end offset, and a label.
The ISBD colon and slash markers that make this segmentation
possible, where present, are introduced with a worked example

previously. This punctuation grammar is the labeling signal the
silver pipeline uses, and it is corroborated enough to promote only a
minority of the corpus to training; the remainder, tier-0, falls below
that promotion threshold without necessarily lacking punctuation
entirely, as Section 6’s rule-based baseline demonstrates directly.

Records are assigned to one of three confidence tiers based on
how much of this structure a per-title ISBD field-detection pass
recovers, detailed in Section 4:

• Tier-0 (92.44% of the corpus): neither the area separator nor
enough detected fields; excluded from silver training.

• Tier-1 (7.48%; 49,999 sampled for training): at least three de-
tected fields, or an SoR marker co-occurring with a detected
year; drawn as a stratified subsample balanced across the
four eras above.

• Tier-2 (0.08%; 2,384 validated for training): additionally re-
quires the area separator, at least one detected Manifestation-
level field (edition, place, publisher, year, or series), and an
SoR validated to name a person rather than a corporate body,
editor, or family collective.

Three labels are defined: TITLE (proper title, before : or /
), OTHER_TITLE (subtitle or other title information, after : ), and
PERSON (SoR, after / ); PERSON’s semantic scope is the broader
SoR role, not just the / -heuristic used to generate its silver label
(Section 4).

4 Silver and Gold Dataset
This section describes the two datasets used throughout the paper:
a small, human-annotated gold set used to evaluate every system
in Section 6, and the larger silver-labeled pool built directly from
ISBD punctuation that the fine-tuned systems train on. The gold
set is presented first; the silver pool used to train the fine-tuned
systems (Section 5) follows.

Gold Annotation Set. A gold standard of 395 records was compiled
from the DDB library sector, stratified by publication era and silver
labeling tier to ensure coverage of the full range of orthographic
and structural variation present in the corpus (composition detail
in Appendix A, Table A.1). This stratification is deliberately non-
proportional to the corpus’s own tier distribution (Section 3): tier-0
is 92.44% of the full corpus but only 45% of the gold set, since the
gold set targets coverage of the rarer tier-1/tier-2 strata rather than
corpus-representative proportions.

The size follows a Wilson interval sample-size calculation [4]
targeting a ±10pp half-width on TITLE F1 per era, met in three
of four eras but infeasible for PERSON given its low prevalence in
the two historical eras, so PERSON is reported only as a secondary
metric with wider, explicit CIs (derivation detail in Appendix A).

Three annotators, with backgrounds spanning computational lin-
guistics, library science, and DDB metadata practice, independently
labeled each record in Doccano [17], producing character-offset
span triples in JSONL format consistent with the silver output
(Section 4), restricted to the three Work-level entities defined in
Section 3 (TITLE, OTHER_TITLE, PERSON). Fewer than five records
per annotator were left unreviewed, covered by the adjudication
pass (Appendix A); records with no labelable span were explicitly
marked as negative judgments and retained in the data.
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Inter-coder agreement and the reconciliation pipeline that pro-
duced the evaluated gold set (used in all evaluations in Section 6) are
detailed in Appendix A. The evaluation scripts are released under
Apache 2.0; the gold set and silver spans are released for research
use, with per-record rights inherited from DDB’s provider-declared
statements (Section 1).

Silver Labeling Pipeline. Tier-1 and tier-2 assignment (Section 3)
uses a per-title ISBD field-detection pass: structural detection ap-
plies when the area separator (. -) is present, splitting the title
into a title-area segment (searched for other-title/SoR markers) and
a following segment (searched for the Manifestation-level fields);
more conservative whole-string heuristic pattern matching applies
otherwise. The combined tier-1/tier-2 training pool totals 52,383
records.

The : and / cues and the labels they trigger follow the defi-
nitions in Section 3. The SoR following / is a heterogeneous field
in practice, not a clean personal-name slot (validation breakdown
in Appendix A). The pipeline therefore classifies each candidate
SoR with the same general-purpose German NER tagger used in the
failure analysis (flair/ner-german-large [1], Section 6), restrict-
ing PERSON to tagger-identified persons; editor/family-collective
statements are filtered separately by keyword before the tagger
runs and left unlabeled (detail in Appendix A). Not every candidate
ISBD-adjacent signal survived validation: a trailing period, present
in 19.5% of the corpus, was tested as a possible area-close marker
and rejected as unreliable (validation detail in Appendix A).

Each silver record is stored as a character-offset span-triple list
over the original dc:title string, the same schema used by the gold
annotation set (Section 4, whose 395 records are excluded here too)
and consumed by both fine-tuned systems (format handling detail
in Appendix A). Limitations of the pipeline, including a qualitative
review of its date-contamination behavior and an OCR-noise risk,
are discussed in Appendix A.

5 Experimental Setup
Systems. Five systems form the comparison, evaluated identically
against the held-out gold set (Section 4). Table 1 reports four of
them; few-shot is omitted there, since its tier-level F1 is uniformly
zero (Section 6).

• Rule-based: a deterministic ISBD punctuation rule (rule_
baseline), training-free; isolates fine-tuning’s contribution
over directly parsing the silver-labeling heuristics.

• GLiNER-multi (gliner_multi-v2.1), evaluated threeways,
two in Table 1: GLiNER-ZS (zero-shot, the difficulty floor);
few-shot (not tabulated, 𝑘 = 1, 3, 5), the ceiling reachable
without fine-tuning; and GLiNER-FT, fine-tuned on the
silver pool (Section 4).

• XLM-R-FT: xlm-roberta-large fine-tuned (BIO), a super-
vised BIO sequence tagger on the same silver pool.

Rule-based applies the same heuristics directly at inference, using
the raw / marker rather than the tagger-based disambiguation that
builds the silver labels (Section 4). Both fine-tuned systems train on
the same silver pool, excluding the gold set (Section 4); data-format
handling differs between them (detail in Appendix A). Hyperparam-
eters and training configuration follow the source implementations’
defaults, unchanged for this setting (detail in Appendix A).

Table 1: F1 by silver tier, mean across ten folds (Section 5);
Rule-based needs no training, the other three train only
on tier-1/tier-2. Bold marks each tier’s confirmed-best sys-
tem (paired per-fold significance test); tier-2 has none. Preci-
sion/recall detail in Appendix A (Table A.3).

System Tier-0 Tier-1 Tier-2
Rule-based 0.347 0.384 0.240
GLiNER-ZS 0.050 0.040 0.275
GLiNER-FT 0.249 0.332 0.262
XLM-R-FT 0.295 0.377 0.242

Evaluation Protocol. A prediction counts as correct only under
exact span match (character boundaries and label both agreeing
with gold), following HIPE-2022’s strict-regime convention [9]. F1
is reported per label and per era stratum with its support, never
pooled into micro or macro averages, since either would misrep-
resent GND-linking utility: micro would be dominated by TITLE,
present in nearly every record, while macro would weight rare
PERSON spans equally with it. The tier-level comparison (Table 1;
full precision/recall in Appendix A) also reports precision and recall,
since these can diverge from F1 ranking in ways relevant to GND
linking, where a false-positive link is costlier than a false-negative
coverage gap.

The gold set (Section 4) is split into 𝑘 = 10 stratified folds over
the composite era × silver-tier key (tier-balanced), with 𝑘 = 10
fixed by a timing pilot confirming both fine-tuned systems com-
plete within a practical per-run budget. Fold assignment applies to
evaluation only: both fine-tuned systems always exclude the entire
gold set from training regardless of fold, so the ten per-system
checkpoints differ only in training-time randomness, and each is
scored only against its own assigned gold subset.3 Each system’s
F1 is aggregated as mean ± std across the ten folds, per label and
era (strata with fewer than five gold spans in a fold excluded rather
than diluted), alongside a 95% bootstrap confidence interval [7]
(1,000 resamples) for the same cell, separating fold-composition
and training-run variance from sampling uncertainty. Table 1’s
“confirmed-best” markers use a paired bootstrap test, uncorrected
for multiple comparisons (methodology and caveat in Appendix A).

6 Results
Results proceed in four parts: zero-shot, few-shot, fine-tunedGLiNER-
multi/XLM-R-large, and PERSON failure analysis, with Rule-based
(Section 5) compared throughout. Per-label F1 pooled across era
is summarized in Appendix A (Table A.2); Table 1 instead reports
F1 by silver tier, the paper’s primary rule-vs-fine-tuning compari-
son (full precision/recall in Appendix A, Table A.3; per-era PERSON
detail in Table A.4).

A paired per-fold significance check confirms Rule-based beats
both fine-tuned systems on tier-0 and beats GLiNER-FT on tier-1
(XLM-R-FT ties it there); tier-2 has no confirmed winner among
the four. GLiNER-FT still shows a confirmed precision advantage
over the rule on both trained tiers, traded against a confirmed recall

3This differs from conventional 𝑘-fold cross-validation in a way discussed in Appen-
dix A.
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deficit at tier-1 only (full precision/recall in Appendix A, Table A.3);
XLM-R-FT shows no such advantage at any tier.

Zero-Shot Results. GLiNER-multi, zero-shot with the bare label
set, achieves an overall support-weighted F1 of 0.087 against the
held-out gold set (Section 4); since the model is not retrained per
fold, the ten-fold split (Section 5) applies only at scoring time, for
consistency with the fine-tuned systems’ reporting. OTHER_TITLE is
entirely absent (F1 = 0.000, zero recall in all 395 records) and TITLE
is weak but not absent (0.039); PERSON is the exception, at 0.339
exceeding both fine-tuned systems’ PERSON scores (0.149 GLiNER-
FT, 0.120 XLM-R-FT) in every era stratum, not only on average
(Table A.4, Appendix A). Section 6 examines this reversal alongside
the fine-tuned systems’ own PERSON failure modes.

Few-Shot Results. GLiNER-multi, evaluated with each label’s free-
text description supplemented by 𝑘 domain-specific example spans
drawn from tier-1 silver (Section 5), achieves an overall support-
weighted F1 of 0.000 for every label at every tested 𝑘 (1, 3, 5): the
model predicts no span, for any label, in any of the 395 gold records
(implementation checks ruling out scoring-threshold and example-
quality artifacts in Appendix A). This is a stronger finding than a
simple few-shot-underperforms result: the zero-shot PERSON score
of 0.339 (Section 6) already exceeds every few-shot condition tested,
so supplementing the label with example spans removes a signal
the bare label already carried rather than merely failing to add one.

Fine-Tuned Results. GLiNER-FT, fine-tuned on the silver pool
(Section 4) and evaluated per Section 5, reaches an overall support-
weighted F1 of 0.278 (pooled; full per-fold results in the released
repository, Appendix A): TITLE strongest (0.362), PERSON weakest
(0.149), with two of five era strata scoring exactly zero on samples
too large to attribute to small-sample noise.

XLM-R-FT, fine-tuned as a BIO sequence tagger on the same
silver pool and folds, reaches an overall F1 of 0.333, exceeding
GLiNER-FT’s 0.278; the gain concentrates in TITLE (0.414 vs. 0.362)
and OTHER_TITLE (0.324 vs. 0.203), while PERSON is instead weaker
under XLM-R-FT (0.120) than GLiNER-FT (0.149), continuing rather
than reversing the zero-shot-exceeds-fine-tuned pattern from Sec-
tion 6. Section 6 returns to PERSON’s weakness across both fine-
tuned architectures.

Failure Analysis. PERSON’s weakness admits two candidate ex-
planations: a data-scarcity effect, since tier-2 supplies few training
records with an explicit SoR (Section 3), or a label-definition mis-
match, since the silver pipeline restricts PERSON to personal names
while the gold guideline places no such restriction. The zero-shot
comparison in Section 6 bears on which explanation is more likely:
a pure scarcity account predicts fine-tuning helps a little or not at
all, not that it underperforms an untrained zero-shot baseline in
every era stratum, which points more toward the training signal
itself being misleading than toward scarcity alone.

The scarcity account sharpens at the era level: the two zero-F1
strata, Pre-1700 and Unknown, are precisely the two eras with
zero tier-2 gold records (Table A.1), a near-total absence of PERSON
training signal there specifically.

The label-mismatch hypothesis was tested and ruled out, finding
no systematic person-versus-organization confusion (test detail in
Appendix A).

The false negatives instead separate into two patterns: a gen-
eral recall failure spanning both short and long names, consistent
with scarcity, and a pattern specific to a monarch named under
a full titulature rather than a bare name (e.g. “Georg der Dritte,
von Gottes Gnaden König von Groß-Britannien [...]” ), substantially
longer on average than a true positive (length comparison in Ap-
pendix A). An independent general-purpose German NER tagger
(flair/ner-german-large [1]) recovers the short names but, for
the titulature case, tags only the bare name, correctly separating
the surrounding place names and institution as LOC/ORG, a labeling-
convention effect distinct from scarcity.

The same analysis replicates under XLM-R-large (Section 6, shar-
ing no architecture, loss function, or label-assignment mechanism
with GLiNER-multi) within measurement noise (1 of 121 false neg-
atives, 37.6 vs. 15.6 characters, identical missed spans) – evidence
the scarcity and labeling-convention accounts are properties of the
data and guideline, not of one fine-tuning procedure.

False positives were examined separately: both fine-tuned sys-
tems and the rule-based baseline (Section 5) share the same PERSON
false-positive pattern: over-extension by a leading lowercase “von”
(“by”), consistent with the guideline’s own boundary convention
rather than any one system’s weakness, left for future correction
(full breakdown, and PERSON’s complete blind spot at tier-0, in
Appendix A).

7 Conclusion
This paper presents an ISBD-guided silver labeling pipeline for
FRBR Work-level NER over historical German catalog strings, and
evaluates a rule-based baseline against zero-shot GLiNER-multi and
two independently fine-tuned architectures (GLiNER-multi, XLM-
R-large) on a held-out, human-adjudicated gold set. The rule-based
baseline outperforms both fine-tuned systems on untrained data;
only GLiNER-FT gains a confirmed precision advantage on trained
data, which XLM-R-FT never matches. Fine-tuning’s benefit over
the rule is narrower than assumed, confined to one architecture and
one axis (precision). The fine-tuned models’ overall F1, best under
XLM-R-large, falls well short of HIPE’s F1 ceiling for a different,
more mainstream entity set. A second finding concerns silver label
quality: for TITLE/OTHER_TITLE, a qualitative review found the sil-
ver heuristic disagreeing with independent re-annotation on every
sampled tier-1 record, yet fine-tuning still lifts both labels well over
the zero-shot baseline since silver volume helps where the struc-
tural signal is reliable. For PERSON, by contrast, fine-tuning drives F1
below the zero-shot baseline in every era stratum under both archi-
tectures, best explained by silver label quality constraining PERSON
specifically, though not independently confirmed. Three directions
extend this work: a learned strategy for tier-0, which received no
silver training data despite the rule performing reasonably there; a
boundary-fix ablation for leading “von” and date/volume clauses;
and decoder-based (LLM) models, not evaluated here (Section 2).
In practice, the rule can be deployed broadly, reserving costlier
fine-tuning for the tier-1/2 minority, where GLiNER-FT’s precision
gain offsets GND-linking’s false-positive risk.
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A Reproducibility
The repository4 provides the silver labeling, fine-tuning, and eval-
uation code; the per-fold result files underlying every number in
Section 6; the gold set and annotation guideline; the regenerable
silver pool (Section 4); and hyperparameter/sample-size derivation
detail (Sections 4, 5); trained checkpoints are public.

A.1 Corpus and Task
Prior work by the same authors established named entity recogni-
tion baselines on a 108K-record subset of an earlier DDB extract,
filtered further by title length and restricted to monographs [21];
the present corpus (Section 3) applies no such length or item-type
restriction. The 1700 boundary separates dense Early Modern ortho-
graphic markers from a largely marker-free transitional eighteenth
century, and tracks where dc:creator availability shifts (absent
in 67–71% of pre-1900 records, rarely so after), motivating in-title
PERSON extraction in the two historical strata (Section 3). The 1900
boundary matches the HIPE historical NER benchmark [9] (Sec-
tion 2) rather than any title-length discontinuity, letting the 19th-c.
stratum be discussed against HIPE’s German strict-regime F1 range.
Language and era are not independently varied: Early Modern and
Middle High German forms cluster in the earliest strata, so era-
stratified results (Section 6) do not isolate orthographic period from
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Figure A.1: Median title length (whitespace word count) by 25-year bucket, 1500–2024 (Section 3).

language variety. The retroconversion-driven OCR-noise confound
(Section 3) stands alongside genuine historical orthography as a
source of noise [8], and is not separately flagged anywhere in the
corpus’s metadata schema. Word counts underlying Figure A.1 are
whitespace-based, the only length measure comparable across this
line of work’s two incompatible subword tokenizers (spaCy [10]
vs. xlm-roberta byte-pair encoding): median title length declines
from 19 words pre-1700 to 6 in the 19th century before rising again
to 8 in the modern stratum, and long-title share follows the same
U-shaped pattern, highest in the two earliest strata and lowest in
the 19th century.

Gold Annotation. The Wilson-interval sample-size target (Sec-
tion 4) is met in three of four eras; the 19th century falls two records
short, a negligible gap.

Inter-coder agreement was measured using Krippendorff’s 𝛼 [12,
13] with the nominal distance function, following Artstein and Poe-
sio [2]’s recommendations for a multi-coder, mutually-exclusive-
label setting, computed on pre-adjudication annotations to reflect
independent labeling. No label reaches the 𝛼 ≥ 0.800 threshold
recommended by Artstein and Poesio [2] at this pre-adjudication
stage: 𝛼 = 0.202 (TITLE), 0.387 (OTHER_TITLE), 0.364 (PERSON);
OTHER_TITLE is closest, TITLE is weakest.

Disagreements were resolved through a tiered pipeline: unani-
mous and clean-majority documents were accepted automatically;

Table A.1: Gold-set composition by era and silver tier (395
records). Pre-1700 has no tier-2 records: the SoRmarker defin-
ing tier-2 (Section 4) is rare in this era’s title-page conven-
tions.

Era Tier-0 Tier-1 Tier-2 Total

Pre-1700 96 34 0 130
1700–1800 37 33 10 80
19th-c 15 30 15 60
Modern 20 40 20 80
Unknown 10 35 0 45

Total 178 172 45 395

the remainder was adjudicated by the lead author. This produced
the reconciled gold set used in all evaluations reported in Section 6.

Because Krippendorff’s 𝛼 measures only whether a label is as-
signed to a record, not where its boundaries fall, span-level agree-
ment was assessed separately as an exact-match rate and mean
Jaccard overlap on character-position sets, computed where both
annotators agreed a label was present: pooled across labels, exact-
match rates ranged from 38.9% to 50.3% and mean Jaccard from
0.726 to 0.792 across the three annotator pairs, with the ordering
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only partially mirroring the 𝛼 results, suggesting whether a label
applies at all and where its boundaries fall are two distinct disagree-
ment sources, not one. Of the 395 gold documents, the reconciliation
pipeline accepted 42 unanimously and 50 by clean majority; the
remaining 303 went to adjudication.

Silver Labeling. A 100-record validation sample found only 35%
of statements following the / marker (Section 4) actually name
an author, with the remainder split between corporate bodies (19%),
editors (5%), and non-responsibility false positives (41%); an earlier
keyword-only classifier reached only 41% precision on the same
sample, motivating the tagger-based classification used in Section 4.
Editor and family-collective statements are filtered from this classi-
fication by keyword (Hrsg., hg., bearb., Familie, Nachlass) before the
tagger runs, since a general-purpose tagger would still tag these
role-qualified statements as a person; they are consequently left
unlabeled rather than assigned PERSON.

Tested as an ISBD area-close marker (Section 4), the trailing
period was rejected after showing a 93% false-positive rate on a 200-
record sample, dominated by ordinary sentence-final punctuation,
ordinal numbers, and date expressions, with genuine area-closes
already captured by other signals.

A qualitative review of 16 tier-1 records, drawn from the fine-
tuned XLM-R model’s held-out development split and indepen-
dently re-annotated by one of the paper’s authors without access
to the silver labels, disagreed with the silver span on every record.
The disagreements are not uniform: eleven of the sixteen share a
single pattern, in which a trailing or leading date or issue/volume
number is folded into a TITLE or OTHER_TITLE span rather than
left unlabeled. A representative case is “Jeversches Wochenblatt :
Friesisches Tageblatt ; gegr. 1791”, where silver’s OTHER_TITLE span
runs through “; gegr. 1791”, a founding-date clause the independent
annotation excludes entirely. The review covered tier-1 exclusively;
tier-2’s reliability, defined by the more restrictive SoR criterion in
Section 3, was not independently checked. A related, unquantified
risk sits upstream of this date-contamination pattern: silver tier
assignment depends entirely on the literal presence of ISBD punctu-
ation markers, principally the area separator (. -) and the : and
/ field delimiters, so an OCR-introduced substitution or deletion
of any of these characters, plausible for the retroconverted subset
of records noted in Section 3, would silently reassign a record to a
lower tier or corrupt a span boundary rather than raise a visible er-
ror. Ehrmann et al. [8] report NER performance degrading sharply
even under mild character-level noise (F-score drops 24 points for
person entities between good and poor OCR quality); whether this
corpus’s OCR-derived subset reaches that range is not established
here and is left as an open verification, not a resolved limitation.

A.2 Experimental Setup
Training configuration. GLiNER consumes the silver pool’s
character-offset span triples directly, while XLM-R-large [5] re-
quires converting them to BIO tags [19]. The class-weighting scheme
reweights each BIO tag by the inverse square root of its training-
split frequency to counter PERSON’s scarcity (Section 6); the 256-
subword truncation cap drops only 0.41% of entity spans overall
and leaves PERSON almost untouched (0.20%), ruling it out as a con-
tributor to PERSON’s weakness. GLiNER’s negative-type sampling

(max_neg_type_ratio) is retained at its package default (1.0), not
retuned here, since Zaratiana et al. [23]’s ablation targets a 13,000-
type pretraining distribution rather than a small fixed label set.

Few-shot verification. Two checks rule out implementation error
in the few-shot 𝐹1 = 0.000 result (Section 6): entity scores below
the 0.5 reporting threshold never reach it either (highest raw score
0.452 across all 3,555 record-label-𝑘 combinations), and repeating
the run with a hand-curated, artifact-screened example set changed
nothing, ruling out both a candidate-generation failure and example
quality as the cause.

Fold design caveat. Fold assignment (Section 5) differs from con-
ventional 𝑘-fold cross-validation, where each fold’s training data is
the complement of its held-out fold; the term is retained here only
for the resulting mean-and-std reporting format, not for a genuine
train/test partitioning. Dror et al. [6]’s caution that cross-validation
folds are not independent test sets applies with extra force to this
shared-training-pool design.

Significance test methodology. Table 1’s “confirmed-best” mark-
ers come from a paired bootstrap: per-fold score differences between
two systems are resampled 1,000 times, and an advantage is con-
firmed only if the resulting 95% CI excludes zero. This threshold is
not adjusted for the many comparisons made across systems, tiers,
and metrics, so closer comparisons should be read as suggestive
rather than guaranteed; those with the largest observed gaps are
least sensitive to this caveat.

A.3 Results
Per-label summary. Table A.2 gives the pooled per-label F1 dis-
cussed in Section 6’s prose, included here for convenient reference,
with Rule-based omitted since it is training-free and has no zero-
shot/few-shot/fine-tuned analog (Section 5). Bold marks the highest
F1 per row.

Table A.2: Support-weighted F1 by label, pooled across era
strata.

Label GLiNER-ZS Few-shot GLiNER-FT XLM-R-FT 𝑛

TITLE 0.039 0.000 0.362 0.414 360
OTHER_TITLE 0.000 0.000 0.203 0.324 176
PERSON 0.339 0.000 0.149 0.120 130
Overall 0.087 0.000 0.278 0.333 666

Table A.3 gives the full precision/recall detail underlying the
F1-only Table 1 in Section 6, mean across ten folds (Section 5), with
Rule-based needing no training and the other three training only on
tier-1/tier-2. Bold marks each tier’s confirmed-best system (paired
per-fold significance test), tier-2 having none.
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Table A.3: Precision, recall, and F1 by silver tier, mean across
ten folds.

System Metric Tier-0 Tier-1 Tier-2

Rule-based
P 0.335 0.381 0.268
R 0.392 0.402 0.226
F1 0.347 0.384 0.240

GLiNER-ZS
P 0.196 0.078 0.310
R 0.058 0.062 0.289
F1 0.050 0.040 0.275

GLiNER-FT
P 0.326 0.535 0.380
R 0.220 0.254 0.213
F1 0.249 0.332 0.262

XLM-R-FT
P 0.254 0.368 0.277
R 0.363 0.403 0.228
F1 0.295 0.377 0.242

A.4 Failure Analysis
Label-mismatch test. The label-mismatch hypothesis (Section 6)
was tested by checking every false-negative PERSON span against a
list of German institutional nouns: only 1 of 120matched (a personal
name with an appended office title, not a corporate body), ruling
out systematic person-versus-organization confusion.

False-negative length. The PERSON false negatives discussed in
Section 6 average 38 characters, against 16 for true positives, con-
sistent with the titulature-style span (a monarch named under a full

title, not a bare name) being the harder, longer case the fine-tuned
model fails to recover.

Table A.4 reports the per-era breakdown for PERSON, the one
label whose Section 6 claim (zero-shot exceeds fine-tuned in every
era) needs stratum-level evidence; TITLE/OTHER_TITLE per-era de-
tail is in the released per-fold results instead, since no claim needs
it at that granularity.

Table A.4: Per-era F1 for PERSON: GLiNER-ZS, GLiNER-FT, and
XLM-R-FT (mean ± std across ten folds). Bold marks the best
system per era.

Era GLiNER-ZS GLiNER-FT XLM-R-FT 𝑛

Pre-1700 0.065 ± 0.092 0.000 ± 0.000 0.000 ± 0.000 14
1700–1800 0.190 ± 0.140 0.100 ± 0.200 0.083 ± 0.171 33
19th-c 0.471 ± 0.235 0.083 ± 0.171 0.050 ± 0.150 25
Modern 0.541 ± 0.266 0.304 ± 0.323 0.252 ± 0.251 46
Unknown 0.015 ± 0.046 0.000 ± 0.000 0.000 ± 0.000 12

False positives and tier-0 blind spot. Both fine-tuned systems’
predicted PERSON spans are frequently over-extended by a lead-
ing lowercase “von” (“by”) rather than starting at the name itself
(59%/33% of GLiNER-FT’s/XLM-R-FT’s false positives), a pattern
the rule-based baseline (Section 5) shares too, as its majority tier-2
false-positive type. At the opposite tier, PERSON is a blind spot for
every system: Rule-based, GLiNER-FT, and XLM-R-FT all score
exactly zero P/R/F1 against tier-0 PERSON spans (per-fold results in
the repository), which carry no punctuation cue.
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