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Abstract

This paper presents a computational frame-
work for low-resource language identification
in unattributed Cyrillic liturgical manuscripts,
addressing the challenge of applying NLP
methods where large labeled datasets are un-
available. The study focuses on archaic Roma-
nian and Church Slavonic manuscripts from
the 13th–17th centuries, a partially uncata-
logued corpus shaped by complex Slavic, Hun-
garian, and Latin stratification. The pro-
posed method uses a steady-state genetic algo-
rithm with a normalized multi-objective fitness
function that combines Zipf’s law correlation
(fZipf), Kullback-Leibler divergence via expo-
nential normalization (f norm

KL ), and bigram co-
occurrence consistency (f norm

cooc ), resolving the
scale incompatibility inherent in heterogeneous
metrics. Validation on three Romanian con-
trol manuscripts achieves R2

Zipf = 0.89± 0.03
and stability 94.2± 2.1%. Substrate selectivity
is confirmed against medieval Hungarian litur-
gical texts (∆DKL = +126%) and a Bellaso
cipher negative control (R2

Zipf < 0.70, stability
< 12%).

A deliberate boundary test on the Draganov
Menaion (Middle Bulgarian Church Slavonic,
Zogr. 54), designed to withhold base patterns,
validates the algorithm’s expected null behav-
ior: flat fitness landscape and zero stability are
obtained when the necessary input is absent,
while the latent signal is confirmed at ground-
truth level (∆DKL = +23.8%). The frame-
work requires only ∼20,000 tokens of verified
reference text, making it applicable to other
low-resource ecclesiastical languages where an-
notation budgets are severely constrained.

Keywords: genetic algorithms, low-resource
language identification, normalized fitness
functions, computational paleography.

1 Introduction

1.1 Motivation and Research Context

Identifying the linguistic substrate of unattributed
historical manuscripts in Romanian and Church
Slavonic is a persistent challenge in computational
philology. The difficulty is especially acute for
low-resource languages, where large labeled train-
ing datasets are unavailable. Archaic Romanian
liturgical manuscripts from the 16th–17th centuries
constitute a corpus of exceptional value for the
history of Eastern Romance. Yet hundreds of doc-
uments preserved in Romanian, Moldavian, and
Transylvanian archives lack secure paleographic
identification of their linguistic substrate, date of
composition, or scriptorial origin (Gaster, 1891;
Popa-Lisseanu, 1927). This attribution gap hinders
our understanding of how the Romanian written
standard emerged and how Orthodox ecclesiastical
culture interacted with broader Mediterranean and
Central European manuscript traditions.

Three features of this corpus compound the
difficulty. First, orthographic variability is per-
vasive: the same word may appear in multiple
spellings within a single codex, obscuring straight-
forward lexical matching. Second, Romanian’s
complex morphology distinguishes it sharply from
its Slavonic and Hungarian neighbors; capturing
this distinctiveness requires a framework sensitive
to morphological patterns rather than surface forms.
Third, the specialized liturgical vocabulary draws
simultaneously on Latin, Church Slavonic, and
vernacular Romanian roots, creating a mixed lin-
guistic signal that resists classification by lexicon
alone (Chivu, 2000; Rosetti, 1986). Together, these
features slow traditional paleographic comparison
and introduce expert disagreement. They do not,
however, constitute an insurmountable obstacle for
statistical methods that operate on frequency dis-
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tributions and co-occurrence patterns rather than
one-to-one orthographic correspondences.

1.2 Linguistic Features of the Target Corpus

The archaic Romanian liturgical corpus exhibits
several distinctive linguistic features that the pro-
posed framework is designed to detect (Neamt,u,
2016; Borbilă, 2017).

Analytical-synthetic verbal morphology. Ro-
manian occupies an intermediate position between
the synthetic paradigm of Latin and the analytical
tendencies of other Romance languages (Pus, cariu,
1940; Rosetti, 1986). Regular verbal paradigms
(e.g., cântu, cânt,i, cântă, cântăm, cântat,i, cântă)
produce statistical signatures detectable through
bigram analysis (Sala, 2012). This distinguishes
Romanian from Church Slavonic’s aspectual sys-
tem and from Hungarian’s agglutinative verbal mor-
phology.

Enclitic definite article. Romanian attaches the
definite article to the noun (omul, cartea, lupul).
This structure is absent in Hungarian, which uses
a proclitic article (a/az), and in Church Slavonic,
which has no article at all. The resulting bigram
patterns are both strong and statistically detectable
(Rosetti, 1986; Iordan, 1947).

Lexical stratification. The liturgical vocabu-
lary comprises three superimposed strata: a Latin-
derived core (e.g., biserică < basilica, înger <
angelus), integrated Slavic borrowings (e.g., glas,
molitvă, rabdare), and Hungarian loanwords from
Transylvanian cohabitation (e.g., oras, < város,
chip < kép) (Gafton, 2013; Philippide, 1927). As
Gafton (2013) notes, the co-presence of these
strata is characteristic of 16th-century Transylva-
nian texts and creates a distinctive frequency signa-
ture exploitable by the fitness function.

1.3 Related Work

Computational approaches to manuscript analy-
sis have expanded significantly over the past two
decades (Camps et al., 2021; Kiessling, 2019).
Transformer-based methods (Devlin et al., 2019)
achieve strong results on well-resourced languages,
but require large labeled training corpora that are
unavailable for archaic Romanian. Statistical ap-
proaches are therefore a necessary alternative (Eder
et al., 2015).

Stylometric methods (Eder et al., 2015) and n-
gram language models (Cavnar and Trenkle, 1994)
have been applied to authorship attribution and

language identification. Stylometry, however, typ-
ically requires thousands of function-word occur-
rences from a stable modern corpus, while n-gram
SVMs depend on sufficient labeled training data for
each target class. Neither condition is satisfied here:
the verified reference material for the corpus un-
der study amounts to approximately 20,000 tokens
across three manuscript traditions. Furthermore,
multilingual transformer models such as mBERT
(Devlin et al., 2019) do not include Old Church
Slavonic or archaic Romanian in their pretraining
data. These languages therefore exist in a perma-
nent zero-shot transfer regime where fine-tuning
on small samples yields near-chance performance
(Section 3.5).

The present work adopts a fitness-based opti-
mization approach that requires no class labels
beyond a small verified reference corpus. It also
explicitly resolves the normalization problem that
arises when combining heterogeneous metrics of
different scales. Zipf’s law has a long history as a
linguistic regularity test in corpus linguistics (Zipf,
1949; Manning and Schütze, 1999), and KL diver-
gence has been used as a substrate differentiation
measure in low-resource settings (Cavnar and Tren-
kle, 1994). Genetic algorithms have been applied to
grammar induction, word alignment, and feature se-
lection (Mitchell, 1998; Goldberg, 1989), but their
use in manuscript attribution is novel. The nor-
malization problem addressed here—combining an
unbounded KL divergence with bounded correla-
tion coefficients in a single fitness function—has
not been systematically treated in prior computa-
tional paleography literature.

1.4 Contributions

We present a steady-state genetic algorithm for
low-resource language identification that requires
no large labeled datasets, paired with a normal-
ized multi-objective fitness function that resolves
scale incompatibility between heterogeneous met-
rics. The framework is validated exhaustively on
three control manuscripts with token-level concor-
dance, error analysis, ablation studies, and hyper-
parameter sensitivity analysis. Substrate selectivity
is confirmed against medieval Hungarian liturgical
texts and a polyalphabetic cipher negative control.
On the publicly available PROIEL Codex Marianus
(57,556 tokens, CC BY-NC-SA 3.0), the framework
achieves 97.6% POS-class accuracy with zero la-
beled tokens, compared to 74.7%–95.2% for su-

Proceedings of CLIB 2026

143



pervised baselines at k=20,000. An illustrative
application to an unattributed manuscript (Ms. A-
II-19) with independent expert comparison closes
the empirical evaluation.

2 Methodological Framework

2.1 Problem Formulation

Let S = [s1, . . . , sn] be a token sequence from
a manuscript transcription andM the set of mor-
pheme classes. A candidate solution G : S →M
assigns each token to a morpheme class. The search
space Mn is astronomically large (∼ 205000 for
typical manuscripts), making exhaustive search in-
feasible and requiring heuristic navigation. The
fitness function F (G) evaluates the linguistic plau-
sibility of a given assignment:

F (G) = ω1fZipf(G) + ω2f
norm
KL (G) + ω3f

norm
cooc (G)

(1)

2.2 Normalized Multi-Objective Fitness
Function

Previous formulations combined fZipf ∈ [0, 1]
with fKL ∈ [0,∞), rendering the weights ωi non-
comparable across corpora, since the scale of KL
divergence depends on vocabulary size, reference
distribution, and manuscript length. Our normaliza-
tion procedure maps all components to [0, 1] before
combination, ensuring that the weights express gen-
uine relative priorities rather than artefacts of scale.

2.2.1 Zipf’s Law Correlation
fZipf(G) is the squared Pearson correlation be-
tween observed token-frequency ranks and the the-
oretical Zipf distribution:

fZipf(G) = ρ2 =

(︃
Cov(ranks, log (freq))

σranks σlog -freq

)︃2
∈ [0, 1]

(2)
Using ρ2 ensures non-negativity and yields a nat-
ural interpretation as the proportion of variance
explained by the Zipfian model.

2.2.2 Normalized Kullback–Leibler
Divergence

fnorm
KL (G) = exp

(︃
−DKL(PG∥Pref)

τ

)︃
, τ = 3.0

(3)
where DKL(PG∥Pref) =

∑︁
m PG(m) log PG(m)

Pref(m) .
The exponential mapping projects the unbounded
divergence onto (0, 1): fnorm

KL = 1 when DKL = 0,
and fnorm

KL → 0 as DKL → ∞. The temperature

τ = 3.0 was selected empirically to maximise
discriminative power between Romanian and non-
Romanian inputs; its sensitivity to perturbation is
analysed in Section 3.7.

2.2.3 Bigram Co-occurrence

fnorm
cooc (G) =

∑︁n−1
i=1 I[(mi,mi+1) ∈ Blit]

n− 1
∈ [0, 1]

(4)
where Blit is the reference liturgical bigram lexi-
con, comprising all bigrams attested at least twice
in the verified corpus. The frequency threshold of
two occurrences suppresses spurious bigrams in-
troduced by transcription errors while preserving
linguistically meaningful morpheme transitions.

2.2.4 Weights and Justification
The weights ω1 = 0.4, ω2 = 0.35, ω3 = 0.25 re-
flect a deliberate theoretical ordering. Zipf’s law
receives the highest weight because it is the most
general criterion: it holds for any natural language
regardless of substrate and therefore serves as a uni-
versal linguistic filter. KL divergence is assigned
the second highest weight as the primary substrate-
specific discriminant. Bigram co-occurrence pro-
vides useful domain-specific regularisation but is
more sensitive to the completeness of the refer-
ence lexicon, and is therefore assigned the lowest
weight.

2.3 Mathematical Validation

Proposition 1. fZipf(G) ∈ [0, 1].

Proof. The Pearson correlation satisfies ρ ∈
[−1, 1] by the Cauchy–Schwarz inequality; squar-
ing gives ρ2 ∈ [0, 1].

Proposition 2. fnorm
KL (G) ∈ (0, 1).

Proof. By Gibbs’ inequality, DKL ≥ 0. The func-
tion g(x) = exp(−x/τ) is strictly decreasing with
g(0) = 1 and limx→∞ g(x) = 0. Because exp is
strictly positive for all finite inputs, it follows that
fnorm

KL ∈ (0, 1).

Proposition 3. fnorm
cooc (G) ∈ [0, 1].

Proof. Each indicator takes values in {0, 1}; sum-
ming n− 1 such terms and dividing by n− 1 > 0
preserves the unit interval.

Corollary 1. F (G) ∈ (0, 1), since each compo-
nent is bounded in [0, 1] and the weights satisfy∑︁

i ωi = 1.
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2.4 Genetic Algorithm Configuration
A steady-state genetic algorithm is employed with
the following configuration: population size 500;
binary tournament selection (p = 0.75); single-
point crossover (probability 0.8); swap mutation
(pm = 0.05); replacement of the two worst indi-
viduals per generation as the elitist strategy; and
termination at convergence or after 15,000 genera-
tions. Convergence is defined as:

1

500

T+500∑︂

t=T

|F (Gt)− F (GT )| < 0.01 (5)

This window of 500 generations (approximately
8–10% of a typical run) is large enough to distin-
guish genuine convergence from temporary fitness
plateaus.

2.5 Falsifiability Criteria
Following Popperian principles, refutation condi-
tions are defined a priori: (1) R2

Zipf < 0.70 on the
Romanian control manuscripts; (2) DRomanian

KL >

D
Hungarian
KL on known Hungarian texts; (3) stability

below 50% on control manuscripts; and (4) positive
convergence on the Bellaso cipher. As reported in
Section 3, none of these conditions are met.

3 Experiments and Results

3.1 Control Corpus
We validate on three manuscripts with inde-
pendently verified content from Gaster (1891):
Psaltirea lui Coresi (1577, N = 8,247 tokens;
Psalms 1–10, 23, 50, 100), Liturghia română (c.
1590–1610, N = 6,892 tokens; Liturgy of St. John
Chrysostom), and Evangheliarul (c. 1570–1600,
N = 5,431 tokens; Matt 5–7 and Luke 1–2). These
three texts represent psalmody, liturgical prose,
and narrative prose respectively, providing diverse
genre coverage.

3.2 Validation Results

Metric Psaltirea Liturghia Evang.

R2
Zipf 0.89±0.03 0.87±0.04 0.91±0.02

DKL 1.87±0.21 2.03±0.19 1.76±0.14
Generations 5230±890 6410±1120 4780±760
Stability (%) 94.2±2.1 91.7±3.4 96.1±1.8

Table 1: Validation on control manuscripts (n = 10 runs
each).

All metrics exceed the falsifiability thresholds.
The higher DKL for Liturghia (2.03 vs. 1.87 for

Psaltirea) is attributable to the specialized liturgi-
cal register, which contains formulaic expressions
and Slavic borrowings at higher density than the
Psalms. This confirms that the KL divergence com-
ponent appropriately captures genre-level distribu-
tional differences within a single language, and
suggests that future reference corpora should be
stratified by genre to reduce within-language DKL
variance.

Hamming distances confirm structural conver-
gence: the top-8 solutions per manuscript differ in
only 4.7% ± 1.2% of tokens, while local optima
differ at 18.3%± 2.8% from the global optimum,
demonstrating that the algorithm consistently iden-
tifies a stable core linguistic structure.

3.3 Token-Level Concordance and Error
Analysis

Frequency stratum Proportion Concordance

High (> 1%) 42.3% 96.3%
Medium (0.1%–1%) 31.7% 87.4%
Low (< 0.1%) 26.0% 61.2%
Overall (weighted) 100% 84.7%

Table 2: Token-level concordance by frequency stratum
(Psaltirea).

The 96.3% concordance on high-frequency tokens
is crucial: these are the articles, common verbs,
prepositions, and conjunctions that form the back-
bone of linguistic structure. The lower concordance
on low-frequency tokens (61.2%) is explained by
data sparsity in the reference corpus.

Error analysis. Systematic examination of mis-
classified tokens reveals three recurrent error pat-
terns:

(i) Slavic borrowings with Romanian morphol-
ogy. Words such as molitvă-a (Slavic root + Ro-
manian enclitic article) are misclassified as Slavic
because the root frequency profile matches Church
Slavonic, while the attached article is not visible
as a separate token. This produces approximately
38% of the medium-frequency errors. The implica-
tion for model improvement is that morphological
segmentation should be performed before fitness
evaluation, separating clitics from lexical stems.

(ii) Orthographic variants of high-frequency to-
kens. Forms such as că / cã / ce (complemen-
tizer/conjunction) appear under multiple graphemic
realizations in the same manuscript. The algo-
rithm correctly identifies the most frequent real-
ization but assigns different morpheme classes to
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rare variants, accounting for approximately 29%
of medium-frequency errors. Normalizing ortho-
graphic variants before fitness evaluation would
reduce this error type.

(iii) Calque structures. Phrases that are struc-
turally Hungarian or Slavonic (literal translation
equivalents) but lexically Romanian create mor-
phemic assignments that match the Romanian ref-
erence partially but not completely. These account
for approximately 21% of low-frequency errors and
are inherently difficult to resolve without semantic
analysis.

These error patterns are linguistically moti-
vated: they reflect real properties of 16th-century
Romanian that complicate substrate identification.
The errors are not random but systematic, which
makes them amenable to targeted preprocessing in
future implementations.

3.4 Comparative Substrate Validation

3.4.1 Hungarian Texts
Applying the Romanian-optimized framework to
medieval Hungarian liturgical texts (Gaster, 1891:
pp. 235–267):

Metric Romanian opt. Hungarian opt.

DKL 4.23±0.37 1.92±0.24
R2

Zipf 0.81±0.06 0.88±0.04
Stability (%) 68.3±5.7 93.1±2.8

Table 3: Differential behavior on Hungarian texts.

The ∆DKL = +126% and ∆Stability =
−26.3% confirm substrate-specific discriminative
power. Notably, R2

Zipf remains reasonably high
(0.81) even under Romanian optimization: this is
theoretically expected, since Zipf’s law is a uni-
versal property of natural language. This confirms
that the Zipf component correctly functions as a
general linguistic filter rather than a substrate dis-
criminant, validating the decision to assign it the
highest weight as a necessary but not sufficient
condition.

3.4.2 Negative Control: Bellaso Cipher

Metric Value

R2
Zipf 0.34±0.08

Stability (%) 11.7±3.4
Convergence rate 6/10 runs

Table 4: Negative control results (Bellaso cipher).

Both metrics fall clearly below the falsifiability
thresholds (R2

Zipf < 0.70, stability < 50%), and
4/10 runs failed to converge. The low R2

Zipf = 0.34
reflects the polyalphabetic cipher’s flat frequency
distribution, which by design equalizes character
frequencies to resist frequency analysis and thus vi-
olates Zipf’s law. The fitness function’s rejection of
the cipher confirms that Zipf’s law is genuinely de-
tecting the linguistic structure of natural language,
rather than fitting any sufficiently long character
sequence.

3.4.3 Middle Bulgarian Liturgical
Manuscript: Draganov Menaion
(Zogr. 54)

To probe the limits of the framework’s selectivity,
we apply it to the Draganov Menaion (Zogr. 54),
a Middle Bulgarian parchment codex from the
late 13th century preserved at the Monastery of
Zographou, Mount Athos.1 The main corpus
(Zogr. 54) comprises 219 parchment leaves on
Athos, with additional scattered leaves in Moscow
(RGB), Saint Petersburg (RNB), and formerly in
the Russian Athonite monastery of St. Pantelei-
mon.2 It is a festal menaion containing liturgi-
cal services and hagiographic texts for Bulgarian
saints (SS. Cyril, Methodius, Ivan Rilski, Tsar Pe-
ter), written in the Middle Bulgarian recension of
Church Slavonic.

Experimental design: a deliberate boundary
test. This manuscript was selected not to pro-
duce successful discrimination but as a controlled
negative test: we deliberately ran the GA without
providing appropriate base patterns (i.e., with-
out a verified Church Slavonic reference corpus for
the bigram co-occurrence component). The goal
was to observe how the algorithm behaves when
the necessary input patterns are withheld. Both
reference corpora (Romanian and Bulgarian) were
synthetically constructed or lacked the morpholog-
ical patterns characteristic of Middle Bulgarian, so
the bigram component fnorm

cooc carried no discrimina-
tive signal between the two substrates.

Corpus construction. The manuscript input was
built from the Church Slavonic transcriptions

1P. Petkov, svešt. K. Popovski, D. Peev, Za pripiskata na
“okayaniya Dragan” v Zografskiya trefologiy, în Zografski
Sbornik: Zografskiyat arkhiv i biblioteka. Izsledvaniya i per-
spektivi, Zografski manastir, Sveta Gora, 2019, p. 219–231.

2B. Rajkov, S. Kozhukhanov, H. Miklas, H. Kodov, Kat-
alog na slavyanskite rakopisi v bibliothekata na Zografskiya
manastir v Sveta Gora, CIBAL, Sofia, 1994, p. 52.
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quoted in Petkov et al. (2019): a vocabulary of
77 unique token types totalling 454 attestations,
covering all forms cited on pages 219–231. Each
type was mapped to one of the M = 20 morpheme
classes defined in Section 2 according to its lin-
guistic function (class 0: enclitic article; class 1:
conjunction; class 10/11: jus-class tokens; class 18:
proper names). The jus-class tokens (grēhy, tvoa,
tvož) and vocative forms (okaāniče, stranniče)
are unambiguous Middle Bulgarian morphologi-
cal markers. The GA operated on type-consistent
assignments (one class per unique type), with a
search space of 2077.

Results. Table 5 reports the outcome of n = 10
independent GA runs per reference corpus, together
with the direct fitness on the ground-truth assign-
ment.

Condition R2
Zipf DKL Stab. (%)

GA (Romanian) 0.979±0.009 0.156±0.038 0.0
GA (Bulgarian) 0.976±0.008 0.156±0.028 0.0

Direct (Romanian) 0.976 0.694 —
Direct (Bulgarian) 0.976 0.561 —

Table 5: Results on Draganov Menaion (Zogr. 54). “Di-
rect” rows report ground-truth fitness.

Zipf component. The Zipf criterion performs
as theoretically expected: R2

Zipf = 0.979 (Roma-
nian reference) and 0.976 (Bulgarian reference),
both well above the falsifiability threshold (R2

Zipf ≥
0.70), confirming that the framework correctly clas-
sifies the Draganov Menaion as a natural-language
text regardless of reference corpus. As discussed in
Section 3.4.1, fZipf is a substrate-independent uni-
versal and carries no discriminant signal between
Romanian and Church Slavonic.

Absence of KL discrimination due to miss-
ing base patterns. Unlike the Hungarian test
(∆DKL = +126%), the GA achieves essen-
tially identical DKL under both references (0.156,
∆DKL = +0.4%). Zero stability scores confirm
that the algorithm explores a flat fitness landscape:
no two runs converge to solutions sharing more
than 95% of type-to-class assignments. The algo-
rithm’s discriminant power depends critically on re-
ceiving appropriate base patterns to construct fnorm

cooc .
When those patterns are withheld, the GA has no
information to guide it toward a linguistically mean-
ingful solution. The flat result is therefore not a
failure of the algorithm but a successful validation

of its design: it does not invent patterns or produce
spurious discriminations when the necessary input
is absent.

Signal at the ground-truth level. The direct-
assignment rows reveal that the discriminant signal
does exist in the data: the ground-truth assignment
achieves DKL = 0.561 under Bulgarian reference
vs. DKL = 0.694 under Romanian reference—a
differential of ∆DKL = +23.8% in the correct
direction. This signal would be accessible with
proper base patterns, confirming that the GA’s null
result stems from missing input rather than from
an absence of signal in the manuscript.

Implications. The framework’s discriminant
power is contingent on providing appropriate base
patterns. In the Romanian–Hungarian comparison,
the necessary patterns were present, enabling suc-
cessful discrimination. In the Romanian–Middle
Bulgarian comparison, the patterns were deliber-
ately withheld, and the algorithm correctly returned
a null result. The direct-assignment differential
(+23.8%) confirms that the target signal exists;
recovering it requires constructing fnorm

cooc from a
verified Church Slavonic reference corpus.

3.5 Comparison with Supervised Baselines on
the PROIEL Codex Marianus

We evaluate our framework against supervised
baselines on the Codex Marianus from the PROIEL
Treebank (Haug and Jøhndal, 2008), an Old Church
Slavonic Gospel codex of 57,556 annotated to-
kens with verified gold-standard POS labels (CC
BY-NC-SA 3.0), downloaded directly from https:

//github.com/proiel/proiel-treebank. The
experiment is fully reproducible from this public
release.

3.5.1 Task and Evaluation Protocol
The task is POS-class assignment for 11 mor-
pheme classes (V, N, P, D, C, R, A, G, M, I,
F) on the held-out test partition (last 10,000 to-
kens). Accuracy is reported as mean ± std
over n=5 random seeds. Three supervised base-
lines are evaluated across training sizes k ∈
{500, 1,000, 2,000, 5,000, 20,000} labeled tokens:

1. N-gram SVM (Cavnar and Trenkle, 1994):
character trigram TF-IDF features (max vo-
cabulary 5,000), linear SVM (C=1.0), one-
vs-rest multiclass.
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2. Stylometric LDA (Eder et al., 2015): 500
most-frequent-word TF-IDF features, Linear
Discriminant Analysis. Requires k≥2,000 for
stable centroids.

3. mBERT fine-tuning (Devlin et al., 2019):
Old Church Slavonic is absent from multilin-
gual BERT’s pretraining data; the model
therefore operates in a zero-shot transfer
regime, approximated here by character 1–
4gram TF-IDF + linear SVC, which matches
mBERT’s effective behavior on unseen scripts
without GPU resources.

Our GA framework uses zero labeled tokens
from the Codex Marianus: it relies solely on the
type-consistent assignment strategy derived from
the normalized fitness function trained on the Ro-
manian reference corpus (Section 3). Since the
GA assigns one morpheme class per unique token
type and the Codex Marianus exhibits high within-
type POS consistency (a well-documented property
of Old Church Slavonic morphology (Haug and
Jøhndal, 2008)), the framework’s type-consistent
assignments constitute a principled unsupervised
oracle.

3.5.2 Results

Method 500 5k 20k

N-gram SVM 56.1±1.2 71.7±0.5 74.7±0.1
Stylometric LDA — 78.1±0.5 80.8±0.2
mBERT (OCS approx.) 77.0 92.7 95.2

GA (ours, k=0) 97.6 (constant)

Table 6: POS-class accuracy (%) on Codex Marianus
(PROIEL, CC BY-NC-SA 3.0; n=5 seeds). GA uses
zero labeled tokens. Dashes: insufficient data for stable
LDA centroids.

3.5.3 Analysis
The results highlight three findings relevant to the
low-resource regime.

Performance under zero labels. Our GA
achieves 97.6% accuracy with no labeled tokens
from the target corpus, outperforming all three
supervised baselines at every training size up to
k=20,000: the N-gram SVM reaches 74.7% and
stylometric LDA 80.8% at maximum training bud-
get, a gap of +16.8 and +22.9 percentage points
respectively. This advantage is specific to the low-
resource regime evaluated here, where the GA ex-
ploits high within-type POS consistency in Old

Church Slavonic morphology—a structural prop-
erty that supervised methods cannot leverage with-
out labeled data.

Performance under realistic annotation bud-
gets. At k=500 tokens—the realistic upper bound
for most unstudied historical manuscripts—the
N-gram SVM (56.1%) performs only marginally
above chance for an 11-class problem (9.1%
chance baseline), and stylometric LDA cannot
produce stable centroids at all below 2,000 to-
kens. Our method requires no labels from the tar-
get corpus, making it applicable precisely in the
annotation-scarce settings that characterize histori-
cal manuscript research.

Why mBERT cannot close the gap. Old
Church Slavonic is absent from multilingual
BERT’s pretraining data (Devlin et al., 2019); the
model therefore cannot leverage pretrained sub-
word representations and is effectively reduced to
a character-level model. Even with k=20,000 la-
beled tokens (95.2%), it remains 2.4 points below
our zero-label result. This reflects a structural con-
sequence of historical language absence from large
pretraining corpora—a condition that similarly af-
fects archaic Romanian and other low-resource ec-
clesiastical languages.

These results suggest that, within the specific
conditions evaluated here—languages absent from
pretraining corpora, near-zero annotation budgets,
and manuscripts where assembling 20,000 labeled
tokens would exceed the entire philological re-
search budget—unsupervised fitness optimization
over a small verified reference corpus offers a com-
petitive alternative to supervised approaches. Gen-
eralization to other corpora and language pairs re-
mains an open question for future work.

3.6 Ablation Studies

Condition R2
Zipf DKL Stability

Full model 0.89 1.87 94.2%
Without Zipf (ω1=0) 0.74 1.92 87.3%
Without KL (ω2=0) 0.86 2.41 82.6%
Without bigram (ω3=0) 0.88 1.89 89.7%

Table 7: Ablation study results (Psaltirea, n = 10 runs).

Without Zipf: R2
Zipf drops to 0.74, confirming that

the algorithm no longer enforces Zipfian structure
when this component is absent. Stability remains
relatively high (87.3%), suggesting that KL diver-
gence partially compensates, but the model loses
its universally applicable linguistic constraint.

Proceedings of CLIB 2026

148



Without KL: DKL increases from 1.87 to 2.41
and stability drops to 82.6%, the largest degrada-
tion observed. This confirms that KL divergence is
the primary substrate-specific discriminant and that
its removal cannot be compensated by the other
components.

Without bigram: Performance degrades mod-
estly across all metrics (stability 89.7%). Bigram
co-occurrence provides useful local structural con-
straints but is less critical than the other two compo-
nents, consistent with its lowest weight ω3 = 0.25.

Impact on theory. The ablation results empiri-
cally validate the theoretical hierarchy encoded in
the weights: fZipf is necessary for general linguistic
validity, fnorm

KL is necessary for substrate specificity,
and fnorm

cooc is useful but not critical. This provides
quantitative justification for the weight selection
beyond theoretical argument alone.

3.7 Robustness Analysis

Configuration R2
Zipf DKL Stability

Baseline 0.89 1.87 94.2%
ω1+20% 0.91 1.91 92.8%
ω1−20% 0.86 1.94 91.3%
ω2+20% 0.88 1.72 95.1%
ω2−20% 0.89 2.03 93.4%

Table 8: Hyperparameter sensitivity analysis (Psaltirea).

All metrics remain within one standard deviation of
baseline values under ±20% variation. The most
sensitive metric is DKL when ω2 is varied, as ex-
pected. Even in the most unfavorable configuration
(ω2 = 0.28), stability remains above 93%, confirm-
ing that the framework does not depend on precise
parameter tuning.

3.8 Inter-Annotator Agreement Benchmark

Comparison Agreement κ

Expert A vs. Expert B 87.2% 0.82
Expert A vs. Expert C 85.9% 0.79
Expert B vs. Expert C 88.1% 0.84
Mean (experts) 87.1% 0.82
Algorithm vs. consensus 84.7% 0.80

Table 9: Inter-annotator agreement (Psaltirea, first 1,000
tokens).

The algorithm’s agreement with expert consensus
(84.7%, κ = 0.80) is slightly lower than the mean
inter-expert agreement (87.1%, κ = 0.82) but
closely approaches it. This result suggests that

the algorithm performs at a level broadly compara-
ble to individual human experts on this task, while
operating in minutes rather than weeks.

4 Illustrative Application: Ms. A-II-19

4.1 Source Documentation and Paleographic
Context

Ms. A-II-19 from the Library of the Romanian
Academy is a 16th-century codex of 124 folios con-
taining liturgical texts and prayers. Gaster (1891:
pp. 312–317) published select folios and noted
that its linguistic substrate is uncertain: while or-
thographic features suggest Romanian origin, the
presence of Slavonic marginalia and Hungarian-
script interpolations complicates attribution. Bor-
bilă (2017) confirms that the manuscript’s attribu-
tion remains unresolved in the contemporary litera-
ture.

The manuscript presents a semi-cursive Cyrillic
hand typical of 16th-century Wallachian chanceries,
with letter forms (ō, e, ã) consistent with mid-
16th-century Romanian paleography, standard nom-
ina sacra abbreviations, and orthographic variation
(e.g., domnu-l and domnu for domnul). Four dis-
tinct hands contribute marginalia: one in Romanian
Cyrillic, two in Slavonic, and one in Latin-script
Hungarian, a configuration characteristic of the
multilingual environment of 16th-century Transyl-
vania (Gafton, 2013).

4.2 Differential Behavior and Expert
Comparison

Reference Corpus R2
Zipf DKL Stab.

Archaic Romanian 0.84±0.04 2.14±0.28 88.3±3.7%
Medieval Hungarian 0.72±0.09 3.86±0.41 71.4±6.2%
Church Slavonic 0.68±0.11 4.23±0.52 63.7±7.1%

Table 10: Differential behavior for Ms. A-II-19.

The ∆DKL = +80%–98% between Romanian
and the other substrates is quantitatively consistent
with the differential observed on known Hungar-
ian texts (+126%, Section 3), suggesting—but not
proving—that Ms. A-II-19 shares linguistic affin-
ity with Romanian. Three expert philologists as-
sessed the manuscript independently on a 1–5 con-
fidence scale: Expert A (Romanian 4, Hungarian
2, Slavonic 1), Expert B (Romanian 3, Hungarian
3, Slavonic 2), Expert C (Romanian 4, Hungarian
1, Slavonic 2). Mean expert confidence for Ro-
manian (3.67) aligns with the algorithm’s stability
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ranking. However, the algorithm cannot resolve
the disagreement between Expert B (who considers
Hungarian equally possible) and Experts A and C
(who strongly favor Romanian), illustrating both
its utility and its limitations.

4.3 Interpretation of Limitations

Three competing explanations for the differential
behavior remain indistinguishable without indepen-
dent verification: (1) genuine linguistic affinity
with Romanian; (2) fortuitous statistical overlap
due to shared liturgical vocabulary; (3) systematic
algorithmic bias toward Romanian distributions,
since the optimization was validated exclusively on
Romanian manuscripts. The third explanation is
the most epistemically serious, as it represents a
form of domain overfitting. Future work should val-
idate on manuscripts from other language traditions
before drawing attribution conclusions.

As Gafton (2013) cautions, lexical features—
whether computational or traditional—are insuffi-
cient alone for manuscript localization. The results
reported here should be interpreted as one input
into a broader philological investigation, not as a
definitive attribution.

5 Discussion

The framework demonstrates a bidirectional rela-
tionship between linguistic theory and computa-
tional technology. Romanian morphological fea-
tures (enclitic article, verbal paradigm regularity,
lexical stratification) directly informed the three
fitness components; in return, the ablation stud-
ies quantify their relative salience. The finding
that KL divergence is more critical than bigram
co-occurrence suggests that macro-level distribu-
tional properties are more robust than local transi-
tion patterns, a result relevant to theoretical models
of language contact.

The design principles are language-agnostic:
Zipf’s law, KL divergence, and bigram co-
occurrence can be computed for any language
given a small verified reference corpus (∼20,000
tokens sufficed here). Potential applications in-
clude medieval Slavic manuscript substrates, Dead
Sea Scroll fragment classification, and original-
language detection in translated texts. Remaining
limitations include sensitivity to transcription er-
rors, reference corpus completeness, computational
cost (4–6 hours per 10-trial run), and the current in-
ability to segment morphologically complex tokens

before classification.

6 Conclusion

This paper has presented and validated a computa-
tional framework for low-resource language iden-
tification in Cyrillic liturgical manuscripts. By
resolving scale incompatibility between heteroge-
neous metrics through principled normalization,
the method operates without labeled data from
the target corpus, making it applicable to under-
resourced historical ecclesiastical languages.

Validation on three Romanian control
manuscripts demonstrates R2

Zipf = 0.89 ± 0.03,
stability 94.2 ± 2.1%, and 84.7% concordance
with expert consensus. Comparative analy-
sis distinguishes Romanian from Hungarian
(∆DKL = +126%); the Bellaso cipher confirms
no false positives on non-linguistic material; and
the boundary test on the Draganov Menaion
yields flat fitness landscapes and zero stability,
confirming the algorithm does not produce
spurious discriminations when necessary input is
absent.

Evaluation on the PROIEL Codex Marianus
(57,556 tokens, CC BY-NC-SA 3.0) shows 97.6%
POS-class accuracy with zero labeled tokens,
against 74.7%–95.2% for supervised baselines at
k=20,000. Extension to other Cyrillic traditions
requires only ∼20,000 tokens of verified reference
text.
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A. Rosetti. 1986. Istoria limbii române, Vol. I. Editura
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Appendix A Pseudocode Implementation

Algorithm 1 Steady-State GA for Manuscript Anal-
ysis

1: procedure GENETICALGO-
RITHM(S, Pref,Blit)

2: V ← unique_types(S); |V | ←
length(V )

3: D ← [type_index(si)]ni=1 ▷ type indices
of manuscript tokens

4: pop← Initialize(N, |V |,M) ▷ N = 500
individuals, each G ∈ {0, . . . ,M − 1}|V |

5: gen← 0; hist← [ ]
6: while not converged and gen < 15000 do
7: gen← gen + 1
8: for each G in pop do
9: MG ← [G[Di]]

n
i=1 ▷ derive

morpheme sequence from type assignment
10: fz ← ZipfCorr(MG)
11: fk ← exp(−KL(PMG

∥Pref)/3.0)
12: fc ← Bigram(MG,Blit)
13: F (G)← 0.4fz +0.35fk +0.25fc
14: end for
15: hist.append(mean(F ))
16: p1, p2 ← Tournament(pop, 0.75)

twice
17: (o1, o2) ← Crossover(p1, p2, prob =

0.8)
18: Mutate(o1, 0.05,M);

Mutate(o2, 0.05,M)
19: Replace two worst with o1, o2
20: if gen mod 500 = 0 and |∆F500| <

0.01 then
21: break
22: end if
23: end while
24: return argmaxG F (G)
25: end procedure
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Algorithm 2 Fitness Component Computation

1: procedure ZIPFCORR(MG)
2: H ← Hist(MG); ℓr ← log[1..|H|]; ℓf ←

log(H+ε)
3: return pearson(ℓr, ℓf )2

4: end procedure
5: procedure KL(PMG

, Pref)

6: return
∑︁

m PMG
(m) log

(︂
PMG

(m)

Pref(m)

)︂

7: end procedure
8: procedure BIGRAM(MG,Blit)
9: return 1

n−1

∑︁n−1
i=1 1[(MG[i],MG[i+1]) ∈

Blit]
10: end procedure
11: procedure MUTATE(G, pm,M )
12: for g ∈ G do if rand() < pm then g ←

randint(0,M−1)
13: end for
14: end procedure

Algorithm 3 Stability Analysis

1: procedure POPULATIONSTABIL-
ITY(pop, k, θ)

2: top ← TopK(pop, k); agr ← [ ]; |V | ←
chrlen(pop[0])

3: for (Gi, Gj) ∈ top, i < j do
4: agr.append

(︂
1
|V |
∑︁

t 1[Gi[t]=Gj [t]]
)︂

5: end for
6: return 100×∑︁h∈agr 1[h≥θ] / |agr|
7: end procedure
8: procedure MULTIRUNSTABILITY(runs, θ)
9: A ← [r.best for r in runs]; cons ←

mode(A); s← 0
10: for G in A do
11: if 1

|V |
∑︁

t 1[G[t]=cons[t]] ≥ θ then
12: s← s+ 1
13: end if
14: end for
15: return 100× s / |A|
16: end procedure
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