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Patristics & Chrysostom



Vocabulary
Late Antiquity classification of the litterature based on the period
(incl. christ. litt)
Patristics study of the texts and influence of Church Fathers
Church Father vs. ecclesiastic author Doctrinal influence and
recognition by the institution

Christian litterature in the first millenium

- First in Ancient Greek, then in Latin (first texts are Paul's Epistles
(51-55 CE))

- Chronological coverage 15t-8™ century CE (more or less)

- “Golden age”: 4™ century



John Chrysostom

- Bornin 349 CE

- Various high ranked positions in the Church (Antioch Diaconate
and Priest, Archbishop of Constantinople)

- Exiled twice (fights between his supporters and others ended up
costing the walls of a cathedral (burnt technically))

- Dies in an exile from exile (further banished because he had too
much influence remaining in Constantinople)

- Wrote a lot, was very influential (very high h-index potential)

One way to present him,

the first time it was introduced
to me, is that Chrysostom

is the Greek-speaking
equivalent of Augustine

(and I love this comparison).

= Google Scholar Q

John Chrysostom

Roman church



The issue with writing a lot

- Around 300 works written by
Chrysostom (which we are more or
less sure of, 18 volumes of the
Patrologia Graeca)

- S. ). Voicu [4] estimates that a little
more than 1000 works are wrongly
attributed to Chrysostom (and as
such are Pseudo-Chrysostomian),
including Armenian and Latin
translation.

UNE NOMENCLATURE POUR LES ANONYMES
DU CORPUS PSEUDO-CHRYSOSTOMIEN

- Some authors have been namely
identified, such as Severian of
Gabala (originally friendly with C,
ended up judging him for exile) who
wrote around 60 homelia ending up
attributed to Chrysostom (irony ?)




1000 pseudo-chrysostomian works ?

In 1981, S. J. Voicu provides a summary of the status of attribution of
pseudonymous work into anonymous clusters (PCn). It covers around 21 PC,
for which some hypothesis date back to the 17" century, and features
argument based on various features: style, theological, extra-textual
(references or cites something posterior to Chrysostom) and sequentiality
(texts clearly continuing each others).
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Authorship verification



Authorship verification

We have very small samples of texts (between 2 and 7 texts per
Pseudo-Chrysostom, one exception with 20b being 12 texts): so
classification is nearly out of the question (hard to test accuracy on a
two text sample).

We propose to approach this with authorship verification, and
specifically, we want to merge approaches from NLP and Computer
Vision (using Siamese Networks, specific distance) and features
usually used in DH (avoid to use complete sentences, prefer style
markers that are (nearly) atopical such as function words, POS
3-grams, affixes [2].



Siamese network ?

Architecture of our models: vectors are passed in parallel in the
embedding projection layer and a distance vector is then computed.
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Siamese network ?

Architecture of our models: vectors are passed in parallel in the
embedding projection layer and a distance vector is then computed.
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Signal-to-noise ratio, yet another distance ?

If we consider T; as the features representing a text, f(T;) a function
reducing it as a vector E;, we can optimize f towards the enhancement
of the authorial signal (or stylome) A, and the reduction of noise N;
around it' such that £; = N; + A, where N; = 0 if f converges.

Given two texts i and j, if they are from the same authory,

Ei—E =N;+A, — N; —A, = N; — N;. If the function f converges, given
g(T;, T;) = var(f(T;) — f(T;)), then g(T;, T;) = 0. As a result, considering
the 5|gnal -to-noise ratio SNR(E;, ;) = V“’(E , then the distance
SNRD = SNR ~ 0 for the same author.

If Ex = Np + A;, g(E;, Ex) = var(N; + Ay — N —A;), given N =0, f
should optimize such that var(A, — A;) > var(Ay) and as such,
SNRD(E;, Ey) > 12

'The noise could then be considered as containing remaining information about the

genre, the period, the topic, etc.
ZMany thanks to Pierre Mercuriali for our discussions which led to this slide.




Parameters finding



Features

Input concatenation of
1. 0,100 and 200 most frequent POS-trigrams using a Greek
BERT [3]?
2. 0,250, 500, 750, 1000 most frequent words*
3. 0, 250, 500, 750, 1000 most frequent affixes.

Distance SNR-D [5], Manhattan (L1), Euclidean (L2)

Hyper-params: Adam, [r = 1e* embedding size of 64, batch size of 64,
.3 dropout, class sampling of 2, and @ minimum of 100 epochs for
training. Early stopping 20 epochs using dev loss

Trainable on CPU “quickly”, on GPU in a shorter amount of time..

3All most frequent classes on a large corpus of Christian litterature
“We maxed our value at the size of our sample, 1000 words.



10

euae)
J19Aeud
eujwJie)
pazuobaiedun
Aydeiboibey

SENCS]

J onelo

asneal|
eljawoH

p—

100 A
50 A
0_

10

Century

Authors




Results

Top 10 architectures

Mean of standard-deviation across parameters Dev Test
POS FW Affixes  Distance mean std  mean std
the parameters sweep depending on 100 1000 1000  Manhattan | 88.04 058 86.01 0.53
. 200 1000 750 Manhattan | 87.63 0.83 85.88 203
distances. 100 750 1000  Manhattan | 86.75 0.80 85.12 167
100 1000 750 STN 85.77 191 8451 093
100 1000 1000 STN 87.03 065 8442 131
100 1000 750 Manhattan | 87.19 125 8433 4.10
Dev Mean + Test Mean + 100 750 1000  STN 8538 033 8423 063
Distance 200 1000 750  STN 8581 0.15 8415 0.81
100 1000 500 Manhattan | 86.85 144 83.68 4.48
LZ 1.04 055 182 102 200 750 750 Manhattan | 86.64 051 8363 1.08
Manhattan 1.09 0.59 184 1.29
STN 118 0.68 114 059 . .
L2 is bad (what a surprise)
Fleiss Kappa using 1000 models as - Manhattan is more unstable
annotators on the test set. in this setting
- Discrepancy between dev and
Development Precision 100% 99% 95% 90% 85% 80%
fleisslkappa test are lower for STN
Manhattan 0.18 0.18 020 029 040 050
STN 0.50 0.60 069 072 072 072 .
- 100, 1000, 1000 seems to hit
the spot
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Evaluation on the 21*
pseudo-Chrysostoms



Making a decision

The model does not output a probability (future work ?) but does
provite a distance.

What we do:

- Distance is deemed positive based on the given precision on the
dev or test set
- We look for each PC what's the percentage of pairs

- We plot.



Overall
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Zooming in
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(a) Precision threshold matrix for
Pseudo-Chrysostoms 13, 14, and 16. (b) Pseudo-Chrysostom 7



Conclusion




Conclusion

- It works, maybe more tuning and work around the question of
prediction as a probability would be interesting.

- It can serves as a confirmation tool, but should not be used as
THE single tool in an analysis (too much false negatives).
- We mostly align with Voicu and its peers.

- We have two very bizarre results:
- We have more or less confirmation of a single author behind PC1,

which was refuted by Altendorf [1].
- We are completely unable to confirm PC20, which was a strong

hypothesis of Voicu.
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Questions?
https://github.com/PonteIneptique/Chryso-Voicu
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https://github.com/PonteIneptique/Chryso-Voicu
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