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Abstract

Classical Arabic books print diacritics selectively, and the marks can change meaning. Faithful OCR
of these books must copy the marks the page shows, adding none and dropping none. Arabic OCR is still
commonly scored by character error rate (CER) computed after diacritics are removed. We fine-tune the
vision-language OCR model dots.mocr with LoRA on synthetic and human-verified classical pages and
evaluate it on 124 human-verified test pages, 38 human-verified unvowelled scans and further unverified
scans.

We report three findings. First, letters-only CER misses most of what changes. On the test split,
mean CER is unchanged (0.051 vs. 0.051), while the diacritic error rate (DER) falls from 0.204 to 0.177
and invented marks per 1,000 letters fall from 36.9 to 21.6. Second, gains are large on typeset print (DER
0.053 — 0.008) and on several scanned sets, but absent on the only human-verified low-resolution scan
book. Third, replacing recognised Qur’anic quotations with canonical text, a common post-processing
step, changes the conclusions: on the test split the DER improvement becomes non-significant, and on
the low-resolution book a null result becomes a significant regression. We also disclose a release gate
revised after a failed evaluation, bootstrap-seed sensitivity and run-to-run variance.

1 Introduction

Arabic script writes consonants and long vowels as letters. Short vowels, gemination (shadda), the absence
of a vowel (sukun) and case endings (tanwin) are written as optional marks above or below the letter.
Modern prose usually omits them. Classical Islamic texts mark them, and editions differ in how much they
mark: a fully vowelled matn, a commentary vowelled only at ambiguous words, and an unvowelled modern
commentary that marks only Qur’anic quotations. The marks are not decoration. In Figure 5(a), a3 (“he
declared them unbelievers”) and ea3i8 (“he disbelieved in them”) differ only by a shadda.

We call OCR faithful when it reproduces the letters and marks that the page prints: no marks added
to unvowelled text, none dropped from vowelled text, and Qur’anic quotations copied as printed. This is
the requirement for digital editions, for language-learning material built on a specific printing, and for any
downstream use that must cite the page. It differs from producing correct or fully vowelled Arabic. A model
can produce fluent, correctly vowelled text that is not on the page, and a diacritic-free score will rate it
highly.

Evaluating faithfulness raises three practical problems, which this paper studies on a concrete system.

1. Metric choice. Arabic OCR results are often reported as CER after removing diacritics, or after other
normalisations. That number cannot tell a model that copies marks from one that invents or drops them.

2. Document conditions. Gains measured on clean typeset pages may not hold on degraded scans, and
human-verified pages of the latter are scarce.

3. Post-processing. Production pipelines often replace recognised Qur’anic quotations with canonical text
from a reference edition. That changes what is being measured.

We fine-tune the open vision-language OCR model dots.mocr with low-rank adapters (LoRA) [17] on
synthetic renders and human-verified classical pages. We evaluate it against references that transcribe the
printed source, with and without a deterministic Qur’an quotation layer. All numbers in this paper were
recomputed from stored predictions and references during a reproducibility audit of the project. We report
the issues that audit found alongside the results.

Contributions.
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Figure 1: Two processing paths evaluated in this paper. Path A (primary) scores the model’s raw transcription
against a human transcription of the printed page. Path B first passes the output through a deterministic quotation
layer that replaces recognised Qur’anic spans with canonical King Fahd Complex (QPC) Hafs text. The reference is
identical in both paths; only the hypothesis changes. Path B therefore mixes recognition quality with the behaviour
of the matcher and with differences between the printed edition and the canonical text.

o An evaluation protocol for faithful Arabic OCR. It defines letters-only CER, a diacritic error rate (DER)
over aligned letters, and pooled rates of invented and omitted marks. It reports page-paired bootstrap
intervals and shows where each metric is blind (Section 3).

e Evidence that letters-only CER is insufficient. On the same test pages, CER does not move while DER
and invented-mark rates change substantially (Section 5).

e Results for a fine-tuned dots.mocr across document conditions, reported separately for test, selection and
synthetic pages and for verified and unverified references. Large gains on typeset print do not appear on
the one human-verified low-resolution scan book (Section 5).

e An analysis of canonical-verse post-processing. It shows that the layer narrows or reverses model compar-
isons and changes release-gate verdicts (Section 6).

o A transparent account of evaluation-process issues: a revised release gate, bootstrap-seed and run-to-run
sensitivity, and reference errors. Also an error analysis on real page crops (Sections 7-8).

We make no claim that the fine-tuned model is better on scanned documents in general. We also make
no causal claim about which synthetic-data changes produced the differences between our two training runs:

the runs differ in several variables at once (Table 2).

2 Related Work

Arabic OCR. Printed Arabic OCR must handle cursive joining, context-dependent letter shapes, dots that
separate letters, and optional diacritics; surveys document these challenges and the methods used against
them [3]. Systems and benchmarks for printed Arabic include:

o Tesseract [36], the open engine;

o the APTI benchmark of synthetic printed text images [35];

o OCR for large historical Arabic-script corpora, as in the OpenITT/KITAB work with Kraken [20, 34].
Recent work applies vision-language models to Arabic: a broad benchmark covering text recognition and
document understanding [15], and models fine-tuned for Arabic OCR and document parsing [16, 31, 40].
Several of these report diacritic-sensitive results, but standard reporting still centres on CER and WER
under some normalisation. We do not compare against these systems. We study evaluation choices for one
system on a narrower target: copying exactly the diacritics a classical edition prints.

Historical documents and OCR evaluation. Work on historical printings stresses ground-truth quality
and transcription guidelines [32]. Character and word error rates derive from edit distance [24], with alignment
procedures for OCR accuracy formalised early [33]. Evaluation tools and metrics, and how their normalisation
choices affect results, have been surveyed [27] and implemented in open tools [7]. Human judgements of OCR
quality have also been collected as a dataset [43]. Our contribution is specific to Arabic diacritics: we make
the normalisation explicit, separate letters from marks, and show the effect of a canonical-text substitution
step.

Arabic diacritics. Automatic diacritisation (restoring marks to undiacritised text) is long studied [1, 2,
8, 12, 13, 45]. It is usually evaluated with a diacritic error rate over letters, often with and without case



endings. Tashkeela [42], a corpus of mostly classical vowelled text, is a standard training source; we use it as
text for synthetic pages. Diacritisation aims at linguistically correct, typically full vowelling. Faithful OCR,
aims at the vowelling of a particular printing. A diacritisation-style model is therefore a source of invented
marks under our metric. Our DER borrows the diacritisation definition but restricts it to letters the OCR
output reproduces.

Vision-language models for documents. OCR-free document models such as Donut [21], TrOCR [25]
and Nougat [6] read text directly from images with transformer decoders. Later systems scale this to general
document parsing:

e GOT-OCR 2.0 [41] and olmOCR [29];

« general vision-language models such as Qwen2-VL and Qwen2.5-VL [4, 39];

o the dots.ocr and dots.mocr models [9, 26, 44], the base of this work.

Because such models generate text with a language model, they can produce fluent text that is not on the
page. Unrequested vowelling is the Arabic instance of this.

Synthetic data, adaptation and evaluation statistics. Synthetic rendered text is an established way
to train text recognisers [14, 18], and synthetic-to-real gaps are a known risk. We fine-tune with LoRA [17],
serve with vLLM [23], and use a CTRL-style repetition penalty [19] in a retry. For uncertainty we use the
bootstrap [10, 11] in its paired form for system comparison [22]. Significance tests in NLP are known to be
fragile and sensitive to sample and setup [5]; our seed and rerun analyses illustrate this for a release gate.
chrF [28] is computed by the scorer but not used here. Qur’anic text comes from the King Fahd Complex
(QPC) Hafs edition via the quran.com API [30], with Tanzil text [37] for pause marks. The honorific ligatures
we discuss were added in Unicode 14.0 [38].

Positioning. CER, WER and diacritic error rates are established metrics; we do not propose them, and
we do not present the quotation layer as a contribution. The contribution of this paper is empirical. On a
single system, with human-verified references, we show three things. Letters-only CER and diacritic metrics
lead to different conclusions about the same model. Gains on typeset print do not transfer to the one human-
verified low-resolution scan book, while they do appear on verified unvowelled scans. And a deterministic
canonical-verse post-processing step changes both measured error and model-comparison conclusions. We
also document how evaluation-process choices, such as gate revision, bootstrap seed and repeated inference,
affect a release decision.

3 Task Definition and Evaluation Metrics

Task. Given a page image, the system outputs the page body in reading order: headings, text and footnotes,
but not running headers or page numbers. Light Markdown is allowed for headings and emphasis. The
reference is a person’s transcription of the printed source. It keeps every printed diacritic and adds none, and
Qur’anic quotations are transcribed as printed, in King Fahd Complex (QPC) Uthmani encoding where the
book prints Uthmani text. Where a scan is illegible but a printed copy was consulted, the reference follows
the printed copy and the page is flagged; these flags are counted in Section 4.

Text views. All metrics compare two normalised views of the hypothesis h and reference r. They are

computed by the project’s scorer (a Go port of an earlier Python harness). The plain view strips Markdown

and HTML markup, collapses runs of three or more leader characters to an ellipsis, applies Unicode NFC

(not NFKC), and collapses whitespace. The letters view is the plain view with three changes:

e it removes the eight harakat (U4+064B-0652) and the superscript alif (U+0670), the Qur’anic annotation
marks (U4+06D6-06ED, U+08D3-08FF) and tatweel;

« it maps Arabic-Indic and Persian digits to ASCII;

e it turns every other non-word character into a space.

No letter folding is applied: Iﬁ[i, é/é and o/$ remain distinct. Appendix A lists further edge cases. One

of them affects this paper: the honorific ligature #£ is a letter in this view, but &, (U4+FD41) is not and

disappears.

Character error rate. For a page, CER(h,r) = Lev(h,r)/max(1,|r|), with Levenshtein distance [24] over
code points and unit costs. We report letters-only CER, computed on the letters view, because it is the
conventional diacritic-free score and the one this project used in its summaries. CER is unbounded above 1,
because a looping output can be many times longer than the reference.



Diacritic error rate. Both plain views are split into clusters: each base character carries the harakat that
follow it, sorted so that their order does not matter. The two base sequences are aligned with an optimal
Levenshtein alignment, and only positions where the bases are equal and the reference base is an Arabic
letter are kept. Let A be this set of aligned letters, and M C A the letters marked on at least one side. Then

[{a € M : marksy(a) # marks,(a)}|
] | W

which is undefined when M = (). Each a € M with differing marks is classified as invented (reference bare,
hypothesis marked), omitted (reference marked, hypothesis bare) or changed (both marked, differently). This
DER follows the usual diacritisation definition, the proportion of letters with wrong diacritics [13, 45]. Tt
differs in two ways. The denominator holds only letters marked on at least one side. And letters that the
alignment does not match (substituted, inserted or deleted letters) are excluded from both the numerator
and the denominator, so DER measures marks conditional on correct letters.

DER =

Consequences of these definitions. Three of them matter for interpreting results:

e On a reference with no marks, page DER is 1.0 if the system invents any mark, and undefined otherwise.
It carries almost no information there, so we also report invented and omitted marks per 1,000 aligned
letters, pooled over a set.

e An empty or catastrophically wrong answer has few or no aligned letters, so its DER is undefined or
computed on very few letters. Such pages leave the DER mean and appear only in CER and in the
broken-page count.

e CER and DER are complementary. A model can lower DER, while raising CER (by dropping text) and
the reverse.

Page-level failure counts. A page is broken if it loops (a 30-character window of the letters view occurs
more than four times), is truncated at the 4,096-token generation limit, is nearly empty (under 20 % of the
reference length), or has letters-only CER above 0.5. An omitted run is a maximal sequence of at least five
consecutive reference words with no counterpart in a word-level alignment.

Aggregation and uncertainty. Set-level CER and DER are unweighted means of page values (DER
over pages where it is defined); invented and omitted marks are pooled rates. Model comparisons use a
paired bootstrap over pages [10, 22]: 4,000 resamples, seed 1, percentile 95% interval of the mean per-
page difference, over pages where the metric is defined for both systems. We apply no multiple-comparison
correction and treat the intervals as descriptive. Because pages are resampled within the evaluated sets, an
interval describes variation across these particular pages. It is not an estimate of uncertainty about other
books, editions, typefaces or publishers. With one typeset edition series and one verified low-resolution book,
between-book variation is unmeasured.

Two scoring conditions. In the raw condition (layer off), the model’s output is scored directly. This is our
primary evaluation. In the post-processed condition (layer on), the output first passes through a deterministic
Qur’an layer (Figure 1). Every span between the ornate brackets {...} with at least eight letters is matched
against the Qur’an. Matching uses a normalised text that folds hamza and alef variants and strips marks.
If a window of one to four verses scores at least 90 and the word counts agree to within two, the span is
replaced by the canonical QPC Hafs wording of the quoted part. Inline verse numbers are also rewritten as

Qn. The reference is the same in both conditions. Only the hypothesis changes.

4 Dataset and Experimental Setup

Human-verified gold set. The gold set has 350 pages from seven books (Table 1, Figure 2):

o six classical mutoon (core texts) in a modern typeset edition, rendered from vector PDFs at 2,600 px on
the long side;

e one scanned modern commentary, Sharh Ma’na at-Taghut.

Each draft transcription came from an LLM-based OCR pipeline and was corrected by a person:

e the mutoon against the printed text and, the author reports, against recitation audio;

o the commentary against the scan and photographs of a printed copy.

Splits are by book. The test split contains Kashf ash-Shubuhat (80 typeset pages) and the commentary (44

low-resolution scan pages). On 24 commentary pages the reference follows the printed copy where the scan

is illegible or the edition differs. Every gold page with partial or no vowelling belongs to this one scanned

book, so the training and validation material is entirely fully vowelled.



Sources

(A) Six classical mu-
toon in a typeset edition
(vector PDF) and one
scanned commentary;
human-verified

(B) Synthetic renderer:
Tashkeela 0.50, hadith
0.25, gold-train text
0.25, plus QPC verses;
5 fonts; 4 degradation
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taries and textbooks;
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/

Gold train: 3 books,
190 pages, all fully vow-
elled
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typeset pages; used for check-
point selection
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(A) Test: Kashf, 80 typeset
pages; Taghut, 44 low-res scan
pages (4 full / 26 partial / 14
none)

Train v2 — lora-002:
9,847 synthetic + gold
train X2 = 10,227 rows

(C) Silver: 300dpi sample,
10 pages; unvowelled commen-
taries, 97 pages

v

(C) Unvowelled-verified:

38 of the 97, checked against

references drafted by the scan (6 corrected)

an LLM OCR pipeline
(silver)

(B) Synthetic held-out:
60 + 60 renders of valida-
tion/test text (held-out font;
training fonts)

Figure 2: Data used in this study. Letters A—C give each evaluation set’s source. Books are separated by split: no
book appears in more than one of train, validation and test. All human-verified pages with partial or no vowelling
come from a single scanned book (Taghut) in the test split, so the training and validation material is entirely fully
vowelled. The silver references were produced by a commercial LLM-based OCR pipeline and were not checked by a
person, except for the 38-page verified subset. Counts are given in Table 1.

Silver and verified scan sets. Two further sets have references drafted by an LLM-based OCR pipeline

(a commercial Gemini model with automatic checks) and no human check; we call these silver:

e the 300 dpi sample: ten 300dpi pages, five from each of two books;

e 97 pages from two mostly unvowelled commentaries: Inna Kunna fi Jahiliyya (300dpi, 49 pages) and
al-Jami’ li-’Tbadat Allah Wahdah (low resolution, 48 pages).

The results also pool all pages scanned at 300 dpi into one 59-page aggregate, all 300dpi pages. It is the

10-page 300 dpi sample plus the 49 Inna Kunna pages, so it overlaps the unvowelled set.

From the 97, 38 pages were checked against the scan to form the unvowelled-verified set:

e the 21 pages where base and fine-tuned outputs disagreed most;
e a 20-page sample of body pages spread through both books, of which 3 pages needed corrections;
e three pages the reviewer marked as uncertain were excluded.

Six pages were corrected, for a missing verse opening, a wrong word, verse numbers and a garbled
honorific. Before the check, the honorific “may God be pleased with him/them” was normalised across all
97 references to the single printed symbol (U+FD41/FD43/FD44), replacing spelled-out words and a font-
mapping artefact. That change altered 24 references and 230 reference letters. Because the verified pages
were partly chosen by model disagreement, the set is not a random sample.

Synthetic data. Synthetic pages are rendered in a headless browser and then degraded.

o Text. Mixed from the Tashkeela corpus [42] (weight 0.5), hadith collections (0.25) and gold-training text
(0.25), with occasional QPC verse blocks and footnotes.

e Fonts. Five open Naskh-style fonts, with Kufi headings.

e Vowelling. Each page keeps full vowelling, strips it, or keeps a partial subset.

o Degradation. Clean, scanned (tint, skew, blur, noise, JPEG), low-resolution (down- and up-sampling)
or bilevel.

Two synthetic test sets render validation and test text (60 pages each): one in a held-out font, one in the

training fonts. They measure in-distribution behaviour only. The raw renders of the training sets were later

deleted. Their per-page settings were recovered by replaying the deterministic generator, which reproduces

the surviving synthetic test sets on 60 of 60 pages; the training labels and resized images survive.

Overlap between training and evaluation. We measured shared 8-word shingles between all training
text (gold train and every synthetic label) and each evaluation set, outside Qur’anic brackets, on letters-only



Table 1: Dataset composition and reference status. Letters are Arabic letters in the reference. Vowelling levels use
the repository’s marks-per-letter thresholds: full > 0.5, partial > 0.05, none below that. “Verified” means a person
checked the text against the page. “Silver” means an LLM-based OCR pipeline drafted the text and no person checked
it. The synthetic labels are exact by construction.

Set (use) Books Print Pages Letters Full / partial / none Reference
Gold train (training) Tawhid, Shurut, Qawa’id typeset 190 43,300 190 /0 / 0 verified
Gold validation (selection) Usul ath-Thalatha, Nawaqid typeset 36 9,819 36 /0 /0 verified
Gold test Kashf ash-Shubuhat typeset 80 19,682 80 /0 /0 verified
Sharh Ma’na at-Taghut low-res scan 44 21,215 4/26 /14 verified
Unvowelled (silver) Inna Kunna, al-Jami’ scans 97 52,008 8 /45 /44 silver
of which verified Inna Kunna 17, al-Jami’ 21  scans 38 18,914 7/20 /11 verified
300 dpi sample (silver) two books, 5 pages each 300 dpi scans 10 8,525 4/6/0 silver
Synthetic held-out font val./test text, Harmattan rendered 60 53,877 23 /31 / 6 synthetic
Synthetic held-out text val./test text, training fonts rendered 60 55,851 14 / 40 / 6 synthetic
Train v1 (lora-001) synthetic + gold train x5 rendered 10,950 rows — synth. 4,012 / 4,397 / 1,591 synthetic
Train v2 (lora-002) synthetic + gold train x2 rendered 10,227 rows — synth. 2,568 / 4,058 / 3,221 synthetic

folded text. The shared fraction is 0.17 % for the gold test split, 2.4 % for validation, 0.18 % for unvowelled-
verified and 0.40 % for the full unvowelled set. It consists mostly of hadith quoted in several books. Valida-
tion’s 2.4 % is a single passage: the same author’s opening formula, which also appears in a training book.
No evaluation book’s text was used to render training pages. A leakage filter removed Tashkeela and hadith
passages that overlapped validation and test text, but it did not cover gold-train text or the later scan sets.
Appendix C gives the full table.

Models and training. The base model is dots.mocr (dots-studio/dots.mocr on Hugging Face), a vision-
language model for document parsing [9, 44]. We train LoRA adapters [17] on the language model only, with
the vision encoder frozen, using the serving prompt and loss on answer tokens (Table 2).

¢ lora-001 trained on synthetic set v1 plus five copies of gold train. It was released as v0.1.

e lora-002 trained on synthetic set v2 plus two copies of gold train. v2 changes the vowelling mix, the
partial-vowelling rule and the share of low-resolution renders. The run also differs in steps, time limit,
data loading and trainer version.

Each run kept the adapter with the lowest validation loss, computed on the 36 validation pages. Those

pages are therefore not independent evidence, and we report them separately. Inference uses vLLM [23] with

greedy decoding and a 4,096-token limit. v0.1 + retry re-sends a page that hit the limit once with repetition

penalty [19] 1.1.

Evaluation protocol. The primary condition is raw transcription (layer off), reported separately for:

o the test split (never used for training or selection);

o additional real scans: verified and silver, never used for training or selection;

e the selection pages;

e synthetic renders.

The layer-on condition is reported separately (Section 6). Images are sent at 2,048 px on the long side. Every
number was recomputed from the stored predictions with the project’s scorer (Appendix D).

5 Results

Table 3 and Figure 3 give the primary, raw-transcription results for base dots.mocr and v0.1. Appendix
Table 7 adds lora-002 and the retry variant.

5.1 Letters-only CER misses most of what changes

On the 124 test pages, mean letters-only CER is the same for both models: 0.051 vs. 0.051, paired difference
—0.000 [—0.026, 40.040]. The diacritic metrics on the same pages all move:

« DER falls from 0.204 to 0.177 (—0.027 [—0.041, —0.010]);

e invented marks fall from 36.9 to 21.6 per 1,000 aligned letters;

e omitted marks fall from 9.2 to 4.7.

The two metric families disagree in both directions:



Table 2: Systems and training differences. Settings shared by both runs: LoRA rank 16, o = 32, dropout 0.05
on the language model’s attention and MLP projections, vision encoder frozen; AdamW, learning rate 10~ with
cosine schedule; batch 1 with gradient accumulation 8; bf16; 2048 px long side; loss on answer tokens only, with the
serving prompt. Rows marked t differ between lora-001 and lora-002. Because several of them change together, the
comparison cannot attribute an effect to any one of them.

lora-001 (published as v0.1)

lora-002 (not released)

Training rows'
Synthetic vowelling mix"
Partial-vowelling rulef

Synthetic degradation mix!

Steps (share of one pass)’

Checkpoint

Data loading / code
version'

Hardware

Seed

10,950: synthetic v1 10,000 + gold train
x5

full 40 / partial 35 / none 25 %

per word (whole 12 %, shadda 33 %, ...)
clean 35 / scan 40 / low-res 15 / bilevel
10%

1,062 of 1,369 (78 %), 170-min limit
best validation loss (step 1,000)

inline; trainer before commit 0262cfa

H100 (stated, not logged)

not logged (code default 1)

10,227: synthetic v2 9,847 + gold train x2

full 25 / partial 40 / none 35 %
per page density 0.03-0.15
15/35/35/15%

1,149 of 1,279 (90 %), 105-min limit
best validation loss (step inferred)
6 workers; later trainer

80 GB GPU (memory logged; H100
inferred)
not logged (code default 1)

Inference (all systems): vLLM 0.30, temperature 0, at most 4,096 generated tokens, prompt “Extract the text content from
this image.” Base: dots-studio/dots.mocr. The revision is not pinned in code; HF main = e539fbb is inferred. w0.1
+ retry: the same weights; a page that hits the token limit is re-sent once with repetition penalty 1.1. Released v0.1: HF
pandanlabs/dots-mocr-arabic-classical, revision 037b472. Identity with the evaluated checkpoint rests on the storage path,
timestamps and shard sizes; no byte-level hash comparison was made.

o Unvowelled-verified (38 pages). v0.1 lowers DER by 0.158 and invented marks from 58.3 to 20.7, yet
its mean CER rises from 0.139 to 0.251. The rise comes from one page where v0.1 repeats digits to the
token limit (CER 6.51). With the retry, mean CER is 0.083 and DER is unchanged.

 Silver low-resolution book. The same CER and DER pattern appears (Appendix Table 7).

On typeset text, CER understates the change. On Kashf, the diacritic-free error is already low for base
(0.019), while base invents 30.3 marks per 1,000 letters and its DER is 0.053, six times v0.1’s 0.008. A single
diacritic-free number cannot separate these behaviours: copying marks, inventing them, dropping them, and
losing text. Figure 5 shows each on real pages.

5.2 Gains depend on document condition

Typeset print. On the 80 typeset test pages, v0.1 reduces DER from 0.053 to 0.008 (—0.045 [—0.053,

—0.037]) and CER from 0.019 to 0.005. Invented marks drop from 30.3 to 3.0 per 1,000 letters. The 36

selection pages show a similar pattern (0.091 — 0.010). Because they chose the checkpoint, we do not count

them as independent evidence. All typeset pages come from one edition series, and the same publisher’s
typesetting appears in training.

Human-verified low-resolution scan. On the 44-page scanned commentary there is no DER improve-
ment: 0.492 vs. 0.499, difference +0.007 [-0.031, +0.050]. Invented marks barely change (43.4 — 39.9)
and omitted marks fall (13.1 — 7.3). v0.1 has fewer broken pages (3 — 1) but more omitted five-word
runs (2 — 5), and its CER is higher without the retry (0.110 — 0.133) and lower with it (0.090). This
book carries all of the test split’s partially and unvowelled pages, so its result cannot be separated from the
vowelling-density shift. Some of its references may also disagree with the scan (Section 7).

Other real scans.

o Unvowelled-verified (human-checked). DER improves by 0.158 [—0.222, —0.096], mainly because
v0.1 adds far fewer marks to unvowelled text.

o Silver sets. Improvements are similar: all 300dpi pages (59) —0.129; low-resolution al-Jami’ —0.126.
Their references were never checked by a person. The 59-page aggregate is the 10-page 300 dpi sample
plus the 49 Inna Kunna pages, and the verified set overlaps both commentaries, so these sets are not
independent of each other.

Synthetic renders. DER falls from 0.218 to 0.035 and from 0.261 to 0.038. These pages share the
generator and text sources with training, so they show only in-distribution learning.

In short, v0.1 is clearly better on the evaluated typeset pages and on the unvowelled commentary scans,
and not better on the one human-verified low-resolution scan book. We do not describe it as better on
scanned documents in general.



Table 3: Primary results: raw transcription (Qur’an layer off), base dots.mocr vs. v0.1 (lora-001). DER and CER
are page means; ADER is the paired mean difference over pages where DER is defined for both models, with a 95%
percentile bootstrap interval (4,000 resamples, seed 1); bold intervals exclude zero. CER is letters-only; the second
v0.1 CER value uses the one-shot retry for pages that hit the token limit (DER is unchanged by the retry on the test
split). Invented/omitted marks are pooled per 1,000 aligned letters. n is the number of pages scored for CER; the
DER columns are computed over the subset of pages where DER is defined for both systems, whose count is the n of
Table 4 (e.g. 122 of the 124 gold test pages).

DER Letters-only CER  Invented Omitted
Evaluation set Ref. n base v0.1 A [95% CI] base v0.1 /retry /1k /1k
Test split (never used for training or checkpoint selection)
Kashf (typeset) verified 80 0.053 0.008 —0.045 [—0.053, —0.037] 0.019 0.005 / 0.005 30.3—3.0 5.2—2.0
Taghut (low-res scan)  verified 44 0.492 0.499 +0.007 [—0.031, 40.050] 0.110 0.133 / 0.090 43.4—39.9 13.1—7.3
Gold test, all verified 124 0.204 0.177 —0.027 [—0.041, —0.010] 0.051 0.051 / 0.035 36.9—21.6 9.2—4.7
Additional Teal scans (not used for training or selection)
Unvowelled scans verified 38 0.455 0.297 —0.158 [—0.222, —0.096] 0.139 0.251 / 0.083 58.3 —20.7 14.6 —+6.3
All 300dpi pages (59)  silver 59 0.453 0.324 —0.129 [—0.172, —0.086] 0.078 0.054 / 0.054 35.7—11.9 17.2—9.8
al-Jami’ (low-res scan) silver 48 0.493 0.367 —0.126 [—0.193, —0.061] 0.140 0.246 / 0.061 72.5—31.6 16.6 —5.6

Checkpoint-selection pages (not independent evidence)
Validation (selection)  verified 36 0.091 0.010 —0.080 [—0.095, —0.066] 0.033 0.011 / 0.011 55.7—2.7 7.9—25

Synthetic held-out renders (in-distribution)
Synthetic, held-out font synthetic 60 0.218 0.035 —0.183 [—0.207, —0.159] 0.026 0.007 / 0.007 39.0—+2.4 155—3.2
Synthetic, held-out text synthetic 60 0.261 0.038 —0.223 [—0.263, —0.188] 0.023 0.006 / 0.006 61.6—+2.4 15.1—1.8

5.3 Second training run (negative result)

lora-002 matches lora-001 closely on typeset DER (Kashf 0.011 vs. 0.008). On the 116 typeset pages it is
slightly worse, +0.002 [+0.000, +0.004]. It produces more catastrophic outputs: test CER is 0.160 against
0.051, with 3 broken pages against 1 (Table 7). The CER mean is dominated by one looping title page of the
low-resolution book, with page CER 12.4, which illustrates how unbounded page CERs distort set means.
It was not released. The two runs differ in synthetic vowelling mix, partial-vowelling rule, share of degraded
renders, number of gold copies, steps, time limit and trainer version (Table 2). So this comparison supports
no claim about which change caused the difference. As a descriptive aside: v2’s partially vowelled synthetic
pages (0.047 marks per letter outside verses) are closer to the real partially vowelled scans (0.025-0.056) than
v1’s (0.115), and that did not translate into better scan results here.

5.4 Variability and the release decision

Run-to-run variability. The base model was run twice on the gold pages with the same weights and
greedy decoding. 28 of 157 answers differ between the runs; the cause, such as serving non-determinism or
an unlogged setting, is not recorded. The DER and CER differences are small, but on the 113 typeset pages
with the layer on, the paired DER interval excludes zero (—0.0005 [—0.0009, —0.0001]). Under the project’s
release gate the model therefore “passes” against itself with the layer on, and fails with it off (Table 4).
Intervals of this width should not be read as evidence of improvement.

Release-gate chronology. The project used an automatic gate to decide whether to release fine-tuned

weights. All times are 25 October 2026, UTC+3:

e 15:56: the original gate (commit 0262cfa) required DER to improve over all 160 gold pages, no slice to
worsen by more than 0.005, and no increase in broken pages, invented marks or omitted runs.

o 18:39: lora-001 failed it. Overall DER went 0.124 — 0.131 ([—0.008, +0.022]). The scanned book worsened
(40.090 [+0.045, +0.138]). Partially vowelled pages worsened. Omitted runs rose from 2 to 5.

e 22:30: a tiered gate was committed (57ad5b7). It applies the strict rules only to non-low-resolution pages
and fails low-resolution pages only if the lower bound of the DER increase exceeds 0.05.

e On the same stored outputs, lora-001 passed the tiered gate. Its low-resolution lower bound is 0.0448.

e 23:13: the weights were published.

The record does not show whether the rule was chosen after seeing the result; we report the order of events.
On the gold set, the strict tier contains only typeset, fully vowelled pages. It never sees a scan or a

partially vowelled page. The gate verdicts also depend on the layer and on the bootstrap seed:

« lora-002 failed the tiered gate at seed 1 (lower bound 0.0501).
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Figure 3: Raw transcription (Qur’an layer off) by document condition, base dots.mocr (open) vs. v0.1 (filled). Rows
above the first dashed line are the test split, all human-verified. The next block holds additional real scans: the
38-page unvowelled set is human-verified, and the other two are silver. Below that come the 36 checkpoint-selection
pages and the synthetic held-out renders. (b) Paired bootstrap 95% intervals for the change in page-mean DER.
(¢) Invented marks are pooled over aligned letters, so no interval is available. Sample sizes are in Table 3. Data:
figure_data/fig3_conditions_layer_off.csv.

e Over seeds 1-200 the same stored outputs pass the low-resolution rule in 125 of 200 cases (bounds 0.047—
0.052); lora-001 passes in 200 of 200 (bounds 0.041-0.046).

The release distinction between the two runs is therefore within bootstrap noise. All gold-set numbers in this

paper are reported with intervals rather than gate verdicts.

6 Analysis of Post-Processing Effects

Classical texts quote the Qur’an constantly, and pipelines for such texts often swap a recognised quotation
for canonical text from a reference edition. Our layer does this deterministically (Section 3). The reference
is still the printed page, so the layer can help in two ways: by correcting a misread verse, and by supplying
the exact Uthmani marks and spelling the print uses. It can also hurt in three:

e it replaces a near-miss with the wrong verse window;

e it truncates a quotation that runs past the page end;

o it imposes the canonical edition where the printed edition differs.

The layer changes absolute error. With the layer on, base DER falls substantially on every set that
contains verses: Kashf 0.053 — 0.030, the scanned test book 0.492 — 0.386, and the selection pages 0.091 —
0.030. v0.1’s DER falls much less: Kashf 0.008 — 0.006, scanned book 0.499 — 0.476 (Figure 4b). Most
of base’s typeset diacritic error therefore lies inside Qur’anic quotations, which the layer overwrites with
canonical text.

The layer changes the comparison. Because the layer helps base more, the measured benefit of fine-
tuning shrinks everywhere and changes sign or significance on three sets (Table 4, Figure 4a):
o Gold test. A significant improvement (—0.027 [—0.041, —0.010]) becomes a non-significant difference

(40.016 [—0.002, +0.036]).

o Low-resolution scanned book. A null result (+0.007 [-0.031, +0.050]) becomes a significant regression

(4+0.090 [+0.045, +0.138]).

o Silver low-resolution book. A significant improvement (—0.126) becomes non-significant (—0.054

[—0.129, +0.015]).

Release verdicts flip too. lora-002 passes the gold release gate with the layer off and fails it with the layer
on, and the base model passes against itself only with the layer on. Every release decision in the project was
taken with the layer on. The regression on the scanned book that drove the original gate failure (Section 5.4)
is therefore largely a property of the post-processed condition, not of raw transcription.



Table 4: Effect of the Qur’an quotation-replacement layer on measured DER. A = v0.1 — base (paired, 95% bootstrap
CI; bold excludes zero). The reference is always the printed source; the layer rewrites only model output. Lower panel:
release-gate verdicts on the 160 gold pages computed by the repository’s gate code with the layer off and on. Here n
is the number of paired pages on which DER is defined for both systems (the same with the layer off and on). It can
be smaller than the n of Table 3, which counts all pages scored for CER, because DER is undefined on a page with
no marked letter on either side (Section 3); e.g. 122 vs. 124 on the gold test split.

Layer off (primary) Layer on
Evaluation set n base—v0.1  ADER [95% CI] base —+v0.1  ADER [95% CI]
Kashf (typeset) 80 0.053—0.008 —0.045 [—0.053, —0.037] 0.030—0.006 —0.023 [—0.028, —0.019]
Taghut (low-res scan) 42 0.492—0.499 +0.007 [—0.031, +0.050] 0.386 —0.476 +0.090 [+0.045, +0.138]
Gold test, all 122 0.204 —0.177 —0.027 [—0.041, —0.010] 0.152—0.168 +0.016 [—0.002, +0.036]
Unvowelled scans 35 0.455—0.297 —0.158 [—0.222, —0.096] 0.376 —0.274 —0.101 [—0.175, —0.031]
All 300dpi pages (59) 58 0.453—0.324 —0.129 [—0.172, —0.086] 0.421 —0.316 —0.105 [—0.149, —0.061]
al-Jami’ (low-res scan) 45 0.493—0.367 —0.126 [—0.193, —0.061] 0.389—0.335 —0.054 [—0.129, 4+0.015]
Validation (selection) 36 0.091—0.010 —0.080 [—0.095, —0.066] 0.030 —0.005 —0.024 [—0.033, —0.017]
Synthetic, held-out font 59 0.218 —0.035 —0.183 [—0.207, —0.159] 0.097 —0.027 —0.070 [—0.095, —0.047]
Synthetic, held-out text 59 0.261—0.038 —0.223 [—0.263, —0.188] 0.154—0.031 —0.123 [—0.169, —0.082]
Release-gate verdict on gold v0 (tiered gate, current code)
Comparison Layer off Layer on
base — v0.1 (lora-001) PASS PASS
base — lora-002 PASS FAIL
lora-001 — lora-002 FAIL FAIL
base run 1 — base run 2 (same model) FAIL PASS

Why the layer favours one model. The data support a partial mechanism.
1. Errors count against the verse span. The layer only replaces a quotation it recognises. A misreading
of two words in a short verse is enough to block the match, and then every error inside the span counts

(Figure 5¢c): base misreads one word of {8 513313} and is fully corrected; v0.1 misreads two and is
left unchanged. ’ ) ’

2. v0.1 is matched less often. The share of a system’s quotation spans that the layer can identify as
verses is lower for v0.1 than for base: 0.864 — 0.830 on the unvowelled scans, 0.825 — 0.750 on the
verified subset, and 0.907 — 0.901 on the gold pages.

3. Hypothesis: less to gain. v0.1, trained on QPC verse blocks, may already reproduce more of the
canonical form in the spans it does get right. If so, the layer has less to gain there.

We did not measure how often the layer introduces errors where the printed edition differs from QPC Hafs.

We observed one case where it deletes words from a quotation cut off at the page end.

Implication. A canonical-text layer measures a different task: verse identification plus canonical sub-
stitution, not transcription. Reporting only post-processed scores would have hidden a significant raw-
transcription gain on the test split and attributed a large regression to the model on the scanned book. We
recommend reporting raw transcription as the primary result and post-processing as a separately labelled
condition. The quotation-identification rate should be reported with it, and it should not be read as a
transcription accuracy.

7 Error Analysis and Discussion

Table 5 groups the failure modes found in the stored outputs, and Figure 5 shows three on real crops.

Invented and omitted marks. The base model’s dominant failure on typeset print is mark-level, not
letter-level. It drops shaddas that carry meaning (Figure 5a) and adds case endings the edition does not
print. On unvowelled commentary it fully vowels the text and, in doing so, sometimes changes words: in
Figure 5b ¢y ] becomes an unrelated vowelled phrase. The fine-tuned model mostly copies what is printed.
Letters-only CER scores the first case as nearly perfect and the second as a few substitutions, so it misses
the main behavioural difference between the systems.

Degraded scans. On the low-resolution scans, errors are dominated by dotted-letter confusions (¢/o,
&/3), garbled calligraphic title pages, and loops on short pages. Eight of the ten worst v0.1 test pages
belong to the low-resolution book. Fine-tuning does not fix these; the retry removes most loops.
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Figure 4: The quotation layer changes the measured comparison. (a) Paired change in DER with the layer off
(circles) and on (squares). On the gold test split the layer turns a significant improvement (—0.027, CI excludes zero)
into a non-significant difference (+0.016). On the verified low-resolution scan (Taghut) it turns a null result into a
significant regression (+0.090). (b) The layer lowers the base model’s DER much more than v0.1’s (e.g. typeset Kashf:
base 0.053 — 0.030, v0.1 0.008 — 0.006). Data: figure_data/figd_layer_effect.csv.

Metric pathologies seen in practice. Five recur in the stored outputs:

e Unbounded CER. A single looping page (page CER 6.5 or 12.4) can dominate a set mean.

« DER on unvowelled pages. On references without vowels, page DER takes only the values 0, 1 or
undefined.

e Text loss hidden from DER. DER ignores unaligned letters, so a model can lose text without any
DER penalty.

e Missed loops. The loop detector reads letters only, so repeated verse-number markers (©) are missed
and caught only as truncation.

e Inconsistent honorifics. The two honorific ligatures are treated inconsistently by the letters view
(Section 3).

None of these changes the direction of the main results, but each shows why we report several metrics together

with page-level failure counts.

Reference quality. References are the weakest link in evaluating faithful OCR, because an error in the

reference is scored as a model error:

o Silver errors. One silver key contains a stray CJK character.

o Corrections on review. Review of 41 silver pages found errors on 6.

e Honorific change. Normalising the honorific changed 24 of 97 silver references.

e The verified scanned test book. A visual check of crops suggests that the references omit marks the
scan prints on two pages, where v0.1 is charged with “invented” marks it read correctly. On another page
they add marks the scan does not show, and v0.1 is charged with “omissions” for following the print. On
the title and colophon pages, names may not match.

These observations have not been re-adjudicated by a second annotator. Because this book is the only human-

verified low-resolution source, its DER of about 0.5 for both systems contains an unknown contribution from

reference disagreement. The direction of that bias is unknown. Marks missing from the reference inflate a

system’s invented-mark count, and marks the reference adds inflate its omitted count. Errors can also cancel

within a page, so the true DER may be lower or higher than measured, and the bias may differ between the
two systems.

Why do typeset gains not carry over? The evidence does not settle this, and we offer hypotheses only:
1. Training distribution. Real training pages are all typeset and fully vowelled, so the model never sees a
real degraded or partially vowelled page in training.
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(a) Typeset test page, human-verified (Kashf ash-Shubuhat, p. 73): omitted shaddas that change the
meaning.

Scan excerpt omitted from this web edition pending rights clearance; the
transcriptions below are unchanged.

first excerpt (line 1-2 of the crop)  what differs

Reference 3.&1&) (Qmj.ég all k:—‘ie.a;d Lal
Base 3..&1&) (QQ}ES i ;«;7.94.;4 lal  shadda omitted: kaffarahum
i “declared them unbelievers” —
kafarahum “disbelieved in them”
v0.1 4;;1_{) p:ajxg all Q;ze.:u lal  identical to the reference
second excerpt (last line of the crop)
Reference §- C)gié-éjé & & : 39
Base §- C)gi\_‘;-gjé ¢(J9.‘;=;J§ shadda omitted (and a vowel
changed): yuwahhiduna “affirm
God’s oneness” — yuhaduna
v0.1 §- &gl;éjé tag.;c;;!_é identical to the reference

Page DER (layer off): base 0.119 (17 invented, 7 omitted and 7 changed marks); v0.1 0.000.

(b) Unvowelled scan, human-verified (Sharh al-Jami’, p. 33): invented vowels and changed words. The
print has no vowels.

Scan excerpt omitted from this web edition pending rights clearance; the
transcriptions below are unchanged.

Reference o s ‘J! ‘9.‘ @9 Ao 4&99 Ay MLM'Q as printed, without vowels
Base L:.H.é— éﬁ.ﬁ.‘ U! ‘gjl.gé ;&5-‘ </L§.9é :&S)j :L;L‘;uo‘g vowels added to unvowelled text;

the final words are replaced by
an unrelated phrase

v0.1 &‘>-).~u.) LJ! ‘9”.9_9 J..‘>-i 452.99 Ay 4JL‘>u0i9 identical to the reference

Page (layer off, verified reference): base CER 0.077, DER 0.677, 194 invented marks; v0.1 CER 0.023, DER 0.165, 12 invented
and 7 omitted.

(c¢) Low-resolution test scan, human-verified (Sharh Ma'na at-Taghut, p. 8): the quotation layer. The
verse appears five times on the page.

Scan excerpt omitted from this web edition pending rights clearance; the
transcriptions below are unchanged.

raw output (layer off) after the Qur’an layer
Reference {ZJ.\H 8 813319} f:;_m R
Base { el 3 51331 ) {;m 3 813319}
01 {oll 2 18 9) {el 2 18 9)

Base misreads one word, and the layer replaces the span with the canonical verse (page DER 0.362 — 0.048). v0.1 misreads
two words, so the span is not matched and is left unchanged (DER 0.576 — 0.576). The reference is the same in both columns.

Figure 5: Real page crops with the reference (the printed source as verified), base dots.mocr and v0.1 output. Words
that differ from the reference have a red background; the corresponding correct words have a green one. The prediction
strings are reproduced exactly. Crops are short excerpts of the evaluation images (see §8 on rights). Page-level metrics
as defined in Section 3.
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Table 5: Failure categories, with examples from stored outputs and the limits of what the metrics show about
each. All examples come from paper/evidence/failure_analysis.md; excerpts were checked byte-for-byte against

the predictions.

Category

Example (system, page)

What the metric does and does not show

Invented diacritics

Omitted / changed
marks

Wrong letters on de-
graded scans
Omitted text

Repetition loops

Quotation-layer ef-

fects

Reference errors

Base fully vowels an unvowelled
commentary line and changes
words (al-Jami’ p. 33: 194 in-
vented marks; v0.1: 12)

Base drops meaning-bearing shad-
das (Kashf p. 73)

Dotted-letter confusions ¢/ and
&/ (Taghut p. 19) )

Base leaves out a whole verse
(Inna Kunna p. 19); lora-002 stops
after a title (Inna Kunna p. 1)
v0.1 repeats digits to the token
limit (al-Jami’ p. 39, CER 6.51;
retry 0.14)

Layer repairs a one-word mis-
reading but not a two-word one
(Taghut p. 8); it truncates a quote
cut off at the page end (Usul p. 21)
Silver key with a stray CJK char-
acter (al-Jami’ p. 3); wverified
Taghut pages where a visual check
suggests the key omits printed
marks (pp. 36-37) or adds un-
printed ones (p. 28)

Counted per aligned letter. On references without vowels,
page DER is 1.0 if any mark is invented, so the invented-
marks rate is the informative measure.

DER counts them only where the base letters align; a sub-
stituted letter removes its marks from the denominator.
Letters-only CER captures them; DER ignores the affected
positions.

Runs of >5 omitted words are counted; shorter gaps and
substitutions are not.

CER is unbounded and page-averaged, so one loop page
can dominate a set mean. The loop detector reads letters
only and misses repeated @ markers.

Layer-on scores mix recognition with matcher behaviour
(Section 6).

Errors in the reference are counted as model errors. The
Taghut cases are an author-side visual reading and have
not been re-adjudicated.

2. Synthetic degradation. It may not resemble the low-resolution scan, a scan of a printed book with its
own typeface and wear.
3. Mark density. Synthetic partially vowelled pages differ in mark density from real ones. v2 matched real
density more closely without better scan results.
4. Narrow and noisy evidence. The verified scan evidence is one book with imperfect references.
Separating these explanations would need more verified scan books and controlled training variations. The
present data support only the observation that the gains are condition-dependent.

8 Limitations and Reproducibility

Scope of evidence.

e Typeset print. The typeset evidence is one edition series.

e Low-resolution scans. The human-verified low-resolution evidence is one book of 44 pages, which also
holds every partially or unvowelled test page.

¢ Other scans. The other scan results come from two commentaries with silver references, plus a 38-page
verified subset that was partly selected by model disagreement.

e Checkpoint selection. The checkpoint was selected by validation loss on 36 gold pages that the project’s
own release evaluation also used. We report them separately and do not count them as independent

evidence.

e Training runs. Each training configuration was run once, with an unlogged seed.

« Statistics.

No multiple-comparison correction is applied to the many slice intervals.

The intervals

resample pages within the evaluated sets, so they do not cover variation across books, editions or publishers;
conclusions about other books are not supported by them.

Evaluation-process issues.
o Gate revision. The release gate was revised after the released model failed its first version (Section 5.4).
o Seed sensitivity. The pass/fail distinction between the two runs depends on the bootstrap seed.

¢ Run-to-run variability. Repeated inference of the same model changed 28 of 157 answers.

e Layer dependence.

conclusions.

All release decisions used the quotation layer, which Section 6 shows changes
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We report these so that readers can weigh the results. We do not claim that the released model passed a
pre-registered criterion.

Audit mismatches. When all reported project numbers were recomputed, 85 of 96 matched exactly. The

11 mismatches have five causes and are not 11 independent errors:

e one is the gate verdict that changed with the revised rule;

e one is a last-digit rounding difference;

e two report the same page with scores from the layer-off condition inside a layer-on table;

e one states that a mean was “unchanged” when it moved by 0.001;

e six are values computed before the 26 October honorific normalisation of the silver references; they repro-
duce exactly against the earlier references.

Model identity. The base model was served from Hugging Face dots-studio/dots.mocr without a
pinned revision; the revision in use (e539fbb) is inferred from the hub history. The released v0.1 (pandan
labs/dots-mocr-arabic-classical, revision 037b472) is consistent with the evaluated checkpoint: same
storage path, timestamps before the evaluation, identical shard names and sizes. We did not compare byte-
level hashes, and two checkpoints of this architecture have identical shard sizes, so the identity is inferred
rather than verified.

Reproducibility.

o Publicly released: only the fine-tuned model weights (see Code and Model Availability). The scorer,
the evaluation and data-generation code, and the stored predictions behind every table and figure are
preserved in a private repository, with the audit scripts and SHA-256 manifests of their inputs, but are
not public.

e Missing: the exact training and synthesis command lines, the seeds, and the deleted raw synthetic
renders. The renders’ per-page settings were reconstructed by deterministic replay.

e Not version-controlled: raw predictions and logs.

Appendix D lists commits, revisions and file locations.

Rights and data release. The classical mutoon are centuries old, but the page images are of a recent
typeset edition, whose editorial vowelling and typesetting may carry rights. The scanned commentaries are
modern works by a living author; one carries an “all rights reserved” notice. Fonts, the Qur’anic text and the
synthetic text corpora have their own terms. We therefore do not redistribute page images here beyond the
short crops in Figure 5, and evaluation-data release is subject to rights clearance. This limits independent
reproduction of the scan results.

9 Conclusion

Faithful OCR of classical Arabic print has to be evaluated on the marks the page prints, not only on its
letters. On human-verified test pages, a LoRA-fine-tuned dots.mocr leaves letters-only CER unchanged
while substantially reducing diacritic errors and invented marks. The gains are large on typeset print and on
unvowelled commentary scans, and absent on the one human-verified low-resolution scan book. Canonical
replacement of Qur’anic quotations, a plausible production step, changes the comparison enough to hide a
significant test-set improvement and to manufacture a significant regression.

For this task we recommend reporting:
e« DER with invented and omitted-mark rates beside letters-only CER,;
e page-paired intervals and page-level failure counts;
e raw transcription as the primary condition, with post-processing as a separate one;
o which references were checked by a person;
o test and selection pages kept apart.
We also recommend fixing release criteria before evaluation, and checking their sensitivity to bootstrap seeds
and repeated inference. The evaluated model is public; the code and evaluation data are not (see Code and
Model Availability below).

Code and Model Availability

The evaluated fine-tuned model is publicly available on Hugging Face. Evaluation code, audit scripts and
associated research artifacts are currently maintained in a private repository. The reproducibility manifest
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in Appendix D documents the available artifacts and the remaining limitations.

o Fine-tuned model (v0.1, public): https://huggingface.co/pandanlabs/dots-mocr-arabic-cla
ssical. The evaluated weights correspond to revision 037b472: https://huggingface.co/pandanlab
s/dots-mocr-arabic-classical/tree/037b472f2a2fd004e02ce012549844af119eeab2. Identity with
the evaluated checkpoint is inferred, not hash-verified (Section 8).

« Base model (public, third party): https://huggingface.co/dots-studio/dots.mocr.

e Not publicly available at the time of writing: the evaluation and training code, the scorer and quota-
tion layer, the stored predictions, the audit materials, and the evaluation datasets with their page images.
The page images come from editions whose rights have not been cleared for redistribution (Section 8).
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A Normalisation Edge Cases

Table 6 lists how the scorer treats characters that matter for classical Arabic. It was established by running
the project’s scorer on constructed strings; the inputs and outputs are in paper/evidence/evaluation_me

thodology.md, §9.

Table 6: Treatment of selected phenomena by the scorer’s letters view (CER) and diacritic clusters (DER).

Phenomenon Treatment
Alef/hamza variants 111 | i; u..s/& Not folded; each counts as a distinct letter.
afs

Decomposed hamza/madda

Presentation forms (U+FB50-
FDFF, FE70-FEFF)

#  (U+FDFA)  vs. &
(U+FD41)

Tatweel

Harakat set

Qur’anic annotation marks
Digits

Mark order on a letter

Marks on spaces or punctuation

Composed by NFC where possible; otherwise the combining mark becomes a space
in the letters view and splits the word.
Not normalised (no NFKC): ¥ # 4.

The first is a letter in the letters view, the second is not and is removed.

Removed from the letters view and from DER clusters; runs of > 3 become an
ellipsis in the plain view.

U+064B-0652 and U40670. Maddah (U40653), hamza marks (U+0654/5) and
Qur’anic small signs are not harakat.

Removed from the letters view and from DER (U+06D6-06ED, U+08D3-08FF).
Arabic-Indic and Persian digits map to ASCII in the letters view only.

Sorted before comparison; duplicated marks count as a change.

Ignored by DER, counted in raw CER.

B All Systems, Variability and Gate Definitions

Same-model rerun.

Two inference runs of base dots.mocr on the gold pages (157 pages common to both)

give these paired differences (run 2 — run 1):
o Layer off. DER —0.0027 [-0.0096, +0.0011]; CER +0.0003 [—0.0015, +0.0020]; typeset DER —0.0004

[—0.0009, +0.0001].

o Layer on. Typeset DER —0.0005 [—0.0009, —0.0001].
Data: figure_data/same_model_rerun.csv.

Bootstrap-seed sensitivity. For the tiered gate’s low-resolution rule (fail if the lower 95% bound of the
DER increase exceeds 0.05), we recomputed the bound for seeds 1-200 on the same stored outputs:

e lora-001: bounds 0.0406-0.0463, passing in 200/200 seeds;

o lora-002: bounds 0.0472-0.0516, passing in 125/200 seeds.

Data: figure_data/bootstrap_seed_sensitivity.csv.

Gate definitions.

The original gate (commit 0262cfa) fails a candidate unless:

o DER is better over all pages with 95% confidence;
¢ no slice’s DER lower bound exceeds +0.005;
o broken pages, invented marks per 1k (allowing a factor of 1.05 plus 0.1) and omitted five-word runs do

not increase;
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Table 7: All evaluated systems, layer off. DER page mean (paired A vs. base with 95% CI), letters-only CER page
mean, broken pages (loop, truncation, empty or CER>0.5) and runs of >5 consecutive omitted reference words. Bold

intervals exclude zero.

Evaluation set System n

DER [A 95% CI]

CER Broken Omitted runs

base 80
v0.1
v0.1 + retry

lora-002

Kashf (typeset)

base 44
v0.1
v0.1 + retry

lora-002

Taghut (low-res scan)

Gold test, all base 124
v0.1
v0.1 4+ retry

lora-002

base 38
v0.1
v0.1 4+ retry

lora-002

Unvowelled scans

All 300dpi pages (59) base 59
v0.1
v0.1 + retry

lora-002

base 48
v0.1
v0.1 4+ retry

lora-002

al-Jami’ (low-res scan)

0.053

0.008 [—0.045 [—0.053, —0.037]]
0.008 [—0.045 [—0.053, —0.037]]
0.011 [—0.042 [—0.051, —0.034]]

0.492
0.499 [+0.007 [—0.031, +0.050]]
0.499 [+0.007 [—0.031, -+0.050]]
0.517 [+0.021 [—0.022, +0.068]]

0.204
0.177 [—0.027 [—0.041, —0.010]]
0.177 [—0.027 [—0.041, —0.010]]

0.182 [—0.021 [—0.038, —0.002]]
0.455

0.297 [—0.158 [—0.222, —0.096]]
0.300 [—0.156 [—0.216, —0.095]]
0.324 [—0.146 [—0.218, —0.079]]
0.453

0.324 [—0.129 [—0.172, —0.086]]
0.324 [—0.129 [—0.172, —0.086]]
0.363 [—0.100 [—0.152, —0.050]]
0.493

0.367 [—0.126 [—0.193, —0.061]]
0.369 [—0.124 [—0.190, —0.060]]
0.355 [—0.138 [—0.209, —0.070]]

0.019 0
0.005
0.005
0.005

0.110
0.133
0.090
0.441

0.051
0.051
0.035
0.160

0.139
0.251
0.083
0.092

0.078
0.054
0.054
0.062

0.140
0.246
0.061
0.116

U OO WNUOIN WUt OO0 OO

H N WN N EFRNDWND WHE =W W= Ww OO0 Oo
NN NN
TN NN

O 00

e the quotation-match rate does not fall by more than 0.02.
The tiered gate (commit 57ad5b7) applies these rules only to pages not labelled low-resolution. For low-
resolution pages it fails only if the lower bound of the DER increase exceeds 0.05, and it does not check
broken pages, invented marks, omitted runs or quotation matching for them. Neither gate checks CER.

C Text Overlap Between Training and Evaluation

Table 8: Shared 8-word shingles between all training text (gold train and all synthetic labels of both versions) and
each evaluation set, counted outside Qur’anic brackets on letters-only, folded text. “Other” is shared text that is
neither a known hadith nor Qur’anic. Source: paper/evidence/dataset_audit.md, §6.

Evaluation set Shared / total shingles Hadith Other Pages with “other”
Gold validation 23 /949 (2.4%) 5 18 1
Gold test 12 / 7,056 (0.17 %) 10 2 1
Unvowelled (silver) 40 / 9,969 (0.40 %) 24 16 4
Unvowelled-verified 6 /3,279 (0.18 %) 6 0 0
300 dpi sample (10 pages) 12 / 1,599 12 0 0
Synthetic held-out font 82 / 7,867 28 54 3
Synthetic held-out text 55 / 8,763 14 41 3

D Reproducibility Manifest

» Code (private repository, not public): pandan-factory, evaluation code at commit 6ce3642.
— Scorer: internal/textmetrics, internal/evals.

— Quotation layer: internal/quran.

— Synthetic generator: internal/synth (vl at 0262cfa, v2 at a492235).
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Audit: evidence files, recomputed results (18,939 rows) and preserved analysis scripts with SHA-256
manifests of 2,343 input files are on branch research/arabic-ocr-paper, commits b348698 and 064e856,
under paper/evidence/.

Figures and tables: scripts/extract_figure_data.py copies the plotted values from paper/eviden
ce/results_recomputed.csv into figure_data/; scripts/make_tables.py writes Tables 3, 4 and 7;
scripts/make_crops.sh cuts the crops in Figure 5.

Models: base dots-studio/dots.mocr (revision not pinned; e539£bb inferred). v0.1: pandanlabs/dot
s-mocr-arabic-classical, revision 037b472.

Inference: vLLM 0.30, greedy decoding, 4,096-token limit, images at 2,048 px long side.

Missing: training and synthesis command lines, seeds, raw synthetic renders (settings reconstructed by
replay), byte-level hashes of the released weights.
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