A. Appendix
A.1. More Results

Table 8. Detailed Performance Analysis Across Languages. The table compares various OCR models across multiple languages using
metrics such as CER, WER, BLEU, ANLS and METEOR.

Model CER| WER| BLEUT ANLStT METEOR?
Hindi
Tesseract 0.090 0.287 0.636 0.908 0.791
PaddleOCR 0.414  0.864 0.023 0.575 0.117
Phi-3.5 Vision 2.878 2.500 0.023 0.126 0.069
Llama-3.2 11B  4.654 3.455 0.020 0.116 0.070
Qwen2-VL 2B 2.360  2.022 0.066 0.172 0.153
GOT OCR base 1.013 1.190 0.004 0.052 0.043
Nayana-OCR 0.160  0.297 0.532 0.850 0.756
Kannada
Tesseract 0.155 0.609 0.259 0.847 0.541
PaddleOCR 0.814  0.918 0.020 0.110 0.048
Phi-3.5 Vision 2.655 2.877 0.006 0.084 0.046
Llama-3.2 11B  4.670  4.991 0.004 0.075 0.047
Qwen2-VL 2B 1.394 1.599 0.013 0.075 0.063
GOT OCR base  0.936 1.008 0.019 0.067 0.063
Nayana-OCR 0.361 0.648 0.341 0.740 0.554
Tamil
Tesseract 0.265 0.811 0.109 0.750 0.324
PaddleOCR 0.545 1.076 0.003 0.450 0.051
Phi-3.5 Vision 1.531 2.033 0.000 0.082 0.035
Llama-3.2 11B 3.009 4.229 0.002 0.086 0.052
Qwen2-VL 2B 1.260 1.515 0.007 0.125 0.053
GOT OCR base  0.956 1.020 0.013 0.056 0.051
Nayana-OCR 0.181 0.551 0.377 0.829 0.592
Telugu
Tesseract 0.158  0.589 0.296 0.821 0.551
PaddleOCR 0.435 0.934 0.014 0.550 0.088
Phi-3.5 Vision 2442 2464 0.001 0.067 0.036
Llama-3.2 11B  2.736 3.586 0.015 0.090 0.068
Qwen2-VL 2B 1.580 1.696 0.010 0.115 0.065
GOT OCR base  0.925 1.007 0.022 0.075 0.066
Nayana-OCR 0.282  0.065 0.241 0.733 0.522
Odia
Tesseract 0.290  0.681 0.155 0.703 0.403
PaddleOCR 0.639  0.742 0.020 0.111 0.030
Phi-3.5 Vision 2.311 2.168 0.000 0.090 0.018
Llama-3.211B  2.880  2.908 0.005 0.088 0.042
Qwen2-VL 2B 1.247 1.345 0.012 0.092 0.060
GOT OCR base  0.926 1.000 0.020 0.078 0.042

Nayana-OCR 0311  0.566 0.305 0.738 0.551




Model CER| WER| BLEUT ANLSt METEOR?

Punjabi
Tesseract 0.203  0.532 0.356 0.803 0.568
PaddleOCR 0.717  0.811 0.010 0.095 0.029
Phi-3.5 Vision 3.431 2.896 0.001 0.083 0.034
Llama-3.2 11B  5.801 4.535 0.000 0.065 0.029
Qwen2-VL 2B 1.260 1.515 0.007 0.125 0.053
GOT OCR base 0.954  0.994 0.010 0.066 0.046
Nayana-OCR 0.159  0.440 0.435 0.853 0.693
Malayalam
Tesseract 0.355 0.828 0.065 0.663 0.258
PaddleOCR 0.788  0.895 0.036 0.125 0.073
Phi-3.5 Vision 1.993 2489 0.000 0.070 0.039
Llama-3.2 11B  2.988 3.807 0.001 0.081 0.051
Qwen2-VL 2B 1.394 1.599 0.013 0.075 0.063
GOT OCR base  0.956 1.174 0.011 0.064 0.047
Nayana-OCR 0.270  0.694 0.248 0.740 0.516
Marathi
Tesseract 0.157  0.460 0.513 0.862 0.738
PaddleOCR 0.355 0.849 0.035 0.630 0.154
Phi-3.5 Vision 1.592  2.063 0.023 0.150 0.073
Llama-3.2 11B  2.421 2.724 0.007 0.108 0.074
Qwen2-VL 2B 1.251 1.269 0.069 0.248 0.181
GOT OCR base 0915  0.988 0.021 0.095 0.060
Nayana-OCR 0.143  0.457 0.540 0.866 0.753
Gujarati
Tesseract 0.148 0.446 0.534 0.871 0.733
PaddleOCR 0.800 0914 0.026 0.124 0.068
Phi-3.5 Vision 3.329  3.008 0.006 0.091 0.047
Llama-3.2 11B  2.401 2.724 0.007 0.108 0.074
Qwen2-VL 2B 5.050 4.312 0.006 0.092 0.042
GOT OCR base  0.940 1.047 0.020 0.081 0.057
Nayana-OCR 0.172  0.451 0.476 0.839 0.707
Bengali
Tesseract 0.241 0.590 0.259 0.738 0.492
PaddleOCR 0.704  0.798 0.014 0.096 0.029
Phi-3.5 Vision 2.041 2.110 0.008 0.014 0.042
Llama-3.2 11B  7.021 6.039 0.009 0.093 0.044
Qwen2-VL 2B 0.967 1.054 0.048 0.174 0.127
GOT OCR base 0.926  0.983 0.019 0.080 0.048

Nayana-OCR 0.235  0.460 0.452 0.776 0.656




Table 9. Document retrieval performance comparison of our finetuned models and baseline models as tested on our multilingual benchmark
dataset (Nayana IR DescVQA) and ViDoRe English benchmark datasets - arXivQA and DocVQA, to test for any performance degradation
in English

Model Dataset NDCG@51 NDCG@107T Recall@1f
. DescVQA Hindi 0.513 0.531 0.432
ColPali v1.3 DescVQA Kannada 0.280 0.300 0.213
arXivQA 0.830 - 0.776
DocVQA 0.585 - 0.494
DescVQA Hindi 0.109 0.124 0.074
ColSmol 500M DescVQA Kannada 0.038 0.046 0.020
arXivQA 0.749 - 0.670
DocVQA 0.581 - 0.506

Nayana IR Finetuned Models

ColPali v1.2 DescVQA Hindi 0.694 0.719 0.593
Hindi Finetune (12k rows) DescVQA Kannada 0.437 0.462 0.323
arXivQA 0.814 0.825 0.744
DocVQA 0.565 0.581 0.478
ColPali v1.3 DescVQA Hindi 0.761 0.778 0.664
Hindi Finetune (47k rows) DescVQA Kannada 0.470 0.491 0.36
arXivQA 0.835 0.845 0.774
DocVQA 0.578 0.593 0.490
ColPali v1.3 DescVQA Hindi 0.609 0.629 0.510
Kannada Finetune (12k rows) DescVQA Kannada 0.512 0.539 0.390
arXivQA 0.838 0.848 0.780
DocVQA 0.581 0.598 0.498
ColPali v1.3 DescVQA Hindi 0.651 0.673 0.550
Hindi & Kannada Finetune (15k rows) DescVQA Kannada 0.493 0.518 0.383
arXivQA 0.837 0.850 0.780
DocVQA 0.588 0.607 0.505
ColSmol Base DescVQA Hindi 0.729 0.741 0.661
Hindi Finetune (12k rows) DescVQA Kannada 0.282 0.311 0.190
arXivQA 0.800 0.814 0.740

DocVQA 0.600 0.621 0.507




Document Retrieval Performance Comparison
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5. RESULTS
This section reports on the experimental results obtained
by OfFEEL and OwEEL, compared to the three baseline
methods respectively noted LMS (optimal linear classifier),
GA (genetically evolved linear classifier) and Boosting (en-
ble of decision stumps), on the six UCI data sets de-

mn
100000 fitness evaluations
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Termination criteria
‘Tournament si;
Initialization range [L1]
X crossover prob. 0.3
SBX crossover n-value

0.1
=005

scribed in Table 1. For each method and problem, the aver-
age test error (over 100 independent runs as described in Sec-
on 4) and the associated standard deviation are displayed
in Table 3. The average computational effort of Off EEL for
a run ranges from 30 seconds (on problem bld) to 20 mi
utes (on problem spa), on AMD Athlon 1800+ computers
with 1G of memory. For Ow-EEL, the average computa-
tional effort for a run ranges from 2 hours (on problem pid)
t0 24 hours (on problem spa), on the same computers.
With respect to the bascline algorithms, a first remark is
that_the LMS-based classifier is significantly outperformed
by all other methods, on all problems but one (pid). This is
explained as the eriterion given by Equation 6 uselessly over-
constrains the learning problem, replacing a set of lincar
inequalities with the minimization of the sum of quadratic
terms. Similarly, the single-hypot hesis evolutionary learning
is dominated by all other methodls on all problems but one
(bew). Boosting shows its acknowledged efficiency as it is
the best algorithm on two out of six problems (OfFEEL and
Boosting are both best performers for the cac problem)
OfFEEL is the best method for three out of six problems
tested. Compared to AdaBoost, it generates ensemble with
lower test error rate on four problems, with a tie for the cac
problem, and AdaBoost being the best on spa problem. In
all cases, the number of classifiers is lower, with an aver-
age between 235 and 335 classifiers for Off EEL compared
with more than 750 on all problems but bew for Boosting.
This is understandable given that the ensembles are built
with OfFEEL starting from a population of 500 individu-
als. This raises the question on whether the evolutionary
learning accuracy could be improved by considering larger
population sizes. But it should not be forgotten that the de-
cision stumps classifier making the AdaBoost ensembles are
significantly simpler than the evolved linear discriminants
of OfFEEL. No clear conclusion can thus be made on the
relative complexity of the ensembles generated by OfFEEL
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Figure 9. Page-level translation examples showing Hindi (left) and Tamil (right) translations with preserved document layout.
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Figure 10. Page-level translation examples demonstrating Kannada (left) and Bengali (right) translations.
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Figure 11. Page-level translation examples showing Malayalam (left) and Gujarati (right) translations.
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Figure 12. Page-level translation examples demonstrating Marathi (left) and Telugu (right) translations.
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Figure 13. Page-level translation examples showing Odia (left) and Punjabi (right) translations.



A 4. Layout Preserving Section-Level Multilingual Examples

and the overall security of the protocol. We will show that it
is still secure against individual attacks and it results in higher
information rates as a result of obtaining two simultaneous
streams of information from both quadratures. instead of the
usual one quadrature measurement.

HITEFR F ARD I 20 EE0 Fa2 39 o FTa
ZHE) F AT 295 2 30 22 D U6 27 W § asna
el 9l A Baa 71 4 smanle ma e F2a F uRmmesn
79 Ba@ = §i oA @m )

wmmh Gm i penmuiles g (S0 S LN I& L. 2 eng,
0T 60T ML (G el Lo L & M Sel Sstn, 4,
SHRTTE EESTERID HITHEIHR DE, GLOgIWD DiF 2w Fene
allenemaild. S s S (b @Er SHIH S su &L e ST
allenemay 15 5 &y 61 £ HRLEET G 6TS Jkkerflsy
BBl SEeuch eiul FLLEET, LIGSUT S Sulpl 240 T GHIh
Bumiig semaiibl

Figure 14. Section-level translation examples showing English (original), Hindi, and Tamil translations.
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AUSAIGITT, MR SATT Alfle MK GANTH SADTUDDI
exdlaspmailend coemnil allom allaesjeed o daranuayda
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Figure 15. Section-level translation examples showing Kannada, Malayalam, and Bengali translations.

sl viZishoarll des pa 2 d stidla) calaosi giamil 1l
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Figure 16. Section-level translation examples showing Gujarati, Marathi, and Odia translations.

w3 jeam & mist nafumm wit fewrerat fa fiea fonedlos

THfEn = fegunwm S pafmE I fere st Ser gera &
TMEE S EE5 € B31H o meardl e gt 2 ggdan 3

FiEard! e g, & B vy i SEaEn wu

Soboin Ped dud, Audo gided. it oD drdperdo Sgldd
ereentls 2pBBtore winl Gk s ffcin w8 ebd Mhereds
ol Bodly Miwod’ Srocide Ses Binan s Sig Soth Tgd o fed
Ssrand S, & Ferde u syEds Fus.

Figure 17. Section-level translation examples showing Punjabi and Telugu translations.



A.5. VQA Examples

IN THE UNITED STATES DISTRICT COURT
FOR THE DISTRICT OF KANSAS

Hypernode Graphs for Spectral Learning on

HEATHER HASENBANK,
Binary Relations over Sets*
Plaintiff,
Thomas Ricatte', Rémi Gilleron?, and Marc Tommasi®
v. Case No. 20-4082-]TM-ADM
P Research, Paris
v. LIFL and Inria Lill
DAN GRONNIGER et al., el i Lile
Defendants. Abstract. We introduce hypernode graphs as weighted binary relations
between sets of nodes: a hypernode s a set of nodes, a hyperedge is a pair
of hypernodes, and cach node in a hypernode of a hyperedge is given a
MEMORANDUM AND ORDER ADOPTING REPORT AND non negative weight that represents the node contribution to the relation.
RECOMMENDATION Hypernode graphs model binary relations between sets of individuals
while allowing to reason at the level of individuals. We present a spectral
. B . theory for hypernode graphs that allows us to introduce an unnormalized
This matter is before the court on the Report and Recommendation (R&R) (Dkt. Laplacian and a smoothness semi-norm. In this framework, we are able

to extend spectral graph learning algorithuns o the case of hypernode
that hypernode graphs are a proper extension of graphs
of view and from the spectral analysis
Therefore hypernode graphs allow to model higher order
ereas it is not true for hypergraphs as shown in [1]. In order

to prove the potential of the model, we represent multiple players

with hypernode graphs and introduce a novel method to infer skill rating
upon which relief can be granted. The R&R advised Hasenbank that she was entitled to from ép:l‘ u“,(i,,,zs_ We show that spectral learning algor b
hypernode graphs obtain competitive results with skill ratings specialized
algorithms such as Elo duelling and TrueSkill

10) of Magistrate Judge Angel D. Mitchell filed on February 2, 2021, which recommends

that the court dismiss plaintiff Heather Hasenbank’s action for failure to state a claim

games

ms over

file written objections within fourteen days of service, and that failure to file objections

within the fourteen-day period would result in waiver of any right to appeal the y : Graphs, Hy Semi Supervised Learning, Multiple Players
Games.

Magistrate Judge’s factual and legal determinations. (Id., p. 5-6).
1 Introduction
The R&R was mailed to Hasenbank by both regular and certified mail on February X
Graphs are commonly used as a powerful abstract model to represent binary
between indi Binary relationships between indi are
2, 2021. The certified mail return receipt shows the R&R was delivered to and signed for modeled by edges between nodes. This is for instance the case for social net-
works with the friendship relation, or for computer networks with the connec-
tion relation. The hypergraph formalism [2] has been introduced for modeling
problems where relationships are no longer binary, that is when they involve
more than two individuals. Hypergraphs have been used for instance in bioinfor-
return receipt was received by the court on February 10, 2021 (id,), meaning that the maties [11], computer vision [17] or natural language processing [3). But, graphs
and hypergraphs are limited when one has to consider relationships between sets

by Hasenbank, but the date of receipt was not completed. (See Dkt. 11). In any event, the

longest period of time Hasenbank would have had to respond to the R&R was fourteen ¢ the French National Research Agency (ANR). Project

days from February 10, 2021. Hasenbank filed an Objection to the R&R on February 17,

2021 (Dkt. 12) and filed a supplemental Objection on February 24, 2021. (Dkt. 13). Under

Figure 18. Original documents

Document 1: Hypernode Graphs Document 2: Pension Liability Analysis
Q1: Whatisa hypernode in the context of hypernode graphs? Qi: What was the discount rate used to measure the jon i id it change from the pric
A A i A Thediscount rate used labilisy was 200%, which: from the 765% rate used at the prior measurement date.
Q2 What docs a hyperedge representin hypemode graphs? Q2 What sasumptions were made inthe projection of cash flows to determine the discount rtel
A Ahyperedge repr apair of Fap A Theps cash ate and that ions from the
3 cquired rates, actuarially
Qa: Howare hypernode graphs raditional pressive power?
A: Hypernode graphs are a proper extension ive power point of view, all i Q3 How was the long-term. ap:md rate of return on pension plan investments determined?
which s not possible with hypesgraphs. A Thelongterm i ing a "top down lyplu:th of the Bespoke Client-Constrained
Simulation-based O.Ammatmn Model, which ing wi and by the
Q4: What s one application of hypernode graphs mentioned in the text? ERS Board.
A OmemRiatea of Q4 Whatis of the target i i expected rate of return?
Qs: purpose of A Thetarget asset allocation percentage is used to weight the expected futare real rates of retun for each major asset class, which are then corsbined
A Tomodel binary i il at the level of individuals. and adjusted by adding expected inflation to produce the long-term expected rate of requrn.
Qs: What statiti , Bespoke Client.C: i fon Model to determine the long
1. Tomodel binary relati sets of indivi i ing reasoning at the level of individuals. s o e
2. To replace taditional graphs in all applications
3 To implly the spects anatyis of L
4. To climinate the need for hypergraphs in bieinformarics. Optim

1. regression analysis
2. re-sampling with a replacement
3. Monte Carlo simulation

4. time series analysis

Figure 19. VQA Questions Generated for documents



A.6. Data Augmentation Examples
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Figure 20. Document degradation examples showing (from left to
effect, and letterpress impression.
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Figure 21. Document degradation examples showing (from left to
bleeding.
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right): background texturization, printer drum defects, ink mottling
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right): lighting gradient, line degradation, shadow effects, and ink



A.7. Evaluation Metrics Explained

CER (Character Error Rate): Measures the percentage of characters that are incorrectly transcribed. It is calculated as
the sum of character substitutions, insertions, and deletions, divided by the total number of characters in the reference text.
A lower score is better.

WER (Word Error Rate): Similar to CER but calculated at the word level. It is the number of word errors (substitutions,
insertions, deletions) normalized by the number of words in the reference. A lower score is better.

BLEU (Bilingual Evaluation Understudy): Evaluates the quality of generated text by measuring the precision of match-
ing n-grams between the generated and reference texts. Scores range from O to 1, with higher values indicating better
quality.

METEOR (Metric for Evaluation of Translation with Explicit ORdering): A more advanced text similarity metric that
computes the harmonic mean of unigram precision and recall, while also considering stemming and synonymy. Higher
scores are better.

ANLS (Average Normalized Levenshtein Similarity): Used for Document VQA, it measures the similarity between
predicted and ground-truth answers. It is robust to minor OCR errors as it is based on the Levenshtein distance, normalized
to a 0-1 scale where 1 is a perfect match.

NDCG @k (Normalized Discounted Cumulative Gain at k): A ranking quality metric that evaluates the top k retrieved
documents. It assigns higher scores to more relevant documents placed at higher ranks.

CDM (Coverage Density Metric): A metric for Mathematical Expression Recognition that assesses the quality of a
generated LaTeX string by measuring the density of its longest common subsequence against the ground truth.
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