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Dolphin Dataset
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Dolphin Dataset
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Dolphin Experiment
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Dolphin Experiment

Page-level Parsing Process

English Single-column Document

3 Pesbtion-wie Feed-Forward Nev
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wbspaces ai dilfereni posiiosn. Wikh a sengle aiiontion head. averaging inhibsi

Maliiflead (G}, K,V )} = Conead { heasd [N
T KR Y

whore hemd, = Attentic
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=
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| il D 1o the cedd dimension of each head, the 1otal compuiasonal oo
thist off singgleehewd o ot wth il dimenshonaliy

n “cmooderdecnder attention” layers. the quenies come {nom the previous deonder Layo|
and the memory keys and valuey come from the output of the encoler. This allows cvery
puonition in e docoder o attend over all pusitsomn i e inget soquence. This simics s
q.‘[r:.l encoder-deooder atientson mechanisms i sequonceso=sequence models vech o
(L (% 5
[ T sell-atiestron Liyets. 10 & sell-abteninn layer all of The keys., value
and quetics oome from the same place, i this case, the output of the provioas. laver i e
enondor, Each position in the encoder cam amend 1o sl positions. in the provioss kaver of
L
& Sammmlarty, scll-allcibon [aycrs 10 The docoder alkw cack pusilion i (he decode fo allcsd |
all prmitioniin i the deoder ip b and inchiding that position. We aeod bo prevent leftwand
mtrmation flow i the deoodon i peesona the auto-pegressny propeny, Wa implement thi
maide of scabed dot-pavaduct atiention by masking o (setnag 10 — ) all valoes in the mpey
of the soltmay, which cormopond so llogal connestion. ‘-:\: Figuse [§
10 sl

Toodforwand n-chn-ul whach ..,.p‘.hc\! cach position sparaicly and identically This
ar tratformations: with a ReLLl sctivation in berween

wisisls. o

FFX{x) = maxi0, g Wy + by ) 105 & by (7]

L}
Whilc the lincar trans formation s the s scross. di fioront position, they we difforent parametors|
rom layor b layer. Another way of describing this is as fuo comodstions with kemel sire |
The deemcnsionaleny of impul and eutpat 5 deges = 512, and the macrlayer has dimensionaliny
s

{1y

13 sub s
mihrdcding

Ralimay

Bisulerly toother ogence Bamdsction model, we e bearsod emboddig b comen e o
okorer s custpent Solkcmn to oo of dimension d,up. We gl use the usmal kearnod bincar transford
mistion sl soltmas function (o comen e decoder cutpat 10 predicied sext-ioken probabilicies. In
et mmvonde], e shase the some werghi mateis between the iwo essbedding Liyers and the presufima:

et traenermation, simsiler w0 [30], B the combedding Rivers, we multiply thoss weights by /30 0

|0J0}R 24 A8 % 27| &4

¥

cutpud valuss, These e concalenated and once again projected, resulling in the final vakees, o
dephcred in Figure 2

Misti-hsisad atention allows e madel 1o FH-F'JIMM 1o iranmation from
subspaces al diterent positons, With a single atlersan hiad, averaging inhi

TEnl FEpIERanLaLon
is this,

M'n:lll‘r?!?.hﬂ.llbl-lwul[ﬂrt‘d]& favanthe | Comcatmathered ead}_1,.  Smathom fhead)_mathem (WWS0%
\mmathrrwher e~ beacd]. i} & =mathrmgA enonlGW_iG. KW_PK VWV

\endfsgpit}
|

Wihere the projections Sre pATIAMElEr Markes SW_IC Un 'mathbo R} (eeximodel] times d_KIS. SW_PK
arel SV in maithbb{R}Hfhd_v \iimes o_[Uext[model}]]5.

In this work we emplay $h=8% paraliel anention layers, o hoads. For each of these we ise
Ed_k=d_v=d_exi(mode! =543, Due ko the reduced dimension of each head, e lotal computational cost
= similar 80 that of single-head attention with full dmensionality.

323 Applications of Afention in our Mode
The Traneiomer uses mulli-head atention in three diferent ways

* In "enceder-decoder atiention” layers, the gueries comae from ihe previous decoder layer,

aind (P WY iy S Vakies come o e output of B encader, This allows avery
ion in W dCoder 80 Aterd over all DOSSRon in th mp«n sequencE. This mmics the

tg-:al encoder-decoder atiention mechanisms in sequence-to-sequence models such as

* The encoder contains seff-atiendon layers. In a sef-attention layer all of the keys. values

and quertes come from the same place, In this case, e output of the previous layer In the

encoder. Each posiion In the encoder can atiend 1o ol posiiions n the previows Liyer of the
encoder.

= Similarty, seif-anension Layers in the decoder aliow sach pesigon in e decoder io attend o
all posithons Im the decoder up o dnd incleding thal pesltion. We nnd ID provent kfwand
information Aow in the decoder 10 preserve the aula-regesshae pr Wae implemnent this
iredde of seabed dotproduct all'enﬁnn wmmmtmms \.rﬂrysﬁalluhlesnlhelrvu
of e Somax Which Coretpond 1 Blegal connectiond. See Figure 2.

5.3 Posltion-wise Feed Forward Networks

N N B3 ATEMIN SUR-KyTs, Sach of the Layers In our encoder and Secoder comans a Al
connected feed-lorward netaor, which |s applicd 10 each positon sepamiely and ldenticaly. This
consists of tvwo linear irnsfomations with a Rel U activation in between,

5
s\o:uaur\mﬂ'ﬁlh:::'maxueﬂm x W1} b_{ i) W21 b [2]

Wihile the Enesar transfonmations are the same across different posiions, they use different parameters
from Linyes 1 Layes. Ancllies wary of descriilbing Tis Is as two convolions with kemnel size 1.

Thee di iorality of input s 3d_{L ceil}= 5123, and the inner-layer has dimenssonality
$d_{M=20483,

.4 Embeddings and Softmas

Similarty to othet Sequence mnsduCtion modes, we use leamed embeddings 1 conver the input

okens and cutpul lokens 1o vecions of dimension $d_(ledimodel}] 5 We also use the wsual leamed near ira
mation and softmax function fo comvert fhe decoder autput fo predicied nexd-foloen probablities. In

our model, we share the same welght matric betasen two embedding L ardd the pre-softmas

linear wansformation, simBar w [ 30 ] In the embedding layers, we muliply those weights by Steog(d_{eextim

outpul values, These are concatenated and ance again projected, resulting in the final values, as
depicted in Figure 2

Multi-head attention allows the model to jointly attend to information from different reprasentation
&L a1 different - With a single attention head, averaging inhibits this.

iHend (@, K, V) = Coneat (head;, . . ., heasd,,) W
whoere hend | = Attention I:QW,Q. KW, V'W,"}

Where the projections are paramater matrices W © [ifes 5 QK o e =i PV o ot wl

and W & RM G|

I this wiork we amploy b = 8 parallel sttantion layers, of hasds, For aach of thess wWo use
dy = ady = diyose = G4, Due to the reduced dimension of each head, the total computational cost
e similar to that of single-hesd attantion with full dimansionality.

3.2.3 applications of Attention in our Mode
Tha Transformar uses maulti-head attantion in three different ways:

= + In "encoder-decader attention” layers, the queries come from the previous decoder layer,

and the memory keys and values come from the oulput of the encoder. This allows evéry
pasition in the decoder to attand ovar all poSItoNs in e NPt sequencs, THisS MiIMIcs the
typical ancoder-decoder attantion mechanisms in sequance-to-sequence modaels such as
[38 29

= « The encoder contains self-aitention layers. In a seli-atteniion layer all of the keys, values

sl queries come Tram the came place, in this case, the outpul af the previous Lawer in the
encoder. Each position in the encoder can attend to all positions in the previcus layer of the
encoder.

- o Similarly, self-attention layers in the decoder allow each position in the decoder to attend to
all positions in the decoder up to and including that position. We need to prevent lefiward
infarrmation Tow in the decoded 1o présers e SULo-regressive property. We implament this
inside of scaled dot-product attention by masking out (setting to —oo ) all values in the input
of the softmax which correspond to illegal connections. See Figure 2.

3.3 Position-wise Feed-Forward Mobwarks

I adidition 1o attention sub-layers, sach of the layers in our encoder and decoder contains a fully
connacted fead-forward netwaork, which is applied 1o each position separately and identically. This
consists of two linear transformations with a ReLU activation in between,

FFN(x) = max (0, =W, + b ) Wi + by

While the linsar transformations are the same across different positions, they use different parameters
from layer o Wyer. Anothor way of describing this is as twe convolutions with kernael size 1.

The dimensionality of input and output is dyoan = 512, and the inner-Layer has dimensionality

dyy = D048,

3.4 Embeddings and Sofimax

Similarly to Sthar sequencs Wansduction modals, we use learmaed embaddings 1o convert thi input
tokens and output tokens to vectors of dimension dmade. We also use the usual learned linear transfor-
mation and softmax function to convert the deceder output to predicted next-token probabilities. In
our model, we share the same welght matrix between the two embedding layers and the pre-softmax
lin@ar transfarmation, similar ta [ 30 1. In the embedding lyars, wo mulliply theae weights by fe .

5
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Dolphin Experiment

Page-level Parsing Process

English Double-column Document with Table

HellaSwag (Zellers ct al.. 2019), WinoGirande {Sak]
mguchactal, 20205, ARC casy and challenge (Clask
et al., 2008y and OpenlookQA (Mihaylov et al.
201E). These datasets include Cloee and Winograd
mayle tasks, as well as mulople cholee question an
swering, We evalunie in ihe rero-shot seiting ns
{thone in the language madeling commaunity.

In Table 3, we compare with cxisting mioxdels
lof various sizes and repon pumbers from the cord
respomdding papers.  First, LLaMA-G65E owtpery
Forms Chinchalla-TOR on all reposted benchmanks
Jeat BosndC), Similarly, this masdel sumpasses Pal A8
S40B everywhere bul on BoodQ) and WinoGmnde,
LLaMA-13B mosdel also oulperfors GPFT-3 on
mast benchmarks despite being 10 smaller.

-hook
MWe compare LLaMA 0 existing large language
masdels on we closed-book question answernng
benchmarks:  Nawral Questions (Kwiatkowski
et al, 2009 and Trivial)A {Joski e al., 2007). Forl
baoth benchmarks, we repont exact match perfor
mance in 3 cloved book setting. Le., where the mod
whs dhiv it have access b documents thal comain
wvilenes 1o answed the quicstion, [n Tabibe 4, we
repont performance on Natural Questions, amd in Ti
ble 5. we repont on TrivieQAL On both bengl
LLaMA-65B achicve state-of-the-ans performancs
in the reroeshod nmd few-shot settings. More im
portanily, the LLaMA-13 i i

these benchmarks with GIFT hinchilla, de
apile being 5-10: smaller. This model runs on &
_}Ilglr V100 GPU during inferemee,

habid T-shol  S-shol Ged=shot)

rpher 2RO 435 . 510 512
Chinchilla 7003 554 = L] L]

B 300 334 363 56
138 566 605 630 &40
138 651 619 699 704
653 6E2 Tie  T2e 7D

daMA

LR
RACE-middle  RACE-high)

OPFT-3 I75B SRA4 455
BB 579 423
Pal.M 62R 643 475
S40E BE.1 491
TE Gl.1 6.0
128 6l 472
LLaMA - 3 6.1 483
L0111 A R

Table & Heading Comprebension, Zoro-shot socu-
Tacy.

ool Chinese students, We follow the evaluation
st from Brows et sl (2020) and report results
n Tahde 6. On these benchmarks, LEaMA-651 iy
compelilive with PaLM-5408, and, LLaMA-1383
sutperforms GPT-3 by a few percents.

1

El e ")

We cvaluate sur models on twe mathematical rea]
soning benchmarks: MATH (Hendrycks et al.)
2021 amd GEMEK (Cobhe e al, 2021) MATH
i adkataset of 12K middle school and hagh school
mathematics problems written in LaTeX, GSMAk
is a sei of middle school mathematical problems,
In Tahle 7. we compane with Pal.M and Min-
erva (| ewkowyer o al., 2022 Minerva ks a series
of Fal.M models finctuned on 3858 tokens ex-
iracted from ArXiv and Math Web Pages, while
nzither Pal. M or LLaMA are finetuned on masihe-
matical data. The numbsers for Fal.M and Minerva
are taken from Lewkowycz ¢t al, (20225, and we
compare with nnd without majisk, majiek de-
neres evaluations where we generate E samples for
each prohlem and perfonm s majority voting (Wang
ctal., 20225, {n GEMEK, we oheerve that LLaMA-
65K outperfonmis Mincrva-fiZH, although it has s
been fine-tuned on maihematical daia.

ES Code lﬁmrllhnl

Table 3 Trivis(PA. Zero-ahot and feweabol ciadt
match perfiwrmanaor o the fibieed dev se

e evaluate our models on ihe RACE reading comr
prehension benchmark (Las et al. 2007k Thas
alxinset was collected from English reading com
prehension exams designed for mididle and high

We evaluate the ability of our models o write
coule froam o matiral language descripian on Two
nchearks: Humanval (Chen et al.. 3021) and
BPF {Austin e 2021). For both tasks, the
monbel receives a descripiion of the program in a
ew seniences, as well as a few inpul-owipul exs
ples. In HumsanEval. iv also receives a function
ignaiure, and the prompt is formatted as nataral
coule with the textual description and tests in
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HallaSovag | Zelars of ol 2018 |, Winclrands | Sak.
agthl o ok, 2021 ), ARIC saiy a5 challangs | Clark
#4 8L, 2070 | and Opaniaok Ok | Mbnayios o1 a1,
616 ). Theus catasets inclce Claze and Winograd
iyl thak, i vl ik il Shoice GueEtion #n-
A Wa svabaste i e Tet o Satng 84
dona in tha language modeling community,

I Tl 3. we pompare with sxting modsls
o varicesm sizes and repart rumbars bem e cor
nmapending papers. Fiwt, LLaLA 638 sunger.

bt BoodDl. Surrlary, tha médel surpasses PalM-
S40B wvenpahel s bl 00 BooiD: and WinaGrasde.
LLabie1 36 model s outperiorse GET.3 on
et beedhmarts denpis bevg $10Smesd amalter

3.2 Clossd-book Qusstion Anvassng

Wi camparn LLabLS ks axiving lacge langeags
el 6 Ty et Btk SUmaLen sesweieg
barchmarks: Nanaral Croantions [ Kaiadkowaki
wlal, 2019 b ard TriviaQh | Joshi stal, 2017 | For
B B ATARE, T O SR MBNN Bt
mance in s clossd book seEng, L., whare S mod-
w8 0 Sl v SCOass B8 doDuTents that Gonlan
ERIE B B e quERton. In Table 4, we
rapor paricrance on KabsraiOoeations. and in Ta.
e B, TriviaGA On

LLaMA 85D schiave siate-chtha-ats parfaimance
i tha 2ere et med fewabiet samngs. Mete im.
poriantly, he LLaMA. 130 is w50 compet on
thess berchvmarks with GPT.3 and Chinchils. de-
e bbing 510 Fuimasl seaber, This medel runs on 8

wingie V100 G dusing inbsrence
ra o
2008< P

i ST DA eaRd s T TN s mand = Chenchdl
& TOB< Agridrs tdeanseds dx Adwstde s vt dedd 1
O GRS TS OM Fe R 4 LAl
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b ded] fxadr s <t e ade 1 38<Adr-d> 34§
anrdl.
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WO Torarea:
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Table 5 TriviaOA Zeio-ahot and frw-ahol snact
AR ATTIATS 1 tha laved ey 581

3.3 Reading Comprahension

e memhunie gr madeis o0 the RACE reading cem.
pewhanaion banchmars | Lal ek el 317 ). This
datanet wan colleched drom Enginh reading com-
[t B g i st and Righ

“ablerirsid i s Al i AACE midde s i
I HACE - hgh 34 1788
ARG TR AR PR (R

= Pl Wt e e B S T e b 2 S
>enre oy RIBCS T 4, Jeasrun AT Bowda e
trmem s S0l 60 A e A | s sy
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<Adr< >4 B o | 3B hdmaid 1.8
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Tabsle B: Riwading Comprabenaion. Zeo-shot accu-
ey

acrocl Chinese sudents We lollew P svaliaton
g friom B 1 al. | 2029 ) @nd rape redts
in Tabde & Om thans benchmaris, LLaMA- 658
compattive with Palb-8408, and, LLaMA-138
wiperiprms GPT-1 by & brw paroenis.

34 Mathamatesl ressaning

We wvakuate Gur models on fva mathematcal rea:
ahing beachmirta. MATH | Hendrycha sl al.,

2021 ) nd GEMBK | Coble o1 sl 2021 ). MATH

% o ddatanet of 155 mricktie school and high school
FahamATLS problem witles s LeTax. GEMEL

i 0 nt o medciy achosl mathamatcl protlam

in Tabls 7, we compare with Palil and Mn-

ervn | Lewhorayes of ol J0Z2 ) Minerve i o series
o PaLM mastals fnatunad e 38 88 skans 3.
Wemthad e Al el Wiath Wik Pages, whis
renchar FalM or LLaMA e femturad sn mathe.
ratical data. The rurmbers hor Palld and Minera
arw sk froem Lamkwyes ot ol | 022 ), and we
DOmpETe with wnd wihout mai1 k. may! Gk de-
nestes evausSons whate wa ganedete Bl samplen foi
R [T W RTRHTIY b AR R | WA
wt al, 2032 ). On GSbAk, we chiarve that LLabA-
£58 cutperiorm Mireree-62B, sthough o hea not
e e P
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Page-level Parsing Process

Chinese Single-column Document
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Category Method Model Size __ 11ain Doc (ED J) Complex Doc (ED 1) yvo ED FPS 1
Fox-Page-EN Fox-Page-ZH Dolphin-Page
Integration-based M€V 2B 0.0685 0.0702 0.2770 0.1732 0.0350
Mathpix ; 0.0126 0.0412 0.1586 0.0924  0.0944
Nougat 250M 0.1036 0.9918 0.7037 0.6131 0.0673
Kosmos-2.5 1.3B 0.0256 0.2932 0.3864 02691 0.0841
Vary 7B 0.092* 0.113* ; - -
Fox 1.8B 0.046* 0.061* ; - -
Expert VIMs - ot 580M 0.035" 0.038" 0.2459 0.1411 0.0604
olmOCR 7B 0.0235 0.0366 0.2000 0.1148 0.0427
SmolDocling 256M 0.0221 0.7046 0.5632 0.4636 0.0140
Mistral-OCR ; 0.0138 0.0252 0.1283 0.0737 0.0996
InternVL 2.5 8B 0.3000 0.4546 0.4346 0.4037 0.0444
InternVL-3 8B 0.1139 0.1472 0.2883 0.2089 0.0431
MiniCPM-0 2.6 8B 0.1590 0.2983 0.3517 0.2882 0.0494
GLM4v-plus 9B 0.0814 0.1561 0.3797 0.2481 0.0427
Gemini-1.5 pro - 0.0996 0.0529 0.1920 0.1348 0.0376
Goneral VLM< G€Mini-2.5 pro - 0.0560 0.0396 0.2382 0.1432  0.0231
$  Claude3.5-Sonnet - 0.0316 0.1327 0.1923 0.1358 0.0320
GPT-40-202408 - 0.0585 0.3580 0.2907 0.2453  0.0368
GPT-41-250414 - 0.0489 0.2549 0.2805 02133 0.0337
Step-1v-8k - 0.0248 0.0401 0.2134 0.1227 0.0417
Qwen2-VL 7B 0.1236 0.1615 0.3686 0.2550 0.0315
Qwen2.5-VL 7B 0.0135 0.0270 0.2025 0.1112 0.0343
Ours Dolphin 322M 0.0114 0.0131 0.1028 0.0575 0.1729
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Element-level Parsing Process

l ] UMANS are naturally capable of imaging a scene ac- PREFS PEEFLEEE PEEFLLHEFSS PREFE(PRLH 100-class | 1000-class

cording to a piece of visual, text or audio description. Eriimiiie vatiniahtibtihmEsia (top-1 acc.) | (top-1 acc.)
However, the intuitive processes are less straightforward @AEARA: B de, P BAATEBES BEAY, LT 100029, Email: yibongsun72@163.com; 4096-d (float) 771+ 15 65.0
for d_eep neural I'I.'EtWD].'kS, p_[‘]'_ﬂla]_']'_ly due to an inherent ME—, T AFAR KRS 2 F R 100044 , Email : dayi.hu@china-heart.org RP 729413 58.1
modality gap. TTus modality gap for visual perception can (eE) . W 1024 bits CBE 730+ 1.3 59.2
be boiled down to intra-modal gap between visual clues and DOL:10.3760cma.j.issn.1671-T368.2019,10.004 Sp 73.8+13 60.1
real images, and cross-modal gap between non-visual clues ik o threshold [1] | 73.5 £ 1.4 59.1

. . . e . . . suideline for primary care of chest paini 2019)

and real lmagES' Targetmg to mimic human lmagmatlon and Chinese Medieal Association, Chinese Medieal Journals Publishing House, Chinese Society of General Practice, 4096 bits BP 76,0 £ 1.5 63.2
Creaﬁ.\’itjf in the I'E‘al World, thE‘ taSkS Uf MUItImodal Image Edirtarial Board of Chinese Journal of General Practitioners of Chinese Medical Association, Expert Group of CBE 7594+ 14 63.0
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Element-level Evaluation

Text Paragraph (ED |) Formula (CDM 1) Table (TEDS 1)
Lakcgory hietiog Fox-Block  nolphin-Block SPE ~ SCE ~ CPE  PubTabNet PubTabIM
EN ZH
UnimerNet-base - - - 0.9914" 0.94 0.95957 - -
Expert Models Mathpix - - - 0.9729* 0.9318* 0.9671" - -
Pix2tex - - - 0.9619* 0.2453* 0.6489* - -
Expert VLMs TabPedia - - - - - - 0.9541 09511
© GOT 0.0181 0.0452 0.0931 0.8501 0.7369 0.7197  0.3684 0.3269
GLM-4v-plus 0.0170 0.0400 0.1786 0.9651 0.9585 0.7055 0.5462 0.6018
Qwen2-VL-7B 0.0910 0.1374 0.1012 0.5339 0.6797 0.1220  0.3973 0.5101
Qwen2.5-VL-7B  0.0803 0.0301 0.0712 0.9486 0.9484 0.8309 0.6169 0.6462
General VLMs Gemini-1.5 pro 0.0108 0.0461 0.0857 0.9572 09469 0.7171 0.7571 0.7776
Claude3.5-Sonnet 0.0375 0.1177 0.0746 0.8995 0.9464 0.7543 0.5431 0.7127
GPT-40-202408 0.0170 0.1019 0.0489 0.9570 0.9402 0.7722 0.6692 0.7243
Step-1v-8k 0.0098 0.0175 0.0252 0.9526 09336 0.7519  0.6808 0.6588
Ours Dolphin 0.0029 0.0121 0.0136 0.9850 0.9685 0.8739 0.9515 0.9625
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Training Datasets

from optparse import make_option

from brambling.utils.payment import dwolla_ update_tokens

class Command(BaseCommand) :
option_list = BaseCommand.option_list + (
make _option(
action="store',
dest="days",
default=15,

def handle(self, “args, "“options):
days = int(options['days'])
except ValueError:

from django.core.management .base import BaseCommand, CommandError

help="Number of days ahead of time to update refresh tokens.'),

G e Coranm
o T B T B e Y 1 gl e il ol aeaal & [TE R ——
S P 5 - - e v
. W sl ycilely o I ora bt vy 2 iy Uil 55 11, The Bellessag ] T g Tha
1ol e il 8V e e e
T g O A - - . E——

[ S " | e "
[t —— = g B 5 eSaR—— s
Lo e i e Aol L= T ol i e e ] Tawwa sk o e b i 116
Ve, e e = i e e e, " F— . . I .
R o T a " .
[rem— Cn b Tt AT ST AL B .- . A S|
[ - Bl el s el 4 [Ep— "
o . ol 151 - B el e L L ] ' . s o i (3
LEE L] E - . =]

i repme sy s s G gl e @ T S
- T e
——
™
Kore =y e e, §

oy ol el o e s, 147
- sy,
b e ks [

el il g P e
i 58 b 3 i s

E

[LE EUEEIE R
e, pEET NS
e i 4 e g ey
el o e, itk
LT ]
e
g 0

AT E 1L PET]

"0 48 F RN

ESEE

A T LT U T
B
e i s
v o
e

L e L]

EEEE
]

T i
i ol
Pl " e ] e

FEFER

Code Image

Single-column Catalog Double-column Catalog

13 Loy b Vi S

i L L —— [ ma—ry

T i il . B AR s

-n.mr:q::-w1 R e
ik e i AR i el

Remrwiley bn paassibemicn b FE i ens fo w1 T s s i s

Il e o eyt ey A —

ot . o g ] U TR gt T e i st
g i b PR

o e T i e W e

eyl wak S R e e ok o v ek

s o smd ey Lok Wk s w2

S it e st e bk, Wi B el bl b - vty
P

P — S ——
e}

e 1
Loosing — L

Photographed Document

T [ R
) l.lﬂ.'l'\-'-""""""-""-'lmlI

Photographed Document

29



¢7Y DeepShark Lab

Dolphin - v2 Datasets

Evaluation Benchmarks

wix|or3 Wi =X FRE

OmniDocBench HE Z A oA CtFol

RealDoc-160 Dolo] Al £ EA OHA M5 ™It |H0{ 80%& - =0 80%t
zhol @ o] TFAl Gl ol A T 7}
= O Ll O X L-_-"1 OO O
1 Xt Q|AtO| T o g 2
DocPTBench ol HiX|O a2 M 2= ,300% O|AFo| 1ndf =l A




¢7Y DeepShark Lab

Dolphin - v2 Experiments
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OmniDocBench Evaluation

Methods ;”;ﬂﬁﬁ Size | Overallt Text™" | Formula®M 1 Table™PS + Table™PSS + Read Order® |
Pipline  FP-StructureV3 N - | 873 0073 85.79 81.68 89.48 0.073
oot Mineru2-pipeline N - | 7551  0.209 76.55 70.90 79.11 0.225
SYSIEMS  Marker-1.8.2 N - | 7130 0206 76.66 57.88 71.17 0.250
Qwen3-VL-235B Y  235B| 89.15  0.069 88.14 86.21 90.55 0.068
Gemini-2.5 Pro — - | 803 0075 85.82 85.71 90.29 0.097
General ~ Qwen2.5-VL Y 72B| 87.02  0.094 88.27 82.15 86.22 0.102
VLMs  InternVL3.5 Y 241B| 8267  0.142 87.23 75.00 81.28 0.125
InternVL3 Y 78B| 8033  0.131 83.42 70.64 77.74 0.113
GPT-40 - - | 75.02 0217 79.70 67.07 76.09 0.148
PaddleOCR-VL N 09B| 9193  0.039 88.67 91.01 94.85 0.048
MinerU2.5 Y 12B| 9067  0.047 88.46 88.22 92.38 0.044
MonkeyOCR-pro N 3B | 8885  0.075 87.25 86.78 90.63 0.128
dots.ocr Y 3B | 8841  0.048 83.22 86.78 90.62 0.053
MonkeyOCR N 3B | 8713  0.075 87.45 81.39 85.92 0.129
Deepseek-OCR Y 3B | 8701  0.073 83.37 84.97 88.80 0.086
Specialized MOPKeYOCR-pro N 12B| 8696  0.084 85.02 84.24 89.02 0.130
ViMe  Nanonets-OCR-s Y 3B | 8559  0.093 85.90 80.14 85.57 0.108
MinerU2-VLM Y 09B| 8556  0.078 80.95 83.54 87.66 0.086
olmOCR N 7B | 8179 0.9 86.04 68.92 74.77 0.121
POINTS-Reader N 3B | 8098  0.134 79.20 77.13 81.66 0.145
Mistral-OCR - - | 7883  0.164 82.84 70.03 78.04 0.144
OCRFlux N 3B | 7482  0.193 68.03 75.75 80.23 0.202
Dolphin Y 03B| 7467  0.125 67.85 68.70 77.77 0.124
Dolphin-v1.5 Y 03B| 8506  0.085 79.44 84.25 88.06 0.071
Dolphin-v2 (Qurs) Y 3B | 89.78  0.054 87.63 87.02 90.48 0.054
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RealDoc-160 Evaluation

Type Methods Size ENJ ZH)| AVG]
Gemini-2.5 Pro - 0.0889 0.0681 0.0785
General GPT-40 - 0.0588 0.2694 0.1641
VLMs GPT-40-mini - 0.1943 0.7057 0.4500
Qwen2.5-VL 7B 0.0425 0.1144 0.0785
Dolphin 0.3B | 0.3867 0.4859 0.4363
MonkeyOCR 3B 0.0362 0.1180 0.0771
Specialized MinerU2.5 1.2B | 0.3359 0.3641 0.3500
VLMs Paddle':OCR—VL 09B | 0.1616 0.1979 0.1798
Dolphin-1.5 0.3B | 0.1847 0.2614 0.2231
dots.ocr 3B 0.1480 0.2553 0.2017
Dolphin-v2 3B 0.0046 0.0737 0.0392
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DocPTBench Evaluation

Type Methods OverallEditl TextEditl Formula®ditl Table TEDST Read OrderEditd
En Zh En Zh En Zh En Zh En Zh
Qwen2.5-VL-72B [12] 415  57.0 362 566 422 618 570 555 281 513
Gemini2.5-Pro [75] 182  30.4 9.8 220 371 522 §1.3 829 112 181
General VI.M< Doubao-1.6-v [76] 547 554 60.6 582 515  6l.1 276 379 39.7 402
Qwen-VL-Max [77] 277 427 159 415 418 572 711 716 168 344
GLM-4.5v [78] 36.7 496 262 477 499 662 589 540 273 357
Kimi-VL [79] 36.5  38.7 172 220 486 522 571  67.8 143 18.1
PaddleOCR-VL [10] 375 396 294 377 465 526 542 653 288 379
MinerU2.5 [13] 373 474 370  S53.6 443 620 549  59.8 290 403
dots.ocr [60] 337 373 208 358 392 544 637 676 328  31.8
MonkeyOCR [14] 464 528 345 439 487 616 331 374 379  44.]
Dolphin [17] — 575 715 549 715 656 828 330 193 462 577
. olmOCR [21] 39.1  46.1 193 272  S07 669 56.5  56.9 207 244
Specialized VLMs - p e T61] 362 458 304 404 484  81.1 495 543 25 321
SmolDocling [57] 90.1  93.7 80.8 992 996 999 4.4 2.4 727 759
Nanonets-OCR [62] 386 521 210 420 481 670 585 506 214 327
DeepSeck-OCR [65] 544 578 567 576 544 741 280 354 417 404
Nanonets-OCR2 [62] 342 46.1 255 446 690 764 707  66.0 195 314

Dolphin-v2 (Ours) 30.8 37.3 21.5 35.8 48.2 54.4 59.0 53.6 19.0 29.2
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Ablation Study 1. 2A /3 27 5 44

Model Variant EN| ZH| AVGl

w/o Classification 0.1523 02218 0.1871
Dolphin-v2 (Full)  0.0046 0.0737 0.0392

e w/0 Classification: 2A S 25 K|
e RealDoc-160 HIX|Ot=3 AL
e Edit Distance M=
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Ablation Study 2. =41 M2 m}4!

Model Variant

CDM+

Unified Parsing
Dedicated Formula Parsing

33.34
36.72

and for L° , —A and T (36) holds. From this follows the fact that

u € Wi'p(B} solves the Dirichlet problem with right hand side
s Hg'p{ﬂl if and  only if for vV = (r-lfzu)nT with
g := {r-afzf}aT € wg,p(B] and t := 28 + 3p + 3 € (2p-3,3p=-3):

\begin{array}{I}
\text{and for } L {\circ}, A \text{ and } T \text{ (36) holds. From this follows the fact that } \\

u\in W_{s}*{2,p}(B) \text{ solves the Dirichlet problem with right hand side } \\
f\in W_{s}*{0,p}(B) \text{ if and only if for } v := (r*{-1/2}u) \circ T \text{ with }\\
g := (r*{-3/2}) \circ T\in W_{t}*{0,p}(B) \text{ and } t := 2s + \frac{3H{p} + 3 \in (2p-3, 3p-3):

\end{array}

and for L°, A and T (36) holds. From this follows the fact that

u € W2P(B) solves the Dirichlet problem with right hand side

f € W(B) if and only if for v := (r~"/?u) o T with
g:=(r32f)oTe Wtﬂ’p(B) and t := 2s + % +3€(2p—3,3p—3):

36
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Cortical Specification and Neuronal Migration n

In gencral. these theories can be simplified as mechanisms operating at the
Level of the precursor cells within each neocortical area and to those influenced
by migrating and differentiating neurons and to afferent cortical projections.

For example, both of the expansion bypotheses rest on differcntial cell pro-
duction, either in the radial domain (1e., laminar differences ) or the Langential
domain (i.¢., conical column number). Both, therefore, suggest that isolated
programs of neundgenesis along the protomap-specified areas yield the result-
wg pattem of cortical folding most apprecisted after birth, Incidentally, while
the axonal tension hypothesis pe y Focuses on forces gencrated by dif-
ferentiated neurons, it alio invokes the area-speeific projection and targeting
patterns that must be coaferred 1o the neocortical Lavers upon thewr generation
froem the underbying precursor cells theories for gynification require a
sugnificant role for precursor ezl in e hing the regrons that will eventu-
para | [1berpe convelution
Recenl studis have provided a role for precurser gene expression and it
COMSOGUENCEs 0N BciEhogeneis s 3 prodictor of gvrification, In particular, 2
ey sady emtified the cell-adhesion maleeules FLRTI and FLRT3 in regulai-
mE arca-specific Brmatoa of gyr ot (Dhel Towos et al, 200 7). These wo
penes asz upecgulated 1 the lsenocphalic mouse noocortical wall and downs
regulated i the gyroncephalic fomet and buman neoconical wall in egians
of incpoent gyvius Formation. This shudy ssows that perturbations 1 lower the
bevels of FLRTLS cxpression bend 1o faster newronal migration rates and o
chsters. of acwrons expressing a amalas kevel of those adheiion molecules.
The incrzaned el and wepennsl peeswsre cawted by these cluevned mesnoms
15 postulsied 1o bad 10 localived Formatan of 3 EyTus, even in the normally
smoath mouse Booconex, Anolha peme recenlly identsfied in the pemcl
rones that plays & robe m nencortcal foldmyg is Trmp /. which omcodes a nuclear
protcin potentially involved in ehromatin stase {(Stahl et ol. 20] 1), Knockdown
of Trmp! akers the patterm of coll diviiion in the WZ, Camng o erprode-
tioa of BIPCs and BROCS. The hypothesis of ths soudy is that increases in
e members of resulting reurons, and thear amgeneial spresd alfonded by ihe
mcressed number of BRCE fibers, sesult i gy fosrsmateon in the averlving
mevcorical shoot. A study by de Juan Romeno et sl (200 5) offers perhaps the
mar! convineing anmement for a ok between diffenenial gese wcgulation in
the wrn:lsul wones, expanson of bROCS, amd fommation of verlving oortical
ooy hations. In thas study, regrons of the Teret meocortical wall, which lster
develop enther 4 gyrus or @ sulous, were rolalod ot stage in varly develop-
menl prior 1o the formatioa of these folds. Upon microamay profilng, many
Imundreds of genes were differentially expreseed befween these iwo ancas, and
clear capression of these gency in the a8V Z in the fuare m.ll-*“ﬂ'
trastexd 10 the lack of their expression in the oSVE of the neighbormg futse
sulous site. In addaion, a hunn RGC-specific gene, ARGAPIIS, was dhown

. s proliferation and cortcal folding when mtroduced

increkss bual prooursot o atal 2015
it the develoming meouse germizal a_—f-ﬂ-h-o

& tost | [eutrar, ratopel_dote )

:
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