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Relational Database
 StudentCourses T—HIN—ADHADERT—%

Studentld Courseld
4 1

ol s

1 2
Id Name 1 3 Up 7635
P | 1 |S5am 2 3 Id |Name
2 Mary 1 SQL Server
= 2 | 4 2 |ASP.NET MvC | €= — "
3 Tine 3 3 '
3 |MongoDB Uplosrta
3 5 4 Java perating w7
5 |PHP

(a)Relational databases B T —AIXR—ZANNBHEIIC (b) Rich documents, PDF
or T —HANXN—Z[CANEL)

— - — o @ 2y M Image ® ® Define N
o : ] —
st ol Large Language Models («u Chart  Sparkline £, Function  Hyperink @y Manage
See afso: L 7—
For the training cost calumn, 1 petaFLOF-day = 1 petaFLOK/sec x 1 day — 8.04519 FLOR &lso, only the largast maodel's cost is wrrttan ¢ | Unit Cost v
Number of Training cost
Name o Redease dalel® o Developer o paramelers e Corpus size of (peaRioP- o  licened o Notes . 8 c o E n G H \ J
billion) -~ da :
(Gon) ¥) ) ) : Region Rep item |Units |Unit Cost |Total Bins Frequenc
P — — _ 1141 e Frst GPT mode!, decoder-only transformer, Trained for 30 |
2018 DpenAl 327 2 Cays on € F50 Central Smith Desk 2 125.00 250.00 9
4n esrfy and nfluental lenguage mode only and Central Kevin Desk 5 125.00 625.00
BERT Octeber 2018 034044 3.3 billien wores' al! Aache 2.011%1 | thus not builk to be arompted or generatve. |14 Training teok Supplies
4 days on 64 TPUV2 chips. |14 Central | Gill Pencil 7 1.29 9.03
= Octcber 2018 Gaagle 111148) 34 bilion tokens' H4¢1 Apache 2.011%%1 | pase madel for many Google prejects, such as Tmagen. 259 Central Jamie Binder 11 499 54.89
¥ Neo Tune 2019 Geagle 0.240/25* 33 bilion words 230 EEREREIRURR /" bkemotive to BERT; :); S IR T Central Andrews  Pencil 14 129 18.06
ays.
T2 Eobruary 2019 1.5015% 40GR' 551 (~10 bllion tokens)!! 28 MIT L€ o6 for 1 week.!! Central | Gill Pen 27 19.99 539.73
Central Morgan Binder 28 8.99 251.72
GP1-3 May 2020 Openal 175 300 billion tokers 3040 proprietary Central Andrews  Binder 28 4.99 139.72
The frst of 2 & Central Jamle Pencll 36, 4.99 179.64
GPT-Nec March 2021 EleutherAl 2,708 825 Gal1s? MrT el s . Central  Kevin Pen Set 42 23.95| 1.005.90
B T medel on seme b ymarks, but wes significantly werse then

the largest GPT.2,11531 Central | Gill Binder 46 899 | 41354

RNl SalesOrders MyLlnksHSheen‘

(c) webpages (d) spreadsheet ‘
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Increasing numbers of accepted papers with Table or Tabular keywords in Title

30

result from [4]

2017 2018 2019 2020 2021 2022 2023

o N\ e Lir |PS

ACL o EMNLP

* Recent tutorials
* [1] Web table extraction, retrieval and augmentation, SIGIR19
[2] From Tables to Knowledge: Recent Advances in Table Understanding, KDD21
[3] Transformers for Tabular Data Representation: A tutorial on Models and Applications VLDB22, SIGMOD23
[4] Large Language Models for Tabular Data: Progresses and Future Directions, SIGIR24
[5] On the use of large language models for table tasks, CIKM24 (Dong, et al.) 5
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* Table cleaning * Table Interpretation * Table QA

* Table transformation * Table detection « Table fact verification

* Table search * Table matching * Table-to-text
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Auto-Regressive Decoding

INPUT Token Self- Feedforward Self- Feedforward _) OUTPUT
Text tokens embeddings ' attention network © attention network Text token

f58D -> &x58DB -> F5EDBiE -> &52DBER

80 60 80
. II B ||| b "|||I
B - =
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LLMOERF]F Y (Pretrain) &3E1&% 3 (SFT, RL)

- BRIFH
« T4 KREDTI—/NA, 10-25T 1HE
« 45 X7 : Next token prediction
- BEY: A= 50589 5

- B18¥H (SFT, Ry
« T—4%:QAT—%,10-100BfHE BAHHESELY)
« 5 X 7: Next token prediction
- BRI EEBRICHED. ABSULKET

Pretrain

I ULILLM
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* https://www.youtube.com/watch?v=0zos6M1JtIE
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KRR 1.TableLlama [NAACL24]

« I&ILU\SY X2 &7 — % Tablelnstruct Dataset 158
* 14 datasets
* 11 tasks
* 1.24M tables with 2.6M Q&A pairs

* LongLoRA Clong context fine tuning

In-Domain Training Tasks In-Domain Evaluation Tasks

Out-of-Domain Evaluation Tasks

Column Type Relation Entity Row
Annotation Extraction Linking Population Table Grounded
Dialogue Generation
Schema Highlighted  Hierarchical ~ Table Fact &
Augmentation Cells QA Table QA Verification . o Highlighted Cells
Fine-Tuning Evaluate Descripfion
Hybrid Table
Table Types —— Passage QA
Wikipedia Tables " Spreadsheets TablelLlama Table Fact
L ) Verification

Li et al. TableLlama: Towards Open Large Generalist Models for Tables. NAACL 2024 13



TableLlama® 7 — 7 LD AN F5 (markdown + 455k token)

#H## Instruction:

This is a hierarchical table question answering task. The goal for this task is to answer the given question based on the given table. The
table might be hierarchical.

### Input: Markdown

[TLE] The table caption is department of defense obligations for research, development, test, and evaluation, by agency: 2015-18. [TAB]

| agency | 2015 | 2016 | ... [SEP] | department of defense | department of defense | ... [SEP] | rdt&e | 61513.5 | ... [SEP] | total research
| 66915 | ... [SEP] | basic research | 2133.4 | ... [SEP] | defense advanced research projects agency | ...

Fiktoken
### Question: T

How many dollars are the difference for basic research of defense advanced research projects agency increase between 2016 and 2018?
### Response: 80.3.

14



e + B3
TableLlama D SEFREER
In-domain Evaluation Indomain (& SoTAICIEDUL\TLYD
Datasets Metric Base  TableLlama SOTA GPT-3.5 GPT-4§
Column Type Annotation  FI 3.01 94.39 94.54* (Deng et al., 2020) 30.88 31.75
Relation Extraction F1 0.96 91.95 94.91*7 (Deng et al., 2020) 27.42 52.95
Entity Linking Accuracy 31.80 93.65 84.90*1 (Deng et al., 2020) 72.15 90.80
Schema Augmentation MAP 36.75 80.50 77.55*%% (Deng et al., 2020) 49.11 58.19
Row Population MAP 4.53 58.44 73.31*7 (Deng et al., 2020) 22.36 53.40
HiTab Exec Acc  14.96 64.71 47.00*F (Cheng et al., 2022a) 43.62 48.40
FeTaQA BLEU 8.54 39.05 33.44 (Xieetal., 2022) 26.49 21.70
TabFact Accuracy  41.65 82.55 84.87* (Zhao and Yang, 2022) 67.41 74.40
Out domain (& base &k V) @] E9 % DY,
SoTAICEEIEE® M B Out-of-domain Evaluation
Datasets Metric Base  TableLlama SOTA ABase GPT-3.5 GPT-4§
FEVEROUS  Accuracy 29.68 73.77 §5.60 (Tayetal., 2022) +44.09 60.79 71.60
HybridQA Accuracy 23.46 39.38 65.40% (Lee etal., 2023) +15.92 40.22 58.60
KVRET Micro F1 ~ 38.90 48.73 67.80 (Xie et al.. 2022) +9.83 54.56 56.46
ToTTo BLEU 10.39 20.77 4895 (Xieetal., 2022) +10.38 16.81 12.21
WikiSQL Accuracy 15.56 50.48 9270 (Xuetal., 2023b) +34.92 41.91 47.60
WikiTQ Accuracy  29.26 35.01 57.507 (Liu et al.. 2022) +5.75 53.13 68.40

15



R RIFR 2.Jellyfish [EMNLP24] (Dong DI R)

o MEOWHREDIFULT —F (54K)
« ET7—% (QA) & ZEBT—% (Q, Reason, A) Z/EtE %
T DD EEFTTHRR

https://huggingface.co/NECOUDBFM

J S — Tuning Inference

o » €
Serialization
Raw Datasets
Labeled for DP »
Injection
. " ¢

Larger Open LLM Instruction Data
(Mixtral 8x7B) (DP Task with

ol |
J Reasoning)

Instruction Data
(DP Task)

Base LLM Jellyfish

DP Tasks 7B/8B/13B 7B/8B/13B

r

,
-~

KIBELLMA'S ReasoningT — & 4K

Zhang et al. Jellyfish: Instruction-Tuning Local Large Language Models for Data Preprocessing. EMNLP 2024 16


https://huggingface.co/NECOUDBFM

Jellyfish D7 —T7ILOANF

_ DP Task Data DP Task with Reasoning Data

You are an AI assistant that follows You are an AI assistant that follows instruction extremely well.
system instruction extremely well. User will User will give you a question. Your task is to answer as
message give you a question. Your task is to faithfully as you can. While answering, provide detailed

answer as faithfully as you can. explanation and justify your answer.

task You are tasked with determining whether two Products listed below are the same based on the information

G e g(yao[i@ provided. Carefully compare all the attributes before making your decision.

injected

Note that missing values (N/A or "nan") should not be used as a basis for your decision.
knowledge

instance Product A: [name: "Sequoia American Amber Ale", factory: "Wig And Pen"] Key : Value

content Product B: [name: "Aarhus Cains Triple A American Amber Ale", factory: "Aarhus Bryghus"]

m Are Product A and Product B the same Product?

After your reasoning, finish your response in a separate line with
Choose your answer from: [Yes, No] and ONLY with your final answer. Choose your final answer from
[Yes, No].

17



Jellyfish D EER%E

In domain 152 37 H GPT4/ GPT-40(CZ 3!

Task | Type Dataset o
Best of GPT-3 GPT-3.5 GPT-4 GPT-40 Table- Jellyfish- | Jellyfish- | Jellyfish-
non-LLM GPT 7B 8B 13B
Seen Adqlt 99.10 99.10 92.01 92.01 83.58 - 77.40 73.74 99.33
ED Ho.spltal 94.40 97.80 90.74 90.74 44.76 - 9451 93.40 95.59
Unseen Flights 81.00 - - 83.48 66.01 - 69.15 66.21 82.52
) Rayyan 79.00 E - 81.95 68.53 - 75.07 81.06 90.65
Seen Buy 96.50 98.50 98.46 100 100 - 98.46 98.46 100
DI Res‘taurant 77.20 88.40 94.19 97.67 90.70 - 89.53 87.21 89.53
Unseen Flipkart 68.00 - - 89.94 83.20 - 87.14 87.48 81.68
) Phone 86.70 E - 90.79 86.78 - 86.52 85.68 87.21
Seen MIMIC-III 20.00 E - 40.00 29.41 - 53.33 45.45 40.00
SM Synthea 38.50 45.20 57.14 66.67 6.56 - 55.56 47.06 56.00
Unseen CMS 50.00 E - 19.35 22.22 - 42.86 38.10 59.29
Amazon-Google 75.58 63.50 66.50 74.21 70.91 70.10 81.69 81.42 81.34
Beer 94.37 100 96.30 100 90.32 96.30 100.00 100.00 96.77
Seen DBLP-ACM 98.99 96.60 96.99 97.44 95.87 93.80 98.65 98.77 98.98
EM DBLP-GoogleScholar 95.70 83.80 76.12 91.87 90.45 92.40 94.88 95.03 98.51
Fodors-Zagats 100 100 100 100 93.62 100 100 100 100
iTunes-Amazon 97.06 98.20 96.40 100 98.18 94.30 96.30 96.30 98.11
Unseen Abt-Buy 89.33 - - 92.77 78.73 - 86.06 88.84 89.58
) Walmart-Amazon 86.89 87.00 86.17 90.27 79.19 82.40 84.91 85.24 89.42
Average 80.44 - - 84.17 72.58 - 82.74 81.55 86.02
Task | Dataset Model
RoBERTa RoBERTa Stable Beluga SOLAR GPT-3.5 GPT-4 GPT-40 Jellyfish- | Jellyfish- | Jellyfish-
(159 shots) (356 shots) 2 70B 70B 7B 8B 13B
CTA | SOTAB 79.20 89.73 - - 89.47 91.55 65.06 83.00 76.33 82.00
AVE AE-1 l.()k i = 52.10 49.20 61.30 55.50 55.77 56.09 59.55 58.12
OA-Mine - - 50.80 55.20 62.70 68.90 60.20 51.98 59.22 55.96
Out domain (& X7CEEEEH D B 18




KRR 3. SpreadSheetLLM [EMNLP’24]

s T—TIIT—IDANFZEILX
BE: KEWT—TILZEHET B
R

« BEIT - HITC(TES

"Inverted index RY(C” jsonf2 =k (C ZT i

.u}bn'|'| $|§)\7h.5 T—FEH

coordinale rearrangement

«

s ) : i
. Propose |- — .. L.J_._ Remoue

T -
- u
= 9 z 1 :
candidate = : 3 rows/cols
:  boundary 1= 3 | thatarek
as = 5 3 row/cols =5 SN/—
: structural 1= 3 T away | j'
= = anchors = 11 from Daun N
s : = i - anchors
3 T 1 .
3 i1
: 3 1
5 3 1 .
i 3 d Encoding:

___________________

| A4, El Dorado | B4, QuantumMind|C4, 1,172,295 | D4, 20-Aug|
|E4, |F4, QuantumMind|G4, |H4, |\n

|AS, Lemuria | B5, DreamSculpt|C5, |D5, 20-Aug|

|E5, |F5, Atlantis|GS, 1,797,915 |H5, 9.13%|\n

(a)

4

MindMeld 482,132 14,731 319,119  20-Aug | A6, Lyonesse |B6, DreamSculpt|C6, 1,573 | DS, 20-Aug|
MindMeld 240,700 8866 203,696 20-Aug |E6, |F6, Lyonesse|G6, 579,299|H6, 2.94%|\n
AquaQuest 293,966 3,069 279,093 20-Aug
AquaQuest 250 165 103 20-Aug
(. S

Sub Region Al Fl
Atlantis A2 A7
QuantumMind B2:B4
20-Aug D2:D18
1,064,955 C2
19,700,822 Glé
9.13% “H5
100.00% H16
Encoding:
{
“Sub Region”: A1,

“Atlantis”: A2,A7,F5,A10,...

“QuantumMind”: B2:B4,F4,
“20-Aug”: D2:D18,D21:D23,

“1064955”: C2,
“19700822": G16,
“9.13%": H5,
“100.00%": H16, ...

Sub Region Al Fl
Atlantis A2 A7
QuantumMind B2:B4
yy-mm D2:D18
IntNum C2:C4
C6:C12
Percentage HS:H6
H8:H9
Encoding:

“Sub Region”: A1,F1,
“QuantumMind”: B2:B4,F4,
“yy-mm”: D2:D18,021:D23,
“IntNum”: C2:C4,C6:C12,...
“Percentage”: H5:H6,H8:HS9,...

xEHB

ERE 5|

19




SpreadSheetLLM D EE&4LER

B EHZ DD T in context learningH\ AR LY

FinetuneL7c5 X <& > T

Model & Method Small Medium Large Huge All
ICL
Mistral-v2 0.071  0.013  0.029 0.017 0.036
GPT4 0.318 0292  0.090 0.000 0.154
GPT4-compress 0480 0454 0373 0.330 0410
Fine-tune
Llama3 0.715  0.765 0.290 0.000 0471
Llama2 0.557 0378  0.107 0.000 0.280
Phi3 0.604 0481 0201 0.130 0.330
Mistral-v2 0.700  0.784 0472 0.123 0.542
GPT4 0.779  0.707  0.288 0.000 0.520
Llama3-compress 0.825 0.768 0.664 0.617 0.719
Llama2-compress 0.710  0.722  0.633 0.578 0.660
Phi3-compress 0.800 0.673  0.624 0.675 0.689
Mistral-v2-compress  0.778  0.729  0.686 0.744 0.726
GPT3.5-compress 0.795  0.649 0.600 0.680 0.680
GPT4-compress 0.810 0832 0.718 0.690 0.759
-w/o Aggregation 0.864 0816  0.739 0.753 0.789
TableSense-CNN 0.785  0.788  0.567 0.561 0.666

20
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Agent & (?

- BRNZEMRT BICHIC, IMFRIEE DD &V LRHNS, BEMICHIET - TEITET 2 ETIVES
* Observation (Perception)

* Planning
* Tool use Agent
* Memory
Perception «
Planning

The "Augmented” Environment
LLM

A

Action




72t AgentHMhE 7R D H\?

T — 7 ILISEMZ DT,

—EIDHERTIEMIEEZFE < DHEH L LY

o HIFDE LY -> Tool: RAG
BEHDE W 7L -> Tool: Python, MCP, etc..

 HHE

HYE W 72LY -> Planning

EART —

7 IV DIEfE

(a) -T2 (Wb (3) (21= () 19) t L (2 Cl no(:T-nvmm X

| 60n<0)<3[A=Liloqnrd, e : J "
(a)- l._'(z -2) (l/l-\ﬂm) S - “

o sic-01-2- U1J=H13
c:i") soo) J
J -.

n-aul‘ﬂ *9 w.l—i

™~

yas
square beads $2.97 per kilogram Question: If Tracy buys 3 kilograms of spherical beads, 4 kilograms of
) X star-shaped beads. and 3 kilograms of flower-shaped beads, how much
oval heads $3.41 per kilogram will she spend? (umit: §)
flower-shaped beads  $2.18 per kilogram Answer: 31.44
i Solution:
el s et kf"’g""“ Find the cost of the spherical beads. Multiply: $3.42 % 5= S17.10,
heart-shaped beads $1.52 per kilogram Find the cost of the star-shaped beads. Multiply: $1.95 x 4 = $7.80.
spherical beads $3.42 per kilogram Find the cost of the flower-shaped beads. Multiply: $2.18 x 3 = $6.54,
. Now find the total cost by adding: $17.10 + $7.80 + $6.54 = $31.44
rectangular beads $1.97 per kilogram She will spemd S31.44.

Shop
City Cafe
Sandwich City
Express Sandwiches
Sam's Sandwich Shop
Kelly's Subs

Tuna  Fgg salad

6 5
3 12
7 17
1 (1
3 1

Question: As part of a project for health class, Cara surveyed local delis
about the kinds of sandwiches sold. Which shop sold fewer sandwiches,
Sandwich City or Express Sandwiches”

Options: (A) Sandwich City (B) Express Sandwiches

Answer: (A) Sandwich City

Solution:

Add the numbers in the Sandwich City row. Then, add the numbers in
the Express Sandwiches row.

Sandwich City: 3 + 12 = IS. Express Sandwiches: 7 1 17=24,

15 is lcss than 24, Sandwich City sold fower sandwiches.

MRS XU DEEL

23



g doreresh g g, Bimage o Obeie » (il e e e
PivotTable § Delete  Chart  Sparkine £ Functon  HYPerink @ Manage T
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[ ]
. c 0 . - " ! .
RAG: Table Retriever N R
Pl Cenva smin Desk 2 12500| 25000
ERl Central  Kevin Desk 5 12500 625.00 N
LIl Central  Gill Pencil 7 129 9.03 SUDD'ICS
Pl oo samie  Bincer n 49| seee| u
POl cenral Andrews  Pencil 14 120 | 1806
I e Pen o wee| swrs|
RN POl Ceniral Morgan  Binder m s | sz
ERl Central  Andrews  Binder 28 499 139.72
« RAGOW&(ZET—HEHY) e R
AL Central  Kevin Pen Set 42 2395 | 1.005.90 6
e G Binge P 0 | 41354
ol e e Moo
s s s e s Relational Database
e deed e d| S G - Foa PRSI - o
ooy )
Studentid Courseld
wr e o5 2 o sonre 20 ; ;
= = s i e oo 25 S 0 2
- = = —— - P ame 1 3
= i e = ] 1 sam 2 3 !d_|Name
1 saLServer
R v — . iy 5 A R
3 3 3 MongoDB
[, s ot [o s o e 3 5 o
1 LS jpwe |

Query

Search

Retriever

External
Knowledge

User

Response
Generation
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RAG: Table Retriever

* Traditional retriever
« Keyword-based (BM25)
« SQL for relational database

. IR
serialization
id: 1, name: Apple, loc: CA, employee: 154,000

? ’ ’ ; 1 Appl 154,000
id: 2, name: IBM, loc: NY, employee: 282,000 - S
2 IBM NY 282,000

‘ Text ‘ Schemas

€ L UEENE 3

elasticsearch Azure SQL

Google BigQuery PostgreSQL

Keyword-based retrievers Databases
25



RAG: Table Retriever

 Dense Retriever: Encoder + vector database
¢« FTEARETFINEFES

_ Model-architecture serialization

T-RAG [arxiv22] DPR rows

Deep-join[VLDB23] Sentence-BERT columns
(DongDHAR)

LI-RAGE [ACL23] ColBERT table
ITR [ACL23] DPR located row & col

Bi-Encoder CoIBERT

M
Y

Cosine-Similarity

DPR

Sentence A vec Sentence B vec
[0.11,0.74..] [0.65,042..]

L

SBERT

%

pooling pooling

Query Encoder, f, Document Encoder, f),

BERT BERT

Offline Indexing

20)
{4

Query Document

Sentence A Sentence B



RAG: Table Retriever

* Dense Retriever: LM encoder + vector database

- T—T7IERETIL:
* query -> text encoder
* table -> table-specific encoder

“op [pop | computetop,n Rank | . | Days |8
ey o - 1 [ = =

0.9
couNtT O.1 94+4.9+42=2 2 31 0.9
SUM 0.8 .9x37+.9x31+ 2x15=64.2 3 17 0
AVG 0.1 64.2 +2=321 4 15 0.2
0
Sypd™ 1%2 + Bx64.2 + 1x321=54.8
Aggregation .
prediction Cell selection

T 1 1
les | | |~ (e ][]

|E|;!§l| [ g | - [ g | |E[§§p]| [ e | - [ ¢, |

| [cLs) | | Tok1 | .. | TokN | [ (SEP) | [ Tok1 | .. [ TokM |

| J | |
Question Flattened Table

TAPAS

TaPas: Weakly Supervised Table Parsing via Pre-training, ACL20

In which city did Piotr's last 1st place finish occur? Utterance Token Representations Column Representations
Year : Venue : Position § Event ' In | lwhichl city ] I did [ Year ] IVenuer lPosition-

Ry 2003 i Tampere : 3rd .' EU Junior Championship

--------- R LG EEE EE LT EE L R [ Vertical Pooling ]
Rz 2005 E Erfurt Ist : EU U23 Championship e ——————Y—Y—V—V -
Rs 2005 | Izmir : Lot : Universiade ] Vertical Self-Attention Layer (x V):

“““““ i St Sttt I [In | i i o
Ry 2006 :Moscow : 2nd  iWorld Indoor Championship| . R, m] oy el SEESY | i] I 2005 ] I ECfirt ] [ ==

......... e B P T I 1
R5 2007 | Bangkok E Ist d Universiade i R3 In which city s | 2 I 2005 ] I Izmir ] [ 1st

Selected Rows as Content Snapshot : {R, R3, Rs} :Rs lICLS]] lInl VWhiChl lCity Z] I2007 ! IBangkok] [ L -

(A) Content Snapshot from Input Table (C) Vertical Self-Attention over Aligned Row Encodings

q (B) Per-row Encoding (for each row in content snapshot, using R, as an example)

Utterance Token Vectors 2005 Erfurt 1st 00
L L L Cell Vectors

[CLS] E] which] | city | |did

[ Cell-wise Pooling ] [ Cell-wise Pooling ] [ Cell-wise Pooling ]

[ Transformer (BERT) ]

Ry [CLS) Inwhich city did Piotr's ... [SEP] Year | real | 2005 [SEP] Venue | text | Erfurt [SEP] Position | text | 1st [SEP] ... !

TaBERT

TaBERT: Pretraining for Joint Understanding of Textual and Tabular Data, ACL20 27



RAG: Table Retriever

s T—TIERETILHINRGDBZDON? > TFALETILEEDRLK!
» Table Retrieval May Not Necessitate Table-specific Model Design [ACL workshop22]
* Open-WikiTable [ACL23]

—  BERT |
e 2 a) dCE N
Wikipedia | Masked LM Encoder
E Data k=5 k=10 k=20
g Retrieval Accuracy Jext Table -
Original 6.6 8.0 10.3
NO-tabl Hard W.k'.”l di Inverse BM25 Decontextualized | 45.5 529 59.7
ble | Negative Tables | Cloze Task DTR (medium) Paraphrased | 422 489  56.1
AN J
= DTR (large) Original 250 34.1 451
) BERT-table BERT BERT | Decontextualized | 91.6 96.0 97.8
NQtable | oot Paraphrased | 89.5 950 973
) Original 194 281 385
J L L DPR-table BERT TAPAS | Decontextualized | 882 945 97.3
- | Paraphrased | 84.0 914 95.6
( DPR [ DTR

NQ-tables Open-WikitaTables

Figure 3: Comparison of DPR and DTR training.
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Tool use: 7

e LLMICXIUL T,

e ——— L L e

PyAgent
ToolQA
ReAcTable
LEVER

Binder
Chain-of-Table
ToolWriter
SheetAgent
AutoTQA

TableRAG

TableQA

TableQA

TableQA

TableQA

TableQA, TableFact
TableQA, TableFact
TableQA

Table Transformation

TableQA, TableFact

TableQA, TableFact

\\

—\

O O O O

O O

> 7 (FWhZE tool

long context, ZEAIE(CXIT 5D IEEHF
« Python. pandasd EZ{E> TIEULKULETES

O O O OO

O

O

O

O

O

Competition

Marek Plawgo

Year | 1999 | 2000 .| 2008

F.uropcanJunior' World Junior |

Olympic Games

2012
European
Championships

Championships | Championships
Venue Riga, Latvia Santiago, Chile | ... | Beijing, China
Position | 4th Ist 7th »
Event | 400 mhurdles | 400 m hurdles | ... | 4x400 m relay |
Notes | 52.17 49.23 [... 30032 |
LLMs

What are the headings of table?

The headings of the table are:
& Year, Competition, Venue,
Position, Event, and Notes.
(D)

Are they located in first row
or first column?

& The headings are located in

the first row of the table.
()
LL Tools (Pyth:
Ms w/ Tools ( on) How many times was first listed as
the position according to this chart?

____o Using Python Shell..::

(=D

— df[ 'Position'].value_counts()

@

(=D

Rethinking Tabular Data Understanding with Large Language Models NAACL24

Helsinki, Finland
18th (sf)
400 m hurdles
50.77

29



Tool use: &xiff & MCP(C & - Ctool useff &1t

MCPHZ: LV B MCPH % % B
@OfeEAI Gemin ¥Claude @ openal Gemini ¢ Claude

d -

v

T

¥ g
—
= no=

-

MCP& (Efah ~AIT—Y Y FOADEZE ORI~

https://blog.cloudnative.co.jp/27994/
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Planning

- BB
- Divide and concur: MR AV E DR T D ET. TNENRRTETC, EERDOT-ILZEKTED
- FIK
* Workflow
- NBEOHHEZEDNUT., COIRVZERITBIEHC., EARBTTIRAVEERICEERT B =

Actions

 ReAct (CodeAct) [ICLR24] 5 -

Traces
\

* Reasoning + ACting Observations

ReAct (Reason + Act)

« Thinking -> Action -> Observation T#¢\) 1R BT - ZABNOS TR powe D 4 -

https://dbsj.org/dbsj_lecture/

CONR=TJDRAT —IN—ADBBEBZERICELHOTERRLTILLESZTL, ELTHRED
Bk, FIZTHRZOME. MEOFEY ZICDOVWTHIRL T, SRLOBREZLHDT
A REHUTLEZL, AFETEAT. JRLORCEFEOXFHITEREZ DD

¥ manus
i Plan-and-ACt FRVELELE, BBT - IN-AOEBEABERCET LY, HAWBCOLTHITL., FHRICOERE

194 FrEHFBTIRTULET,
* Top-down planning |iSt % manus

. ETROHE (FIE) EULTTHS. IEBCEGTT 5. P—

2. 7—5 OB & RIFR
3. F— 9B E AR 31

4 A1 FOFREHEERRT



Planning: Workflow

» Datar [SIGIR23]: Table QA
* Question decomposition and table decomposition

Evidence Decomposer

Date l Visitor Isml Home Imd-iulmudmunmm sub-table
Feb.2 |minnemota| 4-1 | columbus [backstorm| 18529 017 I Date | Visitor l Home
= . » . ‘ - 3019 Feb. 2 minnersota | columbus ReaSOIler
Feb. 5 detroit 3.2 | minnersota | backstorm 18568 4 S | !
— (LLMs)
Feb.7 dallas innersc
Feb. 7 dallas | 1.0 | minnersota [backstorm | 18568 | 020 = e
Feb.9 | ™ | 3.4 | dalles |backstorm| 18568 ¥ I
Evidence . . .
sub-question reliable sub-question
Decomposers {_.} times Minnesota played at home. {6} times Minnesota played at home.
(LLMs) {..}times Minnesota played away. {8} times Minnesota played away.
parsing 1 filling1
Question Y.
SELECT COUNT(*)

during the 2007 - 08 minnesota wild
season , minnesota played at home —

more times than they played away. iﬁ%ﬂm*&immw

FROM w WHERE home = ‘Minesota’ 10) B

execute Interpreter

Question Decomposer

https://arxiv.org/pdf/2301.13808 2



https://arxiv.org/pdf/2301.13808

Planning: Workflow

* DIN-SQL [NeurlPS23]: Text-to-SQL
« BHIICES LT 4 sub tasks(C iR
* Schema linking

* Generate 3-levels SQL with 3 sub tasks
» Self-correction the final answer

Table singer, columns = [singer_ID, . ]
Tablo concert, columns = [concert_ID, . ]

: Select name from singer :
: Where Citizenship!= ‘French’ :

§ Q: “What are the names of the singers '
who are not French citizens?"

. J

Figure 2: An overview of the proposed methodology including all four modules

https://arxiv.org/pdf/2304.11015
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Planning: Dynamic Planning, ReAct

* ReAcTable [VLDB24]
* During action, use SQL and python shell

Tabular data (T)

“Cyist —— ] Rank _
Alejandro (ESP) 1
Alexandr (RUS) 2

NL question (N)
which country had the most
cyclists finish within the top 10?

7

ReAcTable with @ SQL and P Python executors

Iteration #1 Action Iteration #2 Action Iteration #3 Action Iteration #4
— — TN — TN Y
®|( wed ' SELECT Cyclist from I( | |( ot | SELECT*country, |( I
| @ :'1‘0 WHERE Rank<=10; | | def get_country(s): I@ | COUNT(*) FROM T2 : I
@ | I | : return re.search("\((.*?)\)", | : g:gg: :: gountx(:g) | :
- — . 1 . OUNT ,
>>—>: /3 : @l m |ﬁ : s) .group (1) A : DESC LIMIT 1; r :
| | @ I | T1['country'] = Tl.apply(lambda x: | I - | |
: : : |  get country(x['Cyclist']), axis=1) : I l @ : | e
| | I .
- | a Sl =
LLM LLM Alejandro (ESP) ESP LLM ITA 3 LLM
Thmkmg Intermediate table (T4) . . Alexandr (RUS) RUS Intermediate table (T's)
Thinking _y
Intermediate table (T,) Thlnkmg
\
Figure 1: Overview of the ReAcTable framework with SQL and Python code executors.
34
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Planning: Dynamic Planning, Plan-and-Act

Chain-of-table [ICLR24]:
« 2{K Plan &g
« & Action® arguments“ i},
TNENELT

Input Prompt

[Original Table] o h
Rank Cyclist —p V”
1 Alejandro (ESP) o
2 Davide (ITA) Lim
3 Paolo (ITA)
4 Haimar (ESP)

[Question]

Which country had the
most cyclists finish with in
the top 3?

https://arxiv.org/pdf/2401.04398

(a) Generic Reasoning

There are 2 cyclists from Spain.
—» They are Alejandro and Haimar.
The answer is Spain. ¢

(b) Program -aided Reasoning

LLM

SQL: SELECT Country FROM
table WHERE Rank<=3 GROUP
BY Country ORDER BY

COUNT (*) DESC LIMIT 1 X

Multiple Reasoning Steps in Generic A
Reasoning fails to solve the complex table.
Question asks cyclists in top 3 but Haimar is
not in top 3. | Rank | Cyclist |
| <4 | Haimar(ESP) |
J
Generated Programs in Program-aided )

Reasoning fails to solve the complex table.
SQL can’t execute the query since "Country"” is

in the same cell with "Name".
Alejandro (ESP

J/

(c) Chain-of-Table (ours)

Step 1: Sample next operation based on
Table, Question, Operation History

! Iteratively repeat Step 1, 2, 3 with the

Step 2: Generate arguments
for the sampled operation

o O
pa
O ; OO [ Added Col Header = "Country" |
- () ‘o/ _add_col() —- ) W —-
A A A IAdded Col Cells = "ESP,ITA,..."]
Input Prompt (next iteration)
oP |
Pool Step 3:
- [Intermediate Table] |Rank| Cyc. | Country Transform table to
1 |Alej.| ESP store the tabular
- reasoning process
[Operation History]
[Question] Which country ... in the top 3?7

intermediate table & the operation history P

Complete Operation History
Represent Tabular Reasoning Chain

Iter 1:[ f_add_col(Country)
Iter 2: I— f_select_row(1,2,3)
Iter 3: f_group_by(Country)
Iter 4: f_sort_by(Count)

Final Query Prompt
[Q] Which country had

Country | Count
the most cyclists finish TA >
with in the top 37 Esp 3

Lo 2850 — Italy v/

0000


https://arxiv.org/pdf/2401.04398

. B

==k
« T —7)L LLM
« 7—7 )l Agent
+ T—7 )L VLM

X EHES1EDRE
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VLM & (&7

AJI: Ef& (image), question (text)
1 77: Response (text)

&

ppx opE Response
id | name | loc_| #of amployee.
{  Apple  CA 154,000 The number of emplloyees for Apple, as
>  BM  NY 282,000 » shown in the table, is 154,000.
JPG, PNG, IMG
Prompt

what is the employee number of Apple?
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LM

VLM (Vision-Language Mode)Di&i& Decoder

*

Vision tokens Text tokens

L)

“European-style architecture”

Vision Transformer (ViT)

Projector

Transformer Encoder
Patch + Positio
am.;.mgué[fg@ﬁ@ﬁ@ﬁ@ﬁ @) @ 8)
;cri:ss]l embeddmg Linear Projection of Flattened Patches

SEE T 1 ] | ]
mgn—>Ilm
Al s




VLM training

Vision Encoder Projector LLM
/ — N N — e
Stage-1 Language-Image Alignment ] A e 7IAYAY FERFEE
Image-Text pair datasets
¢ / / N=PAN P S
Stage-1 .5 Mixed Caption Expansion J A A A ==k AV DA% /X
Image-Text pair datasets
Instruction & Reasoning £ { A El:b‘_]_' c\_’_ ?A@Fine-tunin
Stage'z [ Fine-tune ] (’, A A R C AR J
VQA datasets
From “Stockmark-2-VL-100B: HZAGE(CIFK UTc B 2 XY FERED Tz DChain-of-ThoughtfBEZEE T L
39

https://stockmark-tech.hatenablog.com/entry/2025/06/03/101007



38 VLM{E S D H?

ZLODT—7INT =5 F ABOHICTFLSENTLS
« markdown, JSON, HTML, latex, etc... W EDTF X L CRIBTEAU
HEEZR (X. icon, markdown, B)EEH 3

- RENCIEFEIT S2DLERA

FEATURE COMPARISON 8 Uertexuz:
Sharo-Based Compensation S 2017 Vertex42 LLC
e T . e e PRODUCT PRODUCT PRODUCT PRODUCT PRODUCT PRODUCT
mitions} NAME 1 NAME 2 NAME 3 NAME 4 NAME 5 NAME 6
Three Months Ended $ix Months Ended
b o - X
Share-based compensation experse s 2864 § 2686 § 5861 § 5501
n:-:::w-umwnmw - pen $ @S  (sms (1708 Unicode v or * sym[s \/ x \/ x J
%’,‘:& 0, ?a“f:‘rw‘ wmmmmmamm 0 RSUS was $24.7 bilicn, which the Custom Icon Sets O o o ° 0
Up / Down Amow Icons v = a v o
Note 9 - Contingencies
e e e B Check /X Icons % ! v %
loasta mmbom:mmcmymAVMImmammm or & matenal loss greater than a recorded accrual,
concaming 688 Coningencies for asseted oal and ther clama Flag Icons > [~ > P> >
Note 10 - Segment Information and Geographic Data
The lolowing table shows mormation by reportable segment for the three- and sx-month periods ended March 30, 2024 and
A1, 2023 (n miteos) Unicode * symbol L2 2 2d * * K > kK e ke
Three Montha Ended Six Montha Ended
B + S i Diamond 4 symbol * o 00 . . 22

Americas:

Net saies s was s W s sm s ence Icon Set: Star (0.1.2) bke ke bie bk bie

Operaling income s 15074 § 13827 § 35431 § 3o
n Icon Set: Quarter Crrcle 0.1.2.3.4) O & J “ ] O [ ]

Ope

Not salas $ 24123 § 23045 § 54520 § 51628 Icon Set Boxes (0_1.2.3_4) ﬁ H .

Operating income s 92591 § 9368 § 2m s 19,385
Greater China: Icon Set: Bars (0,1,2.3.4) dl il al dl il " |

Nel saies s 16372 § 17812 § EXAL I anz

—T— Pl otmyoumy o Numerc&TextSpectfcations
- pata Bas Mo M B+ H2 | s S

Not sales s 6262 § 7976 § 14029 § 13831

Operating income $ 3135 § 338§ 6954 S 6EN Custom number formats 128 GB 64 GB 256 GB 512GB 32 GB 1024 GB
Rest of Asia Pachic: Basic Numeric Enfry 423 1.23 5 6.2 154 352

Not sales. 1] 6723 § 8119 § 16888 S 17,88¢

Operating income $ 2006 § 928 § 73 § 7119 Yes/No/na No Yes No Yes na Yes

Numbers with Different Units 23718 470 GB 125GB 64GB 512MB 128 GB
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=T )

* Table detection

* TableFormer [CVPR22]

* Bounding box detection,
structure generation

BT DIZHDETILHZLN

. TATR [CVPR22]

* Based on object detection
transformer (DETR)

Tableformer: https://arxiv.org/abs/2203.01017
TATR: https://github.com/microsoft/table-transformer

BBoxes
Extracted g:xu y2 X2, y2] T T—— I
Table Images Standardized . x1', y2', x2', y2] X
/ Wyt oM o traced back to the c
Images ; O [x", y2', xz", y2'] original image to L© L] IL_] |
P m— extract content [ |D [ ]
EERCE BBoxes in sync
> Al > ) with tag seq‘tljence |I [l L |
s [ T / |[—l D l I
Iy <TR>
<T0> @ </TD><TD colspan="2"> @ <TD> Structure Tags sequence
</TR><TR> provide full (?escn'ption of
<TD>@<TD><TD>.. the table structure
Structure Tags

TableFormer

Table Detection Table Structure Recognition Table Functional Analysis
Taple Column
- = ——-:: Row
- - - Column Header Call
= \
Text Cell Projected Row Header Cell

Grid Cell

no object (o)

= 7. no object (o)

transformer
encoder-
decoder

bipartite matching loss

TATR(DETR) 4

set of image features set of box predictions



https://arxiv.org/abs/2203.01017
https://github.com/microsoft/table-transformer

il

=)L : Table-Llava (ACL24

« TSI RV T =Y TEEBUTCESVLMET )L

Input requests of different tasks

Table images of different types
| Tournament [Surface] Opponent in the final
[Clay EMLM_
yeur |Hard Stefanic Weis
Hard _|W W Rita Degli-Esposti
. |31 March 2002 [Rome - Clay  [wem Dinara Safing
June 2002 123 (Clay Ainhoa Goni-Blanco
11 August 2002 [Clay |0 WLsurcnce Androno
(Winner  [3. |26 January 2003 Hard W Sophic Lefvie
i 4. |16 2003 Hard
Em 5. 2003 Hard
inner |6, |23 March 2003 Ludmils Cervanovi
7. |2 November 2003 |Hard Roberta Vinci
Web page table
fiscal year all functions national defense
2010 actual 148962 86789
2011 actual 144379 8306
2012 actual 143737 79875
2013 actual 132477 70781
2014 actual 136159 70992
2015 actual 138544 72950
2016 preliminary 148999 78669
2017 proposed 153920 80480
% avg growth 201013b 38 66
Excel table

yoar starts wins top5 top 10 poles avgstart avg finish winnings

(Please provide a brief answer to the question below based on the table\
regarding 'Karolina Sprem'. Format your final answer as a JSON, usin
g the structure {"answer": [<a list of answer strings>|}.

Kkarolina sprem beat laurence andretto in 2002 but what other french p

Qawr did she beat in 2003? )

[ ~\
For the cell positioned in the 10th row and the st column of this table,
provide its content. Output the target cell content as JSON in the form
at {"row_id":"m", "column_id":"n", "cell_value":"<Corresponding Ce

11 Value>"}.
N /

/Gwe you an excel table about 'federal budget authority for r&d and r N
&d plant, by budget function category: fys 2010-17', please answer th
e following question ..... Question: the president's proposed budget fo
r the federal government in fy 2017 calls for $153.9 million in fundin
g for r&d and r&d plant, how many million dollars of increase over

\_he previous year? )

(Thls is a table picture. Can you figure out the row and column number )
s for this particular table? Format your final answer as a JSON, using t

\_he structure {"row_number": "m", "column_number": "n"}. )

(. Analyze this table picture about 'terry labonte’ and classify whether th )
e given table substantiates or conflicts with the statement. Return the
result as JSON in the format {"answer": "<YOUR ANSWER>"}, e.g.,
{"answer": "deputed”}.

Statement: in 1995 , labonte motorsports had the most wins it had ina

\ 1y single year. J

-
This picture illustrates a table. Please represent this table with the mar

1985 1 1 1 1 ] 140 1.0 32400
1986 2 0 1 1 1 200 215 6600
1991 5 1 1 2 1 192 18.4 27380
1982 5 0 3 3 o 1886 120 32760
1983 20 0 7 10 1 1586 15.7 17371
1994 20 4 9 14 0 166 15 215438
1995 19 1 9 1" 1 178 128 182111
Markdown table

kdown-format in text.
N\

https://arxiv.org/abs/2406.08100

(task description, required output format, task-related input)

WTQ

Table-LLaVA

Output responses
(final answer, chain-of-thoughts)

~
Based on the table, the final answer is
{"answer": ['Sophie Lefevre]}.

s N\
The target cell value in the 10th row and th
e 1st column is {"row_id":"10", "column_i

d":"1", "cell_value":"Winner"}.
N\ J

("Based on the table information, we need to )
conduct the following computations:
(153920.0-148999.0) = 4921

Therefore, the final answer is {"answer":
\l'4921 1. )

g ™
There are 11 rows and 3 columns in the tab
le. So, the final answer is {"row_number":

\“l 1", "column_number”: “3"}.

(Taking into account the table information, l\

he table conflicts with the validity of the st
atement. Therefore, the final answer: {"ans
\wer': "conflicts with"}. )

qym|m|MM|mp5|top10|polos

B P e R e P e
\J1985|1|1|1|1]0|140]...... Yy,

WTQ
TABMWP

60.5

RCE TabFact
TCL 6 InfoTabs
TCE ToTTo
TSD Rotowire
InternLM-XComposer  —— Qwen-VL —— Monkey
OFA-Huge — mPLUG-OwI2 TableLlama+OCR
BLIP2 LLaVA-1.5 GPT4-V High Res.
—— MiniGPT-4 —— Vary-toy —— Table-LLaVA 7B

42
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Table-Llava (ACL24)

language model (Vicuna v1.5 13B)

EEEEEEEEN 00000
vision-language connector (MLP) tokenizer &
embedding

vision encoder (CLIP ViT-L/336px) ]
User: what is

unusual about
this image?

Llava architecture

.

[ Image Caprioning_] xs [ Visual Grounding ]

Pre-training
LLaVA-1.5 Pre-training data MMTab-pre
- r‘> Image Captioning wﬂ “.:.m l;"“? [> Table Recognition
= ::: :: | : | ;; [HTML;:tG:x].[Z;A:(d.-UK )
- N
LLaVA-L.5 IFT data MMTab-eval

Held-in

MMTab-instruct

[ wra | [ InfoTab |

(TABMWP | | Rotowire |

Public Academic Tabular Tasks

Question Answering

[ FeTaQA | [ wikiBIO |

(__Flat TOA

] [Multi-choice TQA__

[ Hierarchical TQA | [ Numerical Reasoning |

[ HiTab | [ TSD |

[ TAT-QA | [ TCE |

Text Generation Fact Verification
Il iption Biography -TabFact ......
Generation TH REtcd)
Held-out

Table Structure Understanding Tasks

[ Table Size Detection ]

[ AIT-QA | [PubHeaIthTab]

[ Table Cell Extraction ]

[ Table Cell Locating | [ Merged Cell Dection | (150 | | TCE )
[ Row&Col Extraction ] [ Table Recognition ] ......

J L
Instruction Fine-tuning Benchmarking

Table-Llava training
43




Table VLMD FE &

Vision encoder LM decoder Task
backbone

Tableformer Resnet-18(CNN) + transformer encoder Scratch transformer Table detection & structure
[CVPR22] (2 layers) decoder (4 layers) recognition
TableVLM ResNeXt101 (CNN) + transformer Scratch transformer Table detection & structure
[ACL23] encoder decoder (4 layers) recognition
(12 layers)
PixT3 Pix2Strct (ViT) Pix2Strct Table-to-text
[ACL24]
TablePedia ViT-L (ViT) Vicuna-7B Table detection & structure
[arxiv24] Swin-B (ViT) recognition
TableQA
Table-Llava CLIP (ViT) Vicuna-v1.5-7B Table-to-text
[ACL24] TableQA

Table structure recognition

Vision Encoder £ LM decoder ©& A&7 — 7 ZBRIFHBFHETILICR—X
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Table as Texts or Images (ACL24)

» ALTF—9E7F AL TANBERENBLOHN? BRTBESVON?

80

60 57.0 60.5 60.0
°47.2

40

20

o

FinQA LogicNLG TabFact WikiTQ
Text (vanilla-T) vs Image (vanilla-V)

= 74N
=] i

* FinQA (rich document) BAZMC TF X RO AHEL)
s TEAL, BFEEAAND E. BICERULDIFTERL
* Closed model > open model

GMNpro(T)
_ 39.4 44.0 GMN (V)
GPT-4 (T)
mm GPT-4 (V)
E2E Totto
Datasets T+V T V Metric
WikiTQ 80.0 75.0 60.0
TabFact 640 T71.6 605 Ace
LogicNLG  48.0 515 54.1
FinQA 61.0 430 570
ToTTo 424 439 440 .
E2E 426 448 394 ROUGEL

Table 19: GPT-4’s performance when we pass the text
representation (T), image representation (V) and both

representation (T+V) to the model.
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TableVQA-Bench

+ A
w0 aff

s VLMIZEXERE T N E
e VLMTF Z k -> LLM QAO A HEL)

https://arxiv.org/pdi/2404.19205

Input Modality | Model

| VWTQ VWTQ-Syn VTabFact FinTabNetQA | Avg.

Multi-modal Large Language Models (MLLMs)

GPT-4V [1] 42.5 52.0 68.0 79.6 54.5
Gemini-ProV [23] 26.7 33.2 55.6 60.8 383
SPHINX-MOoE-1k 27.2 33.6 61.6 36.0 35.5
SPHINX-v2-1k 253 28.0 66.8 31.2 33.7
QWEN-VL-Chat [3] 19.0 23.2 60.4 29.6 28.4
QWEN-VL [3] 17.2 21.2 52.0 34.0 26.5
SPHINX-MoE 15.3 16.8 58.8 2.8 20.7
Vision SPHINX-v1-1k [14] 13.2 17.2 58.0 3.2 19.7
mPLUG-Ow12 [26] 10.7 14.4 56.8 2.8 17.7
LLaVA-1.5[16] 12.4 12.4 55.6 0.8 17.7
CogVLM-1k [24] 9.7 11.6 52.0 4.8 16.3
SPHINX-v1 [14] 7.1 9.6 55.2 1.2 14.5
CogAgent-VQA [7] 0.3 0.8 584 22.8 13.8
InstructBLIP [6] 59 6.4 50.4 04 12.5
BLIP-2 [13] 52 5.6 51.6 04 12.2
CogVLM [24] 0.8 0.8 40.8 1.2 1.5
CogAgent-VQA* [7] 37.2 41.2 584 22.8 39.0
Table Structure Reconstruction + Large Language Models (LLMs)
Vision GPT-4V [1] — GPT-4 [2] 45.2 55.6 78.0 95.2 60.7
Gemini-ProV — Gemini-Pro [23] | 34.8 40.4 71.0 75.6 48.6
Large Language Models (LLMs)
GPT-4 [2] 68.1 69.6 80.0 98.8 75.5
Gemini-Pro [23] 56.4 61.2 69.6 96.4 66.1
Text GPT-3.5 50.5 544 68.0 93.2 61.2
Vicuna-13B [5] 32.8 39.2 57.6 84.8 46.7
Vicuna-7B [5] 21.5 344 54.0 68.8 37.0
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OpentTI)LTE

ST T

InternVL3
(2025.04)

Qwen2.5-VL
(2025.01)

E A E AIRELWVLMAD

Thumbnail

448x448 Tiles

(§

Matching | 2:3 (896x1344) Inputlmage (800x1300)
_’ e . [ ]

Pre-defined Aspect Ratios
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