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System 1/ Domain: Transportation and Logistics '
1 INTRODUCTION iy ' 1.2 Problem Statement
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1.1 Background ‘ = | @ Despite the existence of text-rich VQA

e Text embedded within images is crucial | i benchmarks in English, Korean resources
for conveying information across various ki : remain scarce, as current datasets are mostly
real-world domains. by IR translated or too small in scale.
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e Extensive VQA research focuses on .
- - | P e 8 Image Samples Tut»CﬂTtrit Faiia Image
text-rich images (e.g., documents, St/ Goman CSAT nry | Source Reasoning Type
% 5 ; K-MMB (Ju et al., 2024) En 4,329 - MC General
scene text, digital interfaces) to advance MAEME | K.SEED (Juetal, 2024) En 2971 : MC | General
- s roa: svmn v TEE = v so omava s | (501 Che ) | K-MMSTAR (Ju et al., 2024) En 1,500 - MC General
VLM capabillities. T S ettt b KLLaVA-W (Juetal,, 2024) En 60 : Open | General
- ik -- : K-Viscuit (Baek et al., 2024) Ko 657 : MC | General
e Recent benchmarks emphasize j - | | K-DTCBench (Ju et al., 2024) Ko 240 v MC | Document
- . st bt b o ™ MTVQA-ko (Tang et al., 2024b) Ko 558 - Short | Multi-text
hlgher-order reasonlng over te}dua[ g e 2 : KOFFVQA {F;imgand Jung, 2025) Ko 275 v Open | Multi-text
\ content, moving beyond basic recognition. - " | KRETA (Ours) Ko | 2577 v MC | Multi-text
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2 KRETA Benchmark .. B

2.1 Overview o

e System 1 (Basic Understanding): Relies on intuitive and automatic - T w

Rammer ::.::' CSAT w':',::a
recognition. Requires direct text extraction and straightforward interpretation e = wenee
(1,426 QA pairs). o mn KRETA  ‘woms,

e System 2 (Advanced Reasoning): Demands complex "slow thinking," such o W e
as contextual understanding, multi-step decision-making, numerical -V = oW
reasoning, and integration of external knowledge (1,151 pairs) - Sy —

e 15 Domains & 26 Image Types T i e Slborsent
T TTTTTTTToTTTTTmoTTmmm T T o T T T T TTTT T TT T T T T T m s e e Sept;, T T T T T T T T T e
2.2 Semi-Automated VQA Generation Pipeline Ppetss Jmage Decumpankion QA GondNares Gservsion

- e E r:lu::..:.l-ih i . Image Type & Domain
e Step 1: Stepwise Image Decomposition: Generate structured captions from — | il
text-rich images using multiple VLMs; analyze scene/layout, link text—visual relations, [ Module JE S q .
. =3 hystem 1 QA Generation
then extract & structure all text. ~' 1T wims
. . ' : - E 5'“‘“'“"":“ D“T’“W"HU"J U r.. System £ QA Generation &

e Step 2: QA Candidates Generation: From captions, create QA candidates with a [ s R
dual—lex{el setup (S1 basic recognition, S2 advanced reasoning); also tag 15 domains S Srcured | &l ),
and 26 image types. | 1

e Step 3: VQA Evaluation and Voting: Score with multi-VLM evaluation on 7 metrics; [‘ cﬂ'r'.i".f.'.'!...]*— o3 8 Eln B [@ smﬁﬁﬁmmg}
aggregate and vote to select the best QA per image. * S
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e Step 4. Hard Negatives & Human Refinement: Generate hard negatives =i R

(plausible but wrong); finalize with human verification for context and reasoning validity. KRETA  iurd Nagotives Generation VO Evatination and Yoting
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( 3 Evaluation

e System 1 is strong overall, but System 2 drops sharply (especially for open-source)
e Closed >> Open on System 2

Overall | System 1 System 2

e Open models vary by domain, Model Size ‘ 2577 | (1,426)  (1,151)
scene-text & complex docs remain Closed
GPT-40 (OpenAl, 2024a) - 84.6 95.9 70.5
hardleSt GPT-40-mini (OpenAl, 2024a) - 73.3 88.7 54.1
e Scaling helps but not always Gemini-2.0-flash (Google DeepMind, 2025) | - | 85.4 98.0 69.8
Claude-3.5-Sonnet (Anthropic, 2024) - 80.5 034 64.5

(Qwen2.5-VL 3B > 7B)1

Open-source

LLaVA-OneVision (Li et al., 2024) 0.5B 42.3 49.6 333

Performance Across Selected Domains DEEPHEﬂk-VLZ-liE}’ (Wu et al., 2024) B 48.8 60.8 34.0

100 4 6. i o .1 & Sent Bias A ) Deepseek-VL2-small (Wu et al., 2024) 2.8B 53.3 67.3 36.1

8.2 . mmSysem2 Opensounce | Qwen2.5-VL (Wang et al., 2024) 3B 71.8 94.2 43.9

2 B0 - el B ' Ovisl.6-Llama3.2 (Lu et al., 2024) iB 52.2 62.8 39.1
e InternVL2.5 (Chen et al., 2024b) 4B | 707 90.7 45.9
; B0 - | Phi-3.5-Vision (Abdin et al,, 2024) 4.2B 42.6 52.2 30.8
E LLaVA-OneVision (Li et al., 2024) 7B 54.0 65.1 40.1
E 401 =Y o | Qwen2.5-VL (Wang et al,, 2024) 7B | 68,5 94.5 36.1
*E - IntemVL2.5 (Chen et al., 2024b) 8B 70.8 89.8 47.3
= 20 - | MiniCPM-V-2.6 (Yao et al., 2024) 8B 41.0 50.4 294
MiniCPM-0-2.6 (Yao et al., 2024) 8B 64.3 84.1 39.9

D - Ovisl.6-Gemma?2 (Lu et al,, 2024) 9B 58.4 68.9 45.4
Arts, Tech. Med. Econ. Sci Hist. VARCO-VISION (Ju et al., 2024) 14B 72.3 90.9 49.3
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4 Discussion - CoT

e CoT consistently benefits closed &
large open models (En/Ko)

e Smaller open models show little
or negative gain, likely from
overload under long reasoning
prompts.
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Gemini-2.0- GPT-4o0- VARC()- Cwend.o>-  OQwenld.5- LLaVA-
flash miini VISION- VL-7H V0L-3B UneVision-
14B 0.58

OGitHub https://github.com/tabtoyou/KRETA '~ Hugging Face https://huggingface.co/datasets/tabtoyou/KRETA



