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Human vision consumes 50% brain power

Van Essen, Science 1992



Human invention of written language
Source: wikipedia



Human invention of ChatGPT

OpenAI, 11/2022



Vision and language even more powerful

1. Collect millions of images and their description from the Internet
2. Learn associations between encoded image and text
3. Amazing predictive abilities

CLIP, 7/2021



Task-specialization emerges at scale
Flamingo, 11/2022



This talk

A plead to leverage synergy between vision, language and reasoning 
to better understand the (visual) world

I. Seeing and Speaking

II. Seeing and Reasoning



Part I: Seeing and Speaking
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NeoBabel: A Multilingual Open
Foundation Model for Visual Generation

Mohammad Mahdi Derakhshani, Dheeraj Varghese,, Marzieh Fadaee, and Cees G. M. Snoek



Text-to-image generation is amazing

12

Credit: DeepSeek’s Janus Pro 7B



Problem: A monolingual AI world

Text-to-Image generation is English-centric.
• State-of-the-art models serve ~5% of the world’s native speakers.

• This creates a significant barrier to global access and perpetuates digital inequity.

Majority native language
13Official language, not native majority
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Text-to-Image Generation state-of-the-art
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English-only image generation

Field moves fast

Almost all models English-only

Some rely on multilingual LLM

No native multilinguality

Limited openness
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English

Chinese

Dutch

French

Hindi

Persian

NeoBabel: Natively multilingual, efficient & open
English-only image generation Multilingual image generation

NeoBabel is SOTA for English

Model size 2-4x smaller

Fully open

Native support for six languages
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English

Chinese

Dutch

French

Hindi

Persian

NeoBabel: Natively multilingual, efficient & open
English-only image generation Multilingual image generation



NeoBabel contributions

First natively multilingual text to image generation system. 
• Large-scale multilingual image data set

• Unified multimodal architecture with staged training

Comprehensive multilingual benchmark and metrics.

Open toolkit for inclusive research.
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Data
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Challenge: High-quality multilingual data is scarce

20

We expand existing datasets by model-generated recaptioning and translation



ImageNet translation example
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Translation by Gemini Experimental models.

ImageNet 1k

English caption: streetcar

Persian caption: واگن برقیDutch caption: tram

French caption: tramway

Hindi caption: स्ट्रीटकारChinese caption: 有轨电车

ImageNet 1k

English caption: American chameleon

Persian caption: آفتاب پرست آمریکایی

Dutch caption: Amerikaanse kameleon

French caption: caméléon américain

Hindi caption: अमेररकी गिरगिट

Chinese caption: 美洲变色龙

ImageNet 1k

English caption: Bernese mountain dog

Persian caption: سگ کوهستانی برن

Dutch caption: Berner Sennenhond

French caption: bouvier bernois

Hindi caption: बर्नीज माउंटेर्न डॉि

Chinese caption: 伯恩山犬



CC12M recaptioning example

Recaptioned: This image displays a black velvet jacket with silver buttons on

a white mannequin. The jacket is tailored, with a fitted waist and peaked
lapels. The mannequin is wearing a black velvet bowtie. The jacket has three

silver buttons on the front, and four silver buttons on each sleeve. The

background is a white brick wall. The style of the image is a fashion
photograph.

Original caption: The Scotch House Vintage Black Velvet Scottish Kilt Style
Jacket 3.

22

Recaptioning by InternVL (Zhe Chen et al. CVPR 2024) 

Conceptual Caption 12M



JourneyDB recaptioning and translation

Recaptioned: the image is a beautifully detailed and vividly colored painting

featuring two main subjects, a woman with long flowing hair adorned with
flowers on the left side of her head, wearing an elegant off-the-shoulder dress

that has intricate gold embroidery along one sleeve. She stands beside a

majestic tiger looking directly at the viewer. The background consists of lush
green foliage interspersed with pink blossoms to the left and orange poppies

scattered across the ground towards the right. The setting appears to be

outdoors near ancient stone ruins, which are partially visible behind them. The
lighting suggests it might be late afternoon as there's a warm glow

illuminating both figures from above, creating soft shadows around their

forms. Overall, the scene conveys a sense of harmony between nature and
wildlife through its rich colors and serene atmosphere.

Original caption: a beautiful princess with long hair walking with her tiger

in a garden, dream, enchantment, wonder, stardust, HD, 8k, Paul Guy
Gantner, Mandy Jungens, Camilla D'Errico, --ar 3:2 --q 2 --v 4

23

Recaptioning by InternVL (Zhe Chen et al. CVPR 2024) 

JourneyDB



JourneyDB recaptioning and translation

English caption: The image is a beautifully detailed and vividly colored painting featuring two main subjects, a

woman with long flowing hair adorned with flowers on the left side of her head, wearing an elegant off-the-shoulder
dress that has intricate gold embroidery along one sleeve ...

Persian caption: بلندموهایبازنیک،شودمیشاملرااصلیسوژهدوکهاسترنگارنگودقیقوزیبانقاشییکتصویر

استپیچیدهطلانقاشیدارایآستینیککناردرکهظریفلباسیکپوشیدن،سرشچپسمتدرگلازپرو

Dutch caption: De foto is een prachtig gedetailleerd en levendig gekleurd schilderij met twee hoofdpersonen, een

vrouw met lang vloeiend haar, versierd met bloemen aan de linkerkant van haar hoofd, met een elegante off-the-
shoulder jurk met ingewikkelde gouden borduurwerk langs een mouw ...

French caption: L'image est une peinture magnifiquement détaillée et vivante avec deux sujets principaux, une

femme aux cheveux longs et fluides ornés de fleurs sur le côté gauche de sa tête, portant une élégante robe à
épaule qui a des broderie en or compliquée le long d'une manche. Elle se tient à côté d'un majestueux tigre
regardant directement le spectateur ...

Hindi caption: यह गित्र एक खूबसूरत विस्ट्ततृ और जीिंत रंिीर्न गित्र है जजसमें दो मुख्य विषय हैं, एक महहला अपर्ने बाएं हाथ के
ससर पर फूलों से सजाए िए लंबे बहते बाल के साथ, एक सुरुगिपूर्ण ऑफ-द-कंधे पोशाक पहर्नी हुई है जजसमें एक आस्ट्तीर्न के साथ
जहटल सोर्ने की कढाई है। ...

Chinese caption: 图片是一个精彩细节和生动的彩色绘画,特色的两个主要主题,一个长发的女人,头部左侧装饰着花
朵,穿着优雅的肩膀上衣着,有一袖上有复杂的金色刺...
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Translation by NLLB model by Meta AI, UC Berkeley, Johns Hopkins University. 

JourneyDB



BLIP3-o translation example
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English caption: A surreal 70s magazine photo of a hamburger man on stilts walking on 

the beach with rich detail and soft lighting.

Chinese caption: 一张超现实的 70 年代杂志照片，画面是一个汉堡包人在高跷上行走在
海滩上，细节丰富，光线柔和。

Dutch caption: Een surrealistische jaren 70 tijdschriftfoto van een hamburgerman op 

stelten die op het strand loopt met rijke details en zachte verlichting.

French caption: Une photo surréaliste des années 70 d'un homme hamburger sur des 

échasses marchant sur la plage avec de riches détails et un éclairage doux.

Hindi caption: एक असली 70 के दशककी पत्रत्रका की तस्ट्िीर एक हैमबिणर आदमी की समुद्र तट पर
जस्ट्टल्ट्स पर िलते हुए, समदृ्ध वििरर्और र्नरम प्रकाश के साथ।

Persian caption:  از یک مرد همبرگری روی داربست که در ساحل با جزئیات ۷۰یک عکس مجله سورئال دهه

.غنی و نور ملایم قدم می زند

Translation by NLLB and Gemini Experimental models.

BLIP3-o Instruct



NeoBabel multilingual dataset
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We increase the total size from 39M to 124M image–caption/label pairs



Training

27



NeoBabel multimodal architecture

Text Tokens: Generated via Gemma 2 tokenizer.

Image Tokens: Obtained from MAGVIT-v2, following Show-o

Architecture: Gemma 2 LLM decoder-only transformer

Training: Discrete diffusion predicts masked visual tokens.

Inference: Starts from fully masked image; tokens are iteratively unmasked. 28



Training stages
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Progressive Pretraining
Stage 1 – Pixel Dependency Learning

6M datasets: m-ImageNet 1K
Stage 2 – Scaling Alignment with Large-Scale Multilingual Data

94M datasets: m-SA-1B, m-CC12M, m-LAION-Aesthetic
Stage 3 – Refined Multilingual Pretraining

96M datasets: m-LAION-Aesthetic and m-JourneyDB

Progressive Instruction Tuning
Stage 1 – Initial Multilingual Instruction Alignment

96M datasets: m-LAION-Aesthetic, m-JourneyDB, m-BLIP3o-Instruct
Stage 2 – Instruction Refinement

96M datasets: m-LAION-Aesthetic, m-JourneyDB, m-BLIP3o-Instruct

256 x 256 resolution

512 x 512 resolution



Evaluation

30



Existing benchmarks are English-only

We introduce a comprehensive multilingual evaluation suite including:

31

• Multilingual extensions of GenEval & DPG to 6 languages.

• Two new metrics for evaluation:

• Cross-Lingual Consistency: Do translated prompts generate similar images?

• Code-Switching Similarity: Can the model understand mixed-language prompts?



From GenEval

Six object-focused tasks to evaluate compositional image properties 

For each short prompt (~100 per task), paired with objects and color:
• Modern object detectors verify object presence, count, and position. 

• Discriminative models assess fine-grained properties such as color.

• Final-score = verify whether image contains all items, average per task.
32

Text-to-Image
Model

a photo of a purple 
backpack and a white 

umbrella

Dhruba Ghosh et al. NeurIPS 2023



From GenEval to m-GenEval

Six object-focused tasks to evaluate compositional image properties 

For each short prompt (~100 per task), paired with objects and color:
• Modern object detectors verify object presence, count, and position. 

• Discriminative models assess fine-grained properties such as color.

• Final-score = verify whether image contains all items, average per task and language.
33

Text-to-Image
Model

English prompt: a photo of a purple backpack and a white umbrella

Chinese prompt:一张紫色背包和白色雨伞的照片

Dutch prompt: Een foto van een paarse rugzak en een witte paraplu 

French prompt: Une photo d’un sac à dos violet et d’un parapluie 
blanc

Hindi prompt: एक बैंिर्नी बैि और एक सफेद छाते की तस्ट्िीर
Persian prompt: عکسی از یک کوله پشتی بنفش و یک چتر سفید



m-GenEval comparison

34

Janus Pro and BLIP3-o rely on multilingual LLMs but are trained on English-only data, leading to
a sharp performance drop in non-English languages.

NeoBabel maintains strong and consistent results across all tested languages.



Qualitative results for Dutch
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colors

Een foto van 
een paarse

wortel

counting

Een foto van 
vier honden

two objects

Een foto van 

een eettafel en
een beer

One object

Een foto van 
een bankje

position

Een foto van een
rugzak rechts van 

een sandwich

color attribute

Een foto van een
paars wijnglas en
een zwarte appel

BLIP3-o

35



From DPG

36

For each dense prompt (out of 1K), 4 images are generated in a grid, paired with natural-language questions. 

A VQA model answers each question; logical constraints filter valid responses. 

Final score = average of valid question scores across all selected images.

Is there a parrot? 

Is there a sky? 

Does the parrot have a wingspan? 

VQA 

Model

Yes (==1) 

No (==0)

Yes (==1)2x2 
images

mPLUG-large

English questions

Answers

Xiwei Hu et al. arXiv 3/2024

Text-to-Image
Model

A majestic parrot with 
vibrant green, red, and 

blue feathers glides 
effortlessly across the 

bright blue sky. …



From DPG to m-DPG
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For each dense prompt (out of 1K), 4 images are generated in a grid, paired with natural-language questions. 

A VQA model answers each question; logical constraints filter valid responses. 

Final score = average of valid question scores across all selected images, per language.

Is there a parrot? 

Is there a sky? 

Does the parrot have a wingspan? 

VQA 

Model

Yes (==1) 

No (==0)

Yes (==1)2x2 
images

mPLUG-large

English questions

Answers

Text-to-Image
Model

English prompt: A majestic parrot with vibrant green, red, and 
blue feathers glides effortlessly across the bright blue sky. …

Chinese prompt: 一只雄伟的鹦鹉，长着鲜艳的绿色、红色和蓝色的
羽毛，在蔚蓝的天空中轻松滑翔。…

Dutch prompt: Een majestueuze papegaai met levendige groene, 
rode en blauwe veren glijdt moeiteloos door de helderblauwe lucht. 
… 

French prompt: Un perroquet majestueux aux plumes vertes, 
rouges et bleues vibrantes plane sans effort dans le ciel bleu vif. …

Hindi prompt: एक शार्नदार तोता, जजसके पंख जीिंत हरे, लाल और र्नीले
रंि के हैं, िमकीले र्नीले आकाश में अर्नायास ही उड़ता है। …

Persian prompt:  یک طوطی باشکوه با پرهای سبز، قرمز و آبی پر
. جنب و جوش، بدون زحمت در آسمان آبی روشن سر می خورد …

Multilingual Prompts



m-DPG comparison
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Despite small parameter count, NeoBabel achieves competitive results in English 
and consistently outperforms alternatives across five non-English languages.



Effect of training stages

39

Multilingual image data quality and resolution enable fine-grained improvements, 
scale drives generalization.

m-DPGm-GenEval



Application

40



Multilingual Inpainting

41



Code-Switching

42English translations below each prompt for audience convenience, not used as input.



Open & Inclusive

43



https://neo-babel.github.io

44



Conclusion on NeoBabel

Multilingualism is a catalyst, not a trade-off.

NeoBabel is performant while being smaller and more inclusive.

NeoBabel provides: a curated dataset, a novel architecture, a progressive 
training strategy, and a rigorous evaluation framework.

We are releasing a fully open toolkit to democratize research: checkpoints, 
multilingual datasets, training scripts, multilingual evaluation suite.

45

Thank you          谢谢 Bedankt           Merci          धन्यिाद متشکرم



Part II: Seeing and Reasoning

46



Reasoning with a Chain-of-Thought

Prompt LLM by a series of intermediate natural language reasoning steps 
to address complex arithmetic, common sense and symbolic reasoning tasks

47

Jason Wei et al. NeurIPS 2022



From a single to multiple thoughts

• No need to limit Chain-of-Thought reasoning to one solution path

• Decoder provides multiple reasoning paths

• Allows selecting most consistent one, or ensembling over answers

48

Xuezhi Wang et al. ICLR 2023

Figure by Besta et al. AAAI 2024



The DeepSeek ‘aha moment’

No need to supervise the reasoning process itself

GRPO-reinforcement learning, with accuracy and format reward signal 
• Evaluate whether the final answer is correct

• Encapsulate reasoning process within <think> and </think> tags

49

Guo et al., Nature, Vol 645, 2025



Also suited for visual reasoning?

Seg-Zero: segmentation only
• Yuqi Liu et al. arXiv 3/2025

VisionReasoner: detection & segmentation
• Yuqi Liu et al. arXiv 5/2025

50
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Single-turn dialogue     / Multi-turn dialogue

Prediction Ground truth
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Single-turn dialogue     / Multi-turn dialogue

Prediction Ground truth

Reference propagation across rounds is brittle, credit assignment becomes 
ambiguous and coordinate hallucinations are hard to detect.
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Single-turn dialogue     / Multi-turn dialogue

Prediction Ground truth



RegionReasoner: Region-Grounded
Multi-Round Visual Reasoning

Wenfang Sun*, Hao Chen*,, Yingjun Du, Yefeng Zheng, and Cees G. M. Snoek



Proposal: Region-Grounded Multi-Round Reasoning
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Reward signal I: Reference citation

To make the reasoning verifiable and grounded, the trace must explicitly 
cite the referenced boxes. 

We reward correct citation and penalize hallucinated coordinates.

56



Reward signal II: Global–local consistency

To keep the reasoning coherent with both global scene context and localized 
evidence, we align reasoning with scene description and the focus

57



Instruction schema used during training

58



RegionReasoner is an auto-regressive VLM policy πθ

Initialized from Qwen2.5-VL-7B

Generates the structured text action: <scene>, <focus>, <think>, <answer>

Optimize GRPO on autoregressive likelihood of the structured action, with reward:

59



Benchmark

60



Multi-round training data construction

We extend ∼7k single-turn VisionReasoner samples into ∼10k dialogue 
samples, by decomposing multi-object instructions into sequential sub-queries

61

a lying dog and a standing dog

Round1: Find a black and white dog laying down, looking away from the camera

label1: bbox_2d=[0, 457, 374, 672], point_2d=[50, 592]

Round2: Also find the standing dog, next to bbox=[0, 457, 374, 672].

label2: bbox_2d=[368, 294, 823, 830], point_2d=[663, 536]

above inside

below overlapping

to the left of touching

to the right of             next to 



RegionDial-Bench

First curated multi-round benchmark for reference-grounded reasoning

Grouped RefCOCO(+/g) samples manually rewritten with region references

62

Round1: Who is wearing a blue shirt?

label1:

bbox_2d=[47, 107, 303, 466]

Round2: Who’s the man next to bbox=[47, 107, 303, 466]?

label2:

bbox_2d=[304, 69, 597, 495]

Image Round

RefCOCO+ multi round 715 2289

RefCOCOg multi round 1580 4115



Results

63



Multi-turn detection results

RegionReasoner detection more stable in later rounds

64

Same trend on RefCOCOg multi-turn.



Multi-turn segmentation results

RegionReasoner segmentation more stable in later rounds

65

Same trend on RefCOCO+ multi-turn.



Ablation of reward signal

Reference citation provides largest gain, consistency reward improves stability

66

80.7

78.9

74.8

71 72 73 74 75 76 77 78 79 80 81 82

Global-Local Consistency

Reference Citation
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Multi-round detection on RefCOCO+



Success & Failure
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RegionReasoner: dialogue success



RegionReasoner: dialogue success



RegionReasoner: dialogue failure



Conclusion on RegionReasoner

RegionReasoner: An RL framework for multi-round visual reasoning that 
produces interpretable, region-grounded reasoning trajectories.

Training Signals: Uses reference–citation grounding and global–local 
consistency rewards to align reasoning with cited regions and captions.

Benchmark & Results: Introduces RegionDial-Bench and shows consistent 
gains on RefCOCO+ and RefCOCOg, especially in deeper reasoning rounds.

71



Overall conclusion

World understanding needs vision, language and reasoning interplay

Obvious next step for AI is to start acting in a multi-sensory video world

72
Thank you          谢谢 Bedankt           Merci          धन्यिाद متشکرم
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