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Overcoming Challenges in Al Application for Industry

v' Data preparation, including cleansing and labeling, is critical, accounting for 80% of the

machine learning workflow.
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I Limitations of Open-Source Data: Class Imbalance

Imbalanced Classification
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https://bair.berkeley.edu/blog/2019/05/13/oltr/



I Limitations of Open-Source Data: Domain Adaptation

v' Employing synthetic datasets to circumvent dataset constraints. However, existing models
still exhibit overfitting to synthetic datasets, degrading real-world performance.

WHAT ABOUT
THLS ONE?

WHAT 1S THIS THEN WHAT 138

THLS ONE

https://bair.berkeley.edu/blog/2020/06/14/ocda/



I Limitations of Open-Source Data: Domain Adaptation

v' Employing synthetic datasets to circumvent dataset constraints. However, existing models
still exhibit overfitting to synthetic datasets, degrading real-world performance.

Source Image Target Image

Segmentation
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Source Label Target Label

https://www.unite.ai/synthetic-data-sail-vos-gta-v/



Al Report (CVPR 2023)
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I OpenAl DevDay

v' Highlight the importance of building a technical moat for business expansion.

— -
https://www.youtube.com/watch?app=desktop&v=U9mJuUkhUzk



I Understanding Data Labeling in Al

v' Data labeling involves assigning descriptive tags to raw data, such as images.
v Collecting dense (pixel-wise) annotations demands extensive domain expertise, especially in
specialized fields like medicine.

Image Classification Object Detection Semantic Segmentation

Person

Table
Cat

Bottle

Labeling time: 20s Labeling time: 239.7s




I Innovations at OGQ: Vision Al

v' Development of an automated labeling system utilizing image-level tags.
v" Our technology produces highly dense annotations within 2 seconds per image (x123).

Human (247 seconds per image) MARS (2 seconds per image)
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Innovations at OGQ: Vision Al

v' Development of an automated labeling system utilizing image-level tags.

v" Our technology produces highly dense annotations within 2 seconds per image (x123).
MARS




Innovations at OGQ: Vision Al

v" Robust performance across diverse weather conditions, validated by our real-world data.
v' Achievement of KISA CCTV Al certification in Korea for collapse and fire detection.
Night Rain




Innovations at OGQ: Vision Al

v' Class Activation Map (CAM) highlights the most discriminative part of an object.
v" Therefore, we aim to enlarge semantic pixels to replace ground truths with model outputs.

Image Ground Truth Class Activation Maps
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[1] Zhou et al., Learning Deep Features for Discriminative Localization (CVPR 2016)



I OGQ Vision Al / Puzzle-CAM (ICIP 2021, Citations: 74)

v' Step 1: Tilling an image to image patches to divide into the attention.
v' Step 2: Merging the feature maps from the network to produce the reconstructed features.
v' Step 3: Matching partial and complete features with reconstructing regularization.
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https://ieeexplore.ieee.org/abstract/document/9506058/



I OGQ Vision Al/ MARS (ICCV 2023, Citations: 3)

v' Addressing the critical issue of False Positive (FP) in weakly supervised learning.
v' 35% of classes in the VOC dataset are related to biased objects.

Ground Truth WSSS 1. Non-problematic classes (65%)
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T 2. Problematic classes (35%) related to biased objects
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FP/FN Analysis Examples of [l and [T7171] classes Analysis of Biased Problem in PASCAL VOC

https://openaccess.thecvf.com/content/ICCV2023/html/Jo_MARS_Model-agnostic_Biased_Object_Removal_without_Additional_Supervision_for_Weakly-Supervised_ICCV_2023_paper.html



I OGQ Vision Al / MARS (ICCV 2023, Citations: 3)

v" Fully automatic elimination of biased objects without extra supervision or datasets.

.............................................................
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Figure 4. Conceptual comparison of three WSSS requirements. (a): Using the CLIP’s knowledge trained on image-text pairs dataset
alleviates the biased problem by finding problematic classes and identifying biased objects. (b): Human annotators manually collect

problematic images from the Open Images dataset [

] to train biased objects directly. (c¢): The proposed MARS first applies an existing

USS approach to remove biased objects without additional supervision, achieving the fully-automatic biased removal.

https://openaccess.thecvf.com/content/ICCV2023/html/Jo_MARS_Model-agnostic_Biased_Object_Removal_without_Additional_Supervision_for_Weakly-Supervised_ICCV_2023_paper.html



I OGQ Vision Al / MARS (ICCV 2023, Citations: 3)

v" Superior performance of our MARS (OGQ) in conventional benchmarks

Method Backbone Sup. voc Coco
val test val
DSRG cvrr'18 [16] R101 Z+S 61.4 63.2 26.0%*
W-00D cvpr22 [29] R101 I+D 69.8 69.9 -
L2G cvpr22 [19] R101 Z+S 72.1 71.7 44.2
RCA cvrr22 [58] R101 Z+S 722 728 36.8%
PPC cvrr22 [12] R101 Z+S 72.6  73.6 -
SSDD 1ccv19 [43] R101 A 64.9 65.5 -
OAA 1ccv19 [ 18] R101 A 63.9 65.6 -
CONTA [50] R101 Z 66.1 66.7 32.8
AdvCAM cvprr21 [28] R101 A 68.1 68.0 -
RIB NeurIPs'21 [ ] R101 A 68.3 68.6 43.8
AMN cvpr22 [30] R101 A 69.5 69.6 44.7
SANCE cvpr'22 [32] R101 T 709 722 44,7+
RS+EPM Arxivi22 [21] R101 Z 744  73.6 46.4
MARS (Ours) R101 T 717 772 49.4
FSSS R101 F 80.6 81.0 61.8

https://openaccess.thecvf.com/content/ICCV2023/html/Jo_MARS_Model-agnostic_Biased_Object_Removal_without_Additional_Supervision_for_Weakly-Supervised_ICCV_2023_paper.html



I OGQ Vision Al / MARS (ICCV 2023, Citations: 3)

v" Our MARS automatically removes all biased objects in model predictions.

Image 7 RS+EPM MARS (Ours) Ie | RS+EPM MARS (Ours)

https://openaccess.thecvf.com/content/ICCV2023/html/Jo_MARS_Model-agnostic_Biased_Object_Removal_without_Additional_Supervision_for_Weakly-Supervised_ICCV_2023_paper.html



I OGQ Vision Al / MARS (ICCV 2023, Citations: 3)

v" Our paper is accepted to ICCV 2023 (2,162 accepted papers / 8,068 submitted papers)

Segmentation MARS: Model-agnostic Biased Object Removal without Additional
wed"eséay 9 . ’ Supervision for Weakly-Supervised Semantic Segmentation
4th 10:30/grouping and

Top publications AM-12:30 PM Sanghyun Jo, In-Jae Yu, Kyungsu Kim
shape analysls Paper ID:10811 - Location: Room "Nord" - 041

Google Scholar

»

Categories > Engineering & Computer Science > Computer Vision & Pattern Recognition ~

Publication h5-index  hS-median
1 IEEE/CVF Conference on Computer Vision and Pattern Recognition 422 681
2 Eurcpean Conference on Computer Vision 238 390
I 3 IEEE/CVF International Conference on Computer Vision 228 366 I
4 IEEE Transactions on Pattern Analysis and Machine Intelligence 179 318 Superviso
5 IEEE Transactions on Image Processing 138 199 _denn,m u(m\;‘r:';::::::‘:mi» pe
6 Pattern Recognition il 160 \‘: W “‘MJ::““““':"P(":A '\:m
7 IEEE:‘CVF Computer Seciety Conference on Computer Vision and Pattern Recognition Workshops 108 175 :
(CVPRW)
8 Medical Image Analysis 103 171
9 IEEE/CVF Winter Conference on Applications of Computer Vision (WACV) 95 150
10 International Journal of Computer Vision 88 165
1 Pattern Recognition Letters 80 138
12 British Machine Vision Conference (BMVC) I 128
13 IEEE/CVF International Conference on Computer Vision Workshops (ICCVW) 66 102
14 IEEE Conf on Image P g (ICIP) 61 90
15, Asian Conference on Computer Vision (ACCV) 60 92
16. jonal C on Pattern R iti 56 84
7. Journal of Visual C ication and Image Repr i 51 73
18. Computer Vision and Image Understanding 49 94
19, International Conference on 3D Vision (30V) 47 83
20 IEEE International Conference on Automatic Face & Gesture Recognition 47 79

https://openaccess.thecvf.com/content/ICCV2023/html/Jo_MARS_Model-agnostic_Biased_Object_Removal_without_Additional_Supervision_for_Weakly-Supervised_ICCV_2023_paper.html



I Generative Al at OGQ (Image)

/ Generative Models \ / Computer Vision \
: o

i e e
C— Image Classification

,7 ] \"y"'—m,y
Text-to-Image / \Semantic Segmentation Pose Estimation /

https://generative-vision.github.io/workshop-CVPR-23/




I Generative Al at OGQ (Image)

For T timesteps

Diffusion
Model

Forward SDE (data — noise)
dx = f(x,t)dt + g(t)dw
. ? ‘_: g 1 : g .“' 2y NG PR 2B
scbre funéiior{ -
= [86%,) - #(0fF og () dt + sy @

i —
https://theaisummer.com/diffusion-models/ Reverse SDE (n0|se data)



I Generative Al at OGQ (Image)

v' Qualitative analysis showcasing OGQ’s edge over competitors and public models.

Caption St. fusi Kandinsky 2.1 (2023.04) SDXL (2023.07) Wiirstchen v2 (2023.09) OpenAl (2023.09) ShutterStock (2023.09) Midjourney (2023.11) 0GQ Al (2023.12)
7 Q A

' A cartoon of a cat
+ catching a mouse. &

Ecolorful powder on a blucki
: background.




I Generative Al at OGQ (Image)

v' Breakthroughs in copyright object removal using text-driven inpainting models.

remove the red car at the left of the tall ladder remove the colorful train at the right remove the boat at the right of the small boat



Generative Al at OGQ (Image)

v' Integration of OGQ’s labeling technology with leading conditional diffusion models.

|

in a street on a rainy night. and the man is wearing a blue suit.
DenseDiffusion NAVER CLOVA StableDiffusion

An oil painting of a cute hamster holding and a red rose.

https://github.com/naver-ai/DenseDiffusion



Generative Al at OGQ (Image)

v" Support for OGQ creators in generating diverse content variants with OGQ Al models.
Scribble

= e e e RS

https://github.com/SHI-Labs/Prompt-Free-Diffusion




Generative Al at OGQ (Image)

v Stability Al releases Stable Video Diffusion (SVD), achieving state-of-the-art performance.

SVD-XT (25 frames) vs Competition

Compared as of 15th Nov, 2023,

Method LPIPS| PSNRT CLIP-S

SyncDreamer [55] 0.18 15.29  0.88
Zerol23 [54] 0.18 14.87 0.87
§ Zerol23XL [13] 0.20 1451 0.87
Scratch-MV 0.22 1420 0.76
SD2.1-MV [68] 0.18 15.06 0.83
SVD-MV (ours) 0.14 16.83 0.89




Generative Al at OGQ (Text)

= ~
7 F T5 «2 GShard
— 2019 — 2020 /\ 2021 3 mT5 sré PanGu-¢
1-4 62 PLUG

Publicly Available

00
00 i
@ Ernie 3.0

A1 Jurassic-1

labs

GPT-3 @/ B
Codex @— 5-8

N G FLAN

Ernie 3.0 Titan ¢9%  InstructGPT @ 2022

Gopher@ CodeGen \7 urz

.. PaLM
cm (5 ~ MFNLG [ e 5 \ G
YaLM
GPT-NeoX-208 [} / 0 -

Tk-Instruct Aj2

3AAlI CPM-2

G LaMDA

inspur Yuan 1.0
b AlphaCode

@ Chinchilla

} CodeGeeX

Sparrow S
Q p @ Pythia
e
G Flan-T5 i
Vicuna
-~
C) Flan-PaLM g’é PanGu-X

)X‘ Luminous

mTo O & 7-10 0Q NLLB
AlexaTM @ s / e
N 2
BLOOMZ 112
Galatica o /\
ChatGPT

OPT-IML ()

HUAWEI

3 Bard



Generative Al at OGQ (Text)

v' ChatGPT (i.e., GPT-4) significantly outperforms Reasoning, Math, and Coding
performance versus open-source models.
Writing
: model
Humanities N Roleplay — GPT-4
Claude-v1

GPT-3.5-turbo
Vicuna-33B
Llama-2-70b-chat
STEM = Reasonin 9. i
0 246 8 10 g Llama-2-13b-chat
Llama-2-7b-chat

-

Extraction | - Math

Coding



Generative Al at OGQ (Text)

v" Closing the performance gap between GPT-4 and open-source models (e.g., ToRA).

GPT-4-Code ChatGPT-Code s Base mmm WizardMath
—— GPT4 ~—— ChatGPT mmm SFT mmm ToRA
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Figure 1: Comparing ToRA with baselines on LLaMA-2 base models from 7B to 70B.




Generative Al at OGQ (Text)

@  User . Language Response X

Language Model fgb

Vision E i
ision Encoder X, Image Xq Language Instruction

Figure 1: LLaVA network architecture.

@ User
@B Do you know who drew this painting?

LLaVA

'a' The painting depicts a dog in a humorous situation, where it appears to be wearing a woman's dress and standing in front of a landscape. Although
the artist of the painting is not explicitly identified, it could be a reference to the famous artist Da Vinci, known for his artistic works, including the Mona
Lisa. The painting is likely a creative and comical take on the traditional portrait style, replacing a human figure with a dog dressed in a woman's
clothing, making it an interesting and amusing visual piece.



I Generative Al at OGQ (Text)

User

User
What are the meals that | can cook with these?

LLaVA
With the variety of food items stored in the refrigerator, you can prepare several meals. For example, you can create a fruit salad using the

strawberries, blueberries, and carrots. Additionally, you can make a delicious smoothie using the fruits and vegetables, which would be a healthy
and nutritious snack or breakfast option. The milk and eggs can be used to create various dishes, such as a milk-based smoothie, a baked
casserole, or scrambled eggs. The juice can also be used to make a fresh fruit and juice mix or as a refreshing homemade popsicle. The
possibilities are vast, and the meals you can create will depend on your preferences and dietary needs.



I Generative Al at OGQ (Text)

User
| would like to do the fruit salad. Show me the recipe.

LLaVA
Certainly! Here's a simple fruit salad recipe using the items in your refrigerator:

Ingredients:

- 2 cups fresh strawberries, sliced

- 1 cup fresh blueberries

- 1 large carrot, grated

- Juice of half a lemon

- A'handful of chopped fresh parsley or mint

- Afew ice cubes

- Optional: honey or maple syrup (adjust to taste)

Instructions:

1. In a large bowl, combine the sliced strawberries, blueberries, and carrot. Gently toss them together to mix.

2. Drizzle the juice of half a lemon over the fruit and vegetables to prevent them from oxidizing and add a refreshing citrus flavor.

3. Sprinkle the chopped fresh parsley or mint over the fruit and gently toss once more.

4. If desired, add a drizzle of honey or maple syrup for a touch of sweetness. Adjust the amount according to your taste preferences.

5. Cover the bowl and refrigerate the fruit salad for at least 30 minutes or up to a few hours. This allows the flavors to meld and creates a more
refreshing salad.

6. Serve the fruit salad in cups or bowls, garnished with a sprinkle of fresh parsley or mint, if desired.

This fruit salad recipe is perfect for a healthy snack or side dish, and with the variety of ingredients available in your refrigerator, it should be easy to
put together quickly.



I Future Trajectory at OGQ: Unimodal Al

(. ;
1) Cross-Modal Retrieval
Audio Images & Videos Depth Text

' . “A fire crackles while a pan of food is frying on
‘ ))) ¢ the fire.”
) Lace) “Fire is crackling then wind starts blowing.”
Crackle of a Fire “Firewood crackles then music...”

A —
I i

“A baby is crying while a toddler is laughing.”
“A baby is laughing while an adult is laughing.”
“A baby laughs and something...”

<

Baby Cooing
-

Figure 1. IMAGEBIND’s joint embedding space enables novel multimodal capabilities. By aligning six modalities” embedding into a
common space, IMAGEBIND enables: 1) Cross-Modal Retrieval, which shows emergent alignment of modalities such as audio, depth or
text, that aren’t observed together. 2) Adding embeddings from different modalities naturally composes their semantics. And 3) Audio-to-
Image generation, by using our audio embeddings with a pre-trained DALLE-2 [61] decoder designed to work with CLIP text embeddings.



Future Trajectory at OGQ: Unimodal Al
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I Future Trajectory at OGQ: Unimodal Al

Objects and Attributes

1 dog, pub dog, a brown and white dog
2 dog collar, black color, chain collar

3 bell, cowbell
4 steps, stairs, the steps of a building
5 sack, a large white bag with black writing

Relationships and Landmarks
A dog sitting on the steps

A large brown dog wearing a chain collar
Cowbell attached to dog collar
Landmarks: Outdoor - Urban Landscape

Extra Context

Objects
i
Groups

|
. 4

Relations

Relations

I.am;mark

Scene Graph
pubdog 1 dogcollar 2 cowbell 3 steps 4 sack 5
Foreground Midground Background
pubdog 1  dogcollar 2 cowbell 3 steps 4 sack 5

A dog 1 sitting on the steps 4 Cowbell 3 attached to dog collar 2
A large brown dog 1 with a chain collar 2

A brown and white dog sitting on the steps.
A large brown dog with a chain collar is sitting on the steps of a building.

Outdoor Scene Urban Landscape

Dense Grounded Caption

A large brown dog is sitting on the steps of a building. It
is wearing a black chain dog collar. The collar has a
cowbell attached to it. There is a bag in the background
with black writings on it.

Dogs, especially pugs and bulldogs, have been a part of human families for thousands of years, serving as loyal companions. They have been bred for specific traits,
making them popular pets. Dogs have been trained for various tasks, including assisting people with disabilities and serving as search and rescue animals. Dog collars,
often bearing identification tags, are essential for keeping pets safe and ensuring they can be returned home if lost. Cowbells, once used to signal the arrival of a cow,
have been repurposed as dog collars, providing a distinct sound to help locate a dog if it wanders off. In outdoor urban landscape, dogs are often found sitting on

steps, as they may choose to rest in spots that offer a good view of their surroundings.

Level-1

Object locatlization and attributes
* Image Tagging and Object Detection
* Open Vocabulary Detection

* Region Attribute Detection

Level-2

Relationships
= Short Captions and Phrase extraction

* Grounding expression
* Landmarks

Level-3

Scene Graph & Dense Captioning
* Hierarchical Scene Graph
* In-contex Learning with LLM

= Verification Pipeline

Level-4

Extra Contextual Insights
* Lanmark Details
* History and Background
* Precautionary Measures
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shjo.april@oggcorp.com

ICCVZ5 MARS Puzzle-CAM
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