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Closed-Set vs. Open-Set



Closed-Set vs. Open-Set

Text를 Image의특정영역과정확하게연결하는게핵심

Closed-Set Object Detection

미리정의된또는고정된카테고리목록에대해서만물체탐지수행.

학습데이터에존재하지않았던새로운카테고리의물체는탐지불가능.

Open-Set Object Detection

사용자가 Language Input으로입력하는모든카테고리를탐지.

구체적이고새로운지시어수용



기존연구들의딜레마

어떻게강력한시각적특징 + 언어시각연결능력을
모두가질수있을까?



기존연구들의딜레마

Vision-Language Models (예: GLIP, VL-DETR)

대규모텍스트-이미지쌍으로학습하여언어-시각연결(Grounding) 능력우수

시각적특징추출(Visual Feature Representation) 능력이상대적으로부족. 

(ImageNet 등에서 Pre-training된모델보다성능이낮음)

Self-Supervised Models (예: DINO, DINOv2)

레이블없는데이터로학습하여매우풍부하고강력한시각적특징을학습함. (Closed-Set SOTA)

'언어'와연결되어있지않아텍스트지시어를이해하고 Grounding하는능력부재.
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The Marriage

DINO 계열

강력한시각특징학

습아키텍처 (e.g., 

DETR-like, DINO)

Closed-Set Detection 

SOTA 달성. 강력한

시각적표현력.

GLIP 계열

언어-시각연결학습

방식 (Grounded Pre-

training)

Open-Set Detection

SOTA 달성. 뛰어난
Language Grounding

능력

 Grounding DINO

Dual-Encoder, Cross-Modality Decoder 구조
텍스트와이미지를 Encoder부터 Decoder까지 Deep Fusion하여성능극대화.



Related Work

GLIP (Grounded Language-Image Pre-training)

Transformer-based Detectors (DETR Family): DETR, DAB-DETR, DN-DETR

DINO (DETR with Improved denoising)



Overall Architecture



Dual Encoder



Feature Enhancer



Language-Guided Query Selection



Language-Guided Query Selection



Language-Guided Query Selection

기존 DINO/DETR
=> Content-Agnostic

Grounding DINO
=> Content-Aware



Cross-Modality Decoder

Language-Guided Query를입력받아최종 Bounding Box 예측

DINO Decoder

Self-Attention
Cross-

Attention to
image

FFN 

(Feed-Forward
Network)

Grounding DINO Decoder

Self-Attention
Cross-

Attention to
image

Cross-
Attention to

Text

FFN 

(Feed-Forward
Network)

Decoder의각 Layer에서 Query가시각정보와언어정보를 Cross-Modal Fusion

=> 텍스트의미와시각적위치를더욱정교하게매칭



Training & Loss Functions

Text-Box pairs
대규모 data sets

Loss Functions

1. Box Loss (L1 loss + GIOU loss)
예측된 Box와정답 Box 간의위치및크기오차를줄임. 

(Regression)

2. Contrastive loss
예측된 Box의 featur가정답텍스트의 feature에는가까워지고, 
오답텍스트의 feature와는멀어지도록분류함.

3. DN loss
정답 Box에일부러노이즈를넣고모델이노이즈가없는
원래의정답 Box와텍스트를복원하도록학습.
학습안정성을높이고속도를향상



Grounding DINO vs. DINO

Input Query Encoder Decoder Output

DINO Closed-set 
detector

Image only Content-Agnostic 
Queries
학습된고정값

Single Modality
이미지특징만처리

Single Modality 
Cross-Attention
Query가이미지특징만
참조

고정된 class ID

Grounding DINO Open-set detector Image + text 
prompt

Language-Guided 
Queries
언어기반동적생성

Cross-Modality 
Fusion
이미지와텍스트를융
합하여처리

Cross-Modality 
Decoder
Query가이미지와텍스
트 feature를동시에참
조

입력된텍스트와
의유사도및 Box 
좌표



Decoder가어떻게
Text feature를
참고하는가

-> unrelated word interactions 요인
Attention Mask



Experimental Setup

Zero-Shot (Open-Set) Object Detection

학습에사용된데이터셋(O365, GoldG 등)과겹치지않는카테고리로구성된데이터셋에서성능평가
ODinW (Object Detection in the Wild)

➔Generalization

평가 Data set

COCO: 80개카테고리 (가장표준적인벤치마크)

LVIS: 1203개카테고리 (특히 Rare 카테고리성능이중요)

비교모델
GLIP, GLIPv2: 이전 Open-Set 모델
OV-DETR, DINO-5scale: 다른 Open-Set / Closed-Set 모델
Backbones: Swin-T (Tiny), Swin-B (Base), Swin-L (Large) -> 비교 모델과동일한 backbone 이용



1. Zero-Shot COCO



2. Zero-Shot LVIS



3. ODinW Benchmark



Referring Expression Comprehension 
(REC)



Ablation Study

• Encoder Fusion
• Language-Guided Query
• Text Cross-Attention
• Sub-sentence Text Prompt

Zero Shot

Fine tuning



고찰

Limitations
•High Computational Costs

•Still dependent on Data set

•Complex realation / Negation

앞으로의미래연구방향성

•모델의경량화

•Video-Grounding으로의확장

•Few shot / efficient Tuning



결론

Grounding DINO: Open-Set Object Detection을위한새로운모델을제안.

With DINO의 Closed-Set Detector와 Grounded Pre-training (Open-Set Method)의 Marriage

Key factors

• Language-Guided Query Selection (텍스트기반동적 Query 생성)

• Deep Cross-Modality Fusion (Encoder의 Feature Enhancer & Decoder의 Cross-Attention)

• Sub-sentence-level 텍스트특징활용

결과: COCO, LVIS, ODinW 등주요 Zero-Shot 벤치마크에서이전모델 GLIP을매우큰폭으로능가.

의의: Object Detection, Referring Expression Comprehension 등다양한 Grounding Task를하나의통합된모델로
해결하는 Foundation Model 제공.















https://segment-anything.com/demo
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