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Recent Findings Related to Visual Grounding
• High-Quality Entity Segmentation, ICCV 2023

• AIMS: All-Inclusive Multi-Level Segmentation, NeurIPS 2023

• GLaMM: Pixel Grounding Large Multimodal Model, CVPR 2024

• VideoGrounding-DINIO: Towards Open-Vocabulary Spatio-Temporal Video Grounding, CVPR 
2024

• VideoPoet: A Large Language Model for Zero-Shot Video Generation, ICML 2024

• Distilling Spectral Graph for Object Context Aware Open-Vocabulary Semantic Segmentation, 
CVPR 2025

• OmnixR: Evaluation Omni-Modality Language Models on Reasoning across Modalities, ICLR 
2025

• RMP-SAM: Towards Real-Time Multi-Purpose Segment Anything, ICLR 2025

• Sa2VA: Marrying SAM2 with LLaVA for Dense Grounded Understanding of Images and Video

• Kitten: A Knowledge-Intensive Evaluation of Image Generation on Visual Entities
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Large Multimodal Models for Visual Understanding

Do not handle regions

Incorporate external 

vision modules

Rely exclusively on 

LLMs for region 

understanding

Combined with 

specialized vision 

modules with LLMs

GLaMM: comprehensive region understanding, pixel-wise grounding, conversational capabilities, and an end-to-end training 



GLaMM: Contributions

New Task & Evaluation Protocol

Grounded Conversation Generation (GCG)

Grounding Anything Dataset (GranD)

• 7.5M unique concepts grounded in 810M 
regions with segmentation masks.

• Generated using Automatic Annotation 
Pipeline

GLaMM: Grounding LMM

Inputs: Image, Region, Text
Outputs: Text, Segmentation Masks

Refined GCG Dataset (GranD-f)

• High quality dataset for GCG task.
• Repurpose from open-source datasets & a 

small human annotated subset, for 
finetuning GLaMM
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GLaMM: Architecture
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GLaMM: Image Level Captioning / QA

ViT-H/14 CLIP

Project image features via a vision-to-language layer 

Concatenate vision features and text embeddings and feed to LLM to 

autoregressively generate the response based on the user text query
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GLaMM: Region Level Captioning

ROIAlign hierarchical features -> 14x14 feature map

Combine these features to have ROI representation

Use a special <bbox> to represent a box with ROI features
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GLaMM: Referring Expression Segmentation

Grounding image encoder is initialized with SAM encoder

For pixel-level grounding, augment the model with special  <SEG> token

Prompt “Please segment the ‘man in red’ in the given image," triggers to generate <SEG> 

L-P: transform last layer embedding of <SEG> into decoder feature space 

Pixel decoder takes respective tokens to generate masks
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GLaMM: Grounded Conversation Generation

Objective: construct image-level captions with specific phrases tied to corresponding segmentation masks 
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GLaMM: Unifies Understanding and Grounding 

Insight:  One task help the others (i.e., joint training is useful)

See VideoPoet, ICML 2024



Automatic Annotation Pipeline of GranD
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11M SAM images, 810M regions, 7.5M unique concepts, 84M referring expressions, 22M grounded short captions, 11M densely grounded captions 
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GranD: Data Engine (Level # 1)

Level # 1

Object Localization and Attributes
• Image tagging and object detection.
• Open-vocabulary detection.
• Region attribute detection.
• Depth estimation.
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GranD: Data Engine (Level # 1)

Image Tagging with 
RAM and Tag2Text

Object Detection with Co-
DETR & EVA

Open-Vocabulary Det
with POMP and OWL-ViT

Attribute Detection and 
Grounding with GRiT & 

GPT4RoI

Segmentation with SAMDepth Estimation with 
MiDAS
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GranD: Data Engine (Level # 2)

Level # 2

Relationships
• Short captions and phrase extraction.
• Grounding expression.
• Landmark detection.
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GranD: Data Engine (Level # 2)

Image Captioining 
with LLaVA

Image Captioining 
with BLIP-2

Caption Grounding 
with MDETR

Object Attributes with 
GPT4RoI

Label Assignment with 
EVA-CLIP

Landmark Categorization 
with LLaVA
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GranD: Data Engine (Level # 3)

Level # 3

Scene Graph & Dense Captioning
• Hierarchical scene graph.
• In-context learning with LLM.
• Verification pipeline.
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GranD: (Level # 3) Scene Graph

Image Tagging

Object Detection

Open-Vocabulary Detection

Attribute Detection & Grounding

Open-vocabulary Detection

Depth Estimation

Landmark

Scene-level Captioning

Caption Grounding

Object Attribute Assignment

Level-1

Level-2

Combine object attributes and labels with relationships and phrases to form a 

hierarchical scene graph, which serve as a query for LLM to generate dense image 

captions with in-context learning
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GranD: (Level # 3) Additional Context

Depth and bounding boxes are used to assign each object to specific layer 
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GranD: (Level # 3) Incorporate Scene-level Capations

Short Scene-level 

Captions
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GranD: (Level # 3) Dense Caption Grounding 

Dense Caption Grounding

• spaCy for phrase extraction.

• followed by direct comparison with 

BERT similarity for accurate matching. Mask Assignment

Three-step process

• Match with SAM annotations.
• Compare with EVA-02 detection.
• Use HQ-SAM for the rest.

Enhance fidelity of dense captions using chain-of-thought prompting

Produce a checklist of objects derived from the dense caption expected to be present in image
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GranD: Data Engine (Level # 4)

Level # 4

Extra Contextual Insights
• Landmark details.
• History and background.
• Precautionary measures.

By prompting Vicuna with in-context examples 
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GranD: Example
provide multiple semantic labels and attributes for detected objects, along 

with the grounded dense caption and additional context.



• Grounded dense caption: specific phrases are 
linked to corresponding  segmentation masks in 
the image.

• Bridges the gap between textual and visual 
understanding

• Fine-grained visual grounding alongside 
natural language captioning.

• Use a Human-annotated subset for 
benchmarking.
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Grounded Conversation Generation
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GranD-f Dataset Construction

Contains 214K image-grounded text pairs with 2.5K validation and 5K test samples

1). annotated subset. and 2). derived from open-source datasets (OpenPSG, RefCOCOg, Flickr-30K) using GPT4 with in-context learning
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GranD-f Dataset Construction (Cont.)
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GranD & GranD-f: Dataset Explorer

https://grounding-anything.com/

https://grounding-anything.com/
https://grounding-anything.com/
https://grounding-anything.com/
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Training

• Use Vicuna LLM 7B model

• Region encoder is similar to GPT4RoI, and grounding image/pixel encoders are similar to 
LISA

• V-L and L-P layers are 2-leary MLPs

• Training loss

Text: auto-regressive cross-entropy loss

Segmentation: per-pixel binary cross entropy loss and DICE loss
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GCG Benchmark

• Evaluation Metrics
• METEOR, CIDEr for captioning
• AP50, mIoU for phrase-to-mask 
• Mask Recall for region-specific grounding
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Training

• Use Vicuna LLM with 7B parameters

• V-L and L-P layers implemented with 2 layer MLP and GELU activation as in LLaVA

• Training losses:

Auto-regressive cross-entropy for text generation

binary cross-entropy loss and  DICE for segmentation

• Pretraining on GranD and finetuning on downstream tasks
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Qualitative Results



The model outputs

• “Sure, it is <SEG>”

• <SEG> token is decoded to 
obtain mask.
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Referring Expression Segmentation
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Referring Expression Segmentation



• Given image and Region bbox.

• Model generates region-level caption.

• Region is encoded via GLaMM region encoder.

31

Region Level Captioning
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Region Level Captioning
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Emerging 

Properties Of 

GLaMM

Although, not trained on 

multi-turn grounding data, 

GLaMM can still engage in 

Multimodal Multi-turn 

conversation.



Sa2VA: Marrying SAM2 with LLaVA for Dense 
Grounded Understanding of Images and Videos

Please segment the person walking on the street.

Sure, it is [SEG].



Motivation

Video Caption by PLLaVA

The video depicts a woman walking down a street at night. She 

is wearing a black leather jacket and sunglasses, and she is 

carrying a black purse. The street is wet, suggesting that it has 

recently rained. There are other people in the background, but 

they are not the focus of the video. The woman appears to be the 

main character, and she is walking with purpose. The overall 

atmosphere of the video is dark and moody

However, not capable of video object segmentation

PLLaVA : Parameter-free LLaVA Extension from Images to Videos for Video Dense Captioning.

Existing models are mainly designed for specific tasks (image chat, referring segmentation) or limited 

to a single modality (image or video), our work aims to bridge that gap.



Motivation

Image Referring Segmentation by OMG-LLaVA

However, conversational performance drop 

drastically and cannot handle videos

OMG-LLaVA: Bridging Image-level, Object-level, Pixel-level Reasoning and Understanding.

Existing models are mainly designed for specific tasks (image chat, referring segmentation) or limited 

to a single modality (image or video), our work aims to bridge that gap.



Sa2VA - Motivation

Goal: build a unified model for dense, grounded understanding across both images and videos.

See also VideoPoet, ICML 2024 



Sa2VA – Task Unification 

Referring Image / Video 

Segmentation:
• - Input: Image / Video, Text

• - Output: Text, Masks

Image / Video Chat

• - Input: Image / Video, Text

• - Output: Text

Visual Prompt Understanding

• - Input: Image / Video, Text, Visual Prompt

• - Output: Text, Masks

Unify different tasks into a visual, textual, and mask modalities into a shared token space, allowing 

the language model to generate multi-modal tokens for various tasks.



Sa2VA - Framework

Adopt a decoupled design and use [SEG] token to bridge SAM2 and the MLLM.

Tuning SAM2 decoder via a special [SEG] token as new prompt

Exploit LLM for multimodal reasoning and SAM2 for segmentation



Sa2VA - Method

Video Segmentation



Sa2VA - Method

Image Q&A 



Sa2VA - Method

Data Engine

Introduce Ref-SAV, a large-scale 

dataset with over 72,000 

automatically labeled object 

expressions in complex videos. 

Manually validate 2,000 samples 

for robust benchmarking.

Cropped Object

Intern-VL2

76B

Caption 1

Qwen2

72B

If {Inconsistent} or

{Unrecognizable}

Drop

Object-level expression annotation

Object-level

description

Scene-level expression annotation

Scene-level

description

Video-level expression annotation

8 frames

Final expression: The object is a black goat wearing a blue … (Object-level) It 

is moving around in a natural outdoor environment … (Scene-level) Throughout 

the video, the goat can be seen walking across … (Video-level).

Masked Object

Caption 2
Object-level

descriptionElse

Intern-VL2

76B

Scene-level

description
Intern-VL2

76B

Video-level

description



Sa2VA: Training and Testing 

One for all co-training

VQA: text regression 

Segmentation: pixel-wise cross-entropy loss and DICE loos

Supervised one-shot fine-tuning

One for all testing

Encode text prompts, visual prompts, image/video features into tokens for LLM

Output tokens of LLM are decoded text responses and segmentation masks



Image/Video Referring Segmentation



Ref-SAV

Benchmark Results on Ref-SAV

Sa2VA-8b (Ours) trained on Ref-SAV



Sa2VA - Experiments

Scalability of Sa2VA

Considering that Ref-SAV is designed for referring video segmentation, these improvements 
demonstrate great potential of further data scaling.



Sa2VA - Experiments

Co-Training Effect



Sa2VA - Visualization

Please segment the girl wearing the yellow dress. Sure, it is [SEG].



Please segment the main character. Sure, it is [SEG].

Sa2VA - Visualization



Sa2VA - Visualization

What is the atmosphere of the scene? The scene has a dark and mysterious 

atmosphere, with the men dressed in suits 

and ties, and the dimly lit room.



Sa2VA - Visualization

Can you describe what this man holding 

the cat is doing and how he feels?

The man in the image is holding a cat in his arms 
while sitting in a chair. He appears to be looking at 
the cat with a smile on his face, suggesting that he is 
enjoying the company of the cat and feeling happy.



Sa2VA - Visualization

Can you describe what this man holding 

the cat is doing and how he feels?

… It is possible that he is feeling overwhelmed, 
anxious, or even angry. Overall, the image conveys a 
sense of tension and unease, as the man struggles 
to cope with his emotions while holding the cat.



Sa2VA - Visualization

The object is a silver Honda Jazz car, parked on a paved area with its 

rear door open. It bears the license plate "AD 1632 TP" and features 

the Honda logo on the back, red taillights, and a rear windshield wiper. 

A person in a white shirt and black pants approaches the car from the 

right, interacting with it, possibly preparing to enter or exit. The 

person's actions suggest checking the car or getting ready to drive it. 

The car remains stationary throughout, ready for use.

The object is a person standing near a clothing stall in a shopping mall corridor. 

They are wearing a light-colored hoodie, khaki pants, and black shoes, with dark 

hair tied back. The individual is positioned close to a stall displaying various 

garments on racks and shelves. Throughout the video, they browse or stand still, 

occasionally shifting position while looking at the clothes. The person in the light-

colored hoodie remains relatively stationary, primarily focused on the clothing stall.
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Motivation

• Open-Vocabulary Semantic Segmentation (OVSS)
• Achieving adaptability across diverse domains by segmenting unseen user 

given arbitrary classes

• Advantages of Training-Free OVSS
• Generalization

• Real-World applicability

OVSS 
Model

Input Image Result

“Space Needle”

“Sky”

“Building”



Existing OVSS Methods

• Rely on patch-level similarity without exploiting global structure

• Lack object-level context

Truck Horse Cow Sheep

Input Image NACLIP ProxyCLIP Ours Ground Truth

• Cargo area and wheels 
should be grouped as a 
truck.

• Components of a sheep 
should be unified under 
the correct user-given 
object class.



Overview

• Object-Level Context Aware training-free OVSS, CASS
1. Spectral Object-Level Context Distillation

2. Object Presence-Driven Object-Level Context

1. transfer dense 
object-level semantics 
from VFM into CLIP for 
more coherent and 
compact segmentation 

2. prevent different parts 
of the same object from 
being assigned to 
semantically similar but 
incorrect categories



Preliminaries

• CLIP Visual Encoder: ℱCLIP
𝑣

• Modify the last block of CLIP visual encoder to make it suitable for dense prediction

𝑍∗ = Concat 𝑀CLIP
1 𝑉CLIP

1 , … ,𝑀CLIP
ℎ 𝑉CLIP

ℎ 𝑊𝑂

ViT Block 

( x L-1)

Layer Norm

Projection

𝑍

𝑍∗

𝐹CLIP

CLIP Text 

Encoder

𝑡CLIP
𝑖

𝑖=1

𝐶

Multi-Head

Self Attention

𝑀CLIP
𝑖 = softmax ൗ𝐴CLIP

𝑖 𝐷ℎ

𝐴CLIP
𝑖 = 𝐾CLIP

𝑖 𝐾CLIP
𝑖⊤ , ∀𝑖 ∈ {1, … , ℎ}

መ𝒮

“The thinker”,
“rock”

Interpolation

Inner Product

argmax



Method

• Spectral Object-Level Context Distillation

• Since CLIP neglects object-level context, distill VFM (DINO) into CLIP to enable object-level 
contextual understanding.

In
p
u

t 
Im

a
g
e

𝐴
C
L
IP

CLIP's attention performs 
poorly in highlighting objects.



Method

• Spectral Object-Level Context Distillation

• Since CLIP neglects object-level context, distill VFM (DINO) into CLIP to facilitate 
object-level contextual understanding.

• First transform VFM attention graph’s patch-level representation into object-level 
representation.

• Then distill VFM attention’s object-level representation into CLIP’s attention graph, 
enhancing intra-object consistency.



Method

• Spectral Object-Level Context Distillation

• Since CLIP neglects object-level context, we distill VFM (DINO) into CLIP, enabling a 
deeper object-level contextual understanding.

• We first transform VFM attention graph’s patch-level representation into object-level 
representation.

• Then distill VFM attention’s object-level representation into CLIP’s attention graph, 
enhancing intra-object consistency.

Q: How to account for the multi-head attention 
mechanisms in both VFM (DINO) and CLIP?



Method

• Different attention heads focus on distinct parts of an image

• Complementary Spectral Graph Matching
• Propose matching attention graphs with contrasting structures, enabling VFM to 

supplement object-level contextual knowledge that CLIP alone struggles to capture.



Method

• Spectral Object-Level Context Distillation

• Complementary Spectral Graph Matching

1) Eigenvalue as key structure signature
• To analyze the unique structural features of each attention graph, perform 

eigendecomposition on the graph for each attention head.



Method

• Spectral Object-Level Context Distillation

• Complementary Spectral Graph Matching

2) Graph Matching via Spectral Distribution 
• Construct a cost matrix that quantifies structural differences between VFM and 

CLIP attention graphs using Wassertein distance (based on eigenvalues)



Method

• Spectral Object-Level Context Distillation

• Complementary Spectral Graph Matching

2) Graph Matching via Spectral Distribution 
• Use this cost matrix, match graph heads (using Hungarian algorithm) to 

enable complementary knowledge transfer for object-level context.



Method

• Spectral Object-Level Context Distillation

• Complementary Spectral Graph Matching

2) Graph Matching via Spectral Distribution 
• Use this cost matrix, we match graph heads to enable complementary 

knowledge transfer for object-level context.



Method

• Transform VFM patch-level to object-level representations

• Distilling VFM Spectral Graph to CLIP

1) Low-Rank Dynamic Eigenscaling
• Perform low-rank approximation to caputre essential object-level contextual 

features while discarding noise and irrelevant details.



Method

• Spectral Object-Level Context Distillation

• Distilling VFM Spectral Graph to CLIP

1) Low-Rank Dynamic Eigenscaling
• Perform energy-based a low-rank approximation, capturing essential object-

level contextual features while discarding noise and irrelevant details.



Method

• Spectral Object-Level Context Distillation

• Distilling VFM Spectral Graph to CLIP

1) Low-Rank Dynamic Eigenscaling
• Refine low-rank components using a dynamic scaling function 𝜙, amplifying 

significant eigenvalues and suppressing smaller ones to emphasize key structural 
information.



Method

• Spectral Object-Level Context Distillation

• Distilling VFM Spectral Graph to CLIP

2) VFM Graph Distillation
• Aggregate VFM and CLIP attention structures using spectral (Wasserstein) distance



Method

• Spectral Object-Level Context Distillation

• Distilling VFM Spectral Graph to CLIP

2) VFM Graph Distillation
• Aggregate VFM and CLIP attention structures using spectral distance.



Method

• Object Presence-Driven Object-Level Context

• Due to nature of OVSS, users provide arbitrary text prompts
• Parts of the same objects may be assigned to different closely related categories

• Further enhance object-level context using zero-shot object classification capability (i.e., 
object presence prior) of CLIP

• Object presence prior: 𝑃(𝑖) = {𝑡CLIP
𝑖 }𝑖=1

𝐶 𝑣CLIP

• Object-Guided Text Embedding Adjustment

• Object Perspective Patch-Text Similarity



Method

• Object Presence-Driven Object-Level Context

• Object-Guided Text Embedding Adjustment

① Grouping semantically adjacent classes: 
Hierarchical clustering of CLIP text 
embedding’s semantics.

② Identifying objects that is likely to be 
present in the image: Choose classes that 
is most likely to be presented in the image 
using Object presence prior.

③ Adjust text embeddings towards object-
specific image vectors



Method

• Object Presence-Driven Object-Level Context

• Object Perspective Patch-Text Similarity

Integrate object-presence prior with patch-text similarity to produce segmentation map from 
an object-perspective view.

መ𝒮∗ = (1 − 𝛾) ⋅ መ𝒮 + 𝛾 ⋅ 𝑡CLIP
𝑖

𝑖=1

𝐶
𝑣CLIP



Experiments

• Experiment Setups
• Datasets

• Models
• Vision-language Model: CLIP ViT-B/16

• Vision Foundation Model: DINO ViT-B/8

Without Background With Background

Dataset
PASCAL VOC 

(V21)
PASCAL Context 

(PC60)
COCO-Object 

(C-Obj)

PASCAL VOC 
(V20)

PASCAL Context 
(PC59)

COCO-Stuff 
(C-Stf)

Cityscapes 
(City)

ADE20K 
(ADE)

Number of 
Classes

21 60 81 20 59 171 19 150

Radford, Alec, et al. "Learning transferable visual models from natural language supervision." ICML 2021.
Caron, Mathilde, et al. "Emerging properties in self-supervised vision transformers." ICCV 2021.



Experiments

• Quantitative Evaluation: mIoU



Qualitative Evaluation



Ablations

• Different CLIP Backbones



Ablations

• Different VFM (DINO) Backbones



Ablations

• Distance Metric for Graph Matching



Ablations

• Graph Matching Strategy



Ablations

• Number of Eigenvalues for Low-Rank Components



Experiments

• Real-World Application
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