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Fine-grained Pixel-level Understanding with VLMs

Wentong Li
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https://cslwt.github.io/

Task Definitions

* Fine-grained Spatial Understanding can be reflected in two types of tasks:

1. Referring

Input image + text instruction + Region

Model is required to understand the referred regions and respond to the instruction.

Text prompt Fine-grained visual prompt

Question: Can you describe the pillow
that the dog is resting on in <region5>?

Question: Can you describe the
pillow that the dog is resting on in
[0,300,500,510]?

Answer: The pillow in region5 is a blue
cushion or pillow that is part of the
chair...

Answer: The pillow is a blue
cushion or pillow that is part of the
chair...




Task Definitions

* Fine-grained Spatial Understanding can be reflected in two types of tasks:
2. Grounding

Output: text response + Region

Model is required to localize the objects in image when mentioning them in response.

Text output Fine-grained visual output

Question: Who was the president of the US in
this image? Please output segmentation mask.

Question: Who was the president of the
US in this image? Please output its box.

s

Answer: The president of the US is

[600}150’800,500]_ segmentation result is

[SEG].

|
|
|
|
|
|
|
|
|
|
: Answer: Sure, the
|
|
|
|
|
|
|
|
|

SAM 3: Segment Anything With Concepts, Meta.



Fine-grained Image-level Region Understanding
Osprey

Object Category: person

Part Taxonomy: body

Attribute: color, position ...

Caption: region short / detailed

description o |
P General scene

SAM ”Segment Everything” Predictions Fine-grained Region/Pixel Understanding

@ Rich semantic information

@ Nosemanticiinformation containing different granularities

* Integrate images, target regions (masks), and textural data;
* Enable fine-grained semantic description of arbitrary regions

or objects within images;

* Strong robustness and generalization. Out-of-domain Scene

Osprey: Pixel Understanding with Visual Instruction Tuning, in CVPR 2024. 2023.9-2023.11



Fine-grained Image-level Region Understanding

Osprey Image Encoder
Answer1: A little dog sticks out its tongue and looks forward happily.L r. - ‘ VL connector
Answer2: An ear of a dog. - Visual Encoder |__, .“ =
osprey | b (ConvNeXt-L)
[ Large Language Model (Vicuna) ] Multi-level features Image token

Mask-Aware Visual Extractor
Image Encoder ?
— P o |~
v @ __.| Pooling | _, .
gt 1N —
S @ - T -

Text Tokenization & Embedding ] Multi-level

Linear
Projection

&
Add

|q>

Mask-Aware
Visual Extractor

Mask token

features . Location Extractor
<image>\n This provides an overview of the image. At
Question1: Can you give me a short description of ? (PRt & Prefseien), Spatial token
Question2: What is in <region2>? Masks P

* Support high-resolution image

- ConvNeXt (512x512@training, 800x800@inference)
* Pixel-level region feature extraction

- Mask-Aware visual extractor (multi-level)

(] Osprey  Public

[CVPR2024] The code for "Osprey: Pixel Understanding with Visual
Instruction Tuning”

@®Prython 1r826 % 43

000

Object Categories Detailed Descriptions
dog © dinner table The chair behind the dog has a brown color and appears to be
dog collar @ cookie made of wood. It has a simple design that complements the
tag cookie cushions' blue color on which the dog is resting.
chair (©) cake (3) In front of the dog and on the dining table, there are several
© cushion box decorative dog treats and cakes. One of them looks like a big
Part Attributes white bone, while others have dots on them. There is also a

@ Q: Is the inner side of the box

dotted item in front of the treats on the left side.
Q: What is the category?
A: Side of a box.
Q: What is the material?
A: Paper.

Robustness and Flexibility
© Q: Catis the category of <regionl>, right?
A: No, there is no cat in the region.
© Q:Is the category of <region2> dog?
A: No, itisn't.
Q: Where is the wood part of the chair located in ?
Answer the question using a single word or phrase.
A: Behind the dog.

Conversations and Complex Reasoning

plain in <region12>?
A: Yes.
Q: What is the color?
A: White.

Question: Can you describe the pillow that the dog is resting on in ?

Answer: The pillow in is a blue cushion or pillow that is part of the chair. It provides a comfortable resting place for the dog. The cushion is
visible in the bottom part of the image and supports the dog's brown paws as it rests on the chair.

Question: What can you tell me about the items on the cake in <region7>, yion8> and <region9>?

Answer: In all regions, there are treats or cakes displayed. In <region9>, there is a plated item with dots or a pattern on it, placed above a big white bone. It
seems to be a celebratory arrangement of doggy treats and cakes. Meanwhile, in <region7> and <region#>, there are two small dog treats or bones sitting

on a plate. These treats may be specially made for dogs with some writing or decoration on them.

Question: Can you provide any more details about the dog and its surroundings based on the descriptions?

Answer: The dog in the image is black and brown and is sitting on a blue chair cushion, as seen in . The dog is surrounded by celebratory doggy
treats and cakes, as mentioned in <region7> and <region8>, The presence of the treats and the dog's position on the chair suggests a special occasion or
celebration. The overall theme of the image seems to be centered around the dog and its enjoyment of the treats and cakes.

* 720K region-text pairs.

* Six types of object region-text data.

Open-source: https://huggingface.co/sunshine-lwt

s sunshine-1lwt/Osprey-Chat-7b

ted Mar 25 v, 927

=

le en on « Uj

JL|

Osprey: Pixel Understanding with Visual Instruction Tuning, in CVPR 2024.


https://huggingface.co/sunshine-lwt
https://huggingface.co/sunshine-lwt
https://huggingface.co/sunshine-lwt

Fine-grained Image-level Region Understanding

Online Demo

Description(Osprey)

red light on top of police car.

point-prompt box-prompt

Generate segmentation and description

T Clear Image

& Segmentation

Description(Osprey)
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Video Visualization



Fine-grained Region Understanding for Spatial Cognition

e Spatial RGPT

Accurate Spatial Understanding &
Reasoning on Objects in Image.

* Relative Relation
e Metric Measurement

* Spatial Reasoning

How wide is Region [1]?

The width of Region [1] is 7.73 feet.

@ Relative Relation
® Can you confirm ifehas a greater
width compared to@?

In fact,emight be narrower
than@.

® Which of these four, €),0), @), (O is

the tallest?

ﬁ@is the tallest.

From the viewer’s perspective, is the
position of@closer than that of 9? .

No,eis closer.

Metric Measurement

® If you are at 9, where will you
find@?
6is at 1 o’clock from 9

® What is the height of @?

ﬁels 1.38 meters tall.

How far apart are@andehori-
zontally?

o

They are 15.33 meters apart
horizontally.

Between Region [0] and Region [2], which
one has more height?
Region [2] is taller.

Is Region [1] behind Region [4]?

No, itis in front of Region [4].

| © Spatial Reasoning

Can you try to estimate how many
floors are ina? Think step by step.
The height of @is 204.54 feet. As-
suming each floor is about 10 feet
high, the total number of floors
would be 20.454. Since you can't
have a fraction of a floor, the total
number of floors would be approxi-
mately 20.

\% ® I'm planning to build a bridge
‘ from@)to @, is it possible?

s The distance between @ andois
14.82 meters, so it is possible to
build a bridge between them.

@ If you are riding a motorcycle with
5 36 inches wide, do you think you
can pass through the area between
©and @y
@ The distance between @ and e is
38.95 inches, so yes, you can pass
through the area betweeneande
since the motorcycle is narrower
than the distance between them.

SpatialRGPT: Grounded Spatial Reasoning in Vision-Language Models, in NeurIPS2024.

UCSD&NVIDA



Fine-grained Region Understanding for Spatial Cognition

* Framework

They are around 45 centimeters apart.

Large Language Model (ﬁ
G 7/
A A <rgb> <depth> <rgb> <depth>
Visual Backbone
R‘  RGB Connector &l Depth Connector“@l
egion : i I
Masks/ Boxes

Region Feature Extractor @‘

What is the dzstance between| land ?

®— GT
SRGPT
=== SRGPT_Depth

OIII-i*=

' ) Frame Inde
Figure 6: SpatialRGPT functions as a region-aware reward annotator The estimated distance

decreased monotonically as the fingertip moves towards the target.

(saydur) aoue3si(]

SpatialRGPT: Grounded Spatial Reasoning in Vision-Language Models, in NeurIPS2024. UCSD&NVIDA



Fine-grained Spatiotemporal Understanding

Semantic

Sentences

Words

Vision-only

/

\

Video

Video

summarization

Video

Temporal video
grounding

Dense video
caption

emporal action
proposal

Video object
Referring

Video object
Grounding

Video instance

Segmentation
Object

Tracking

classification

Video highlight
Detection

Video object
segmentation

Video-level

Temporal

> Granularity
Spatiotemporal



Fine-grained Spatiotemporal Understanding

Video Object Referring Video Objects Relationship

PO — e

A man with a cocked hat
B and green robes, riding a
% horse, slowly riding from
L., the left to the right.

Q: What will <object1>
probably do next?

A: <object1> will probably
have to shoot or pass the
ball to a teammate.

VideoRefer Suite: Advancing spatial-temporal object understanding with video LLM, in CVPR 2025.

The knife <object1>
moves the spring
onions from the
chopping board
<object2> to the pan.

Input image &

The man was Trump,
who stood in the
crowd waving and
waving his fist to the
left and right.

2024.6-2024.11



Fine-grained Spatiotemporal Understanding

VideoRefer Suite

objectl and object2 are walking in the same direction, with
object2 consistently trailing behind object1 throughout the

entire sequence.
iy
[ Large Language Model ]

VideoRefer

OO0 OOo0oo0ooocaom

[STCConnector] [ Object Encoder J | Embedding

[ Visual Encoder ]({ Visual Encoder ] ﬁ

Shared /(B How is <object1>s position

relate to <object2>'s?

Single frame
&Mask

Video frames Multi frames&Masks

Object Encoder

Single frame

Spatial Token
Extractor

Feature Map = =~
— — " Multi frames ~
&Mask — — =<
et

~

Temporal Token Merge

®OOO®OG - ©®

\1. Extract region tokens by Spatial Token Extractor)

=

\ 2. Calculate similarity between adjacent tokens )

=
[ B ® & -G

3. Merge the top n-r similar tokens

\ J

VideoRefer Model

* Spatiotemporal Region-level understanding Architecture;

* Constructing Large-scale Video Region Dataset;

e Evaluation Benchmarks for Video-based Object Understanding.

TIM | MLP Eg

~

Video + caption
=)

Analyzer

SN
D

NG T

Segmentor
Video + masks
N NN
D —_>

Annotator

Subject: [xxx]

Q2 Other nouns: [xxx]

Description

Appearance description

& Motion descr' tion
Anno’rafor ! Pt

p -
—> --> Description
YesQ £

Refiner
Rewewer No @
9 QA data J
Appearance description %)J
& Motion description — %_> R e 1A FELS
Refiner

VideoRefer-700K—Multi-agent Data Engine

3%
4% | 3%

8%

9%

VideoRefer

(a) Category list in Bench®

Sequential Basic
u people Questions Questions
animal 26% 24%
transportation
tem iy
environment i ture 1% 057
forniture Predictions 14% °
others Compl “Relationship
omp ?x Questions
Questions

(b) Question types in Bench®

VideoRefer-Bench

VideoRefer Suite: Advancing spatial-temporal object understanding with video LLM, in CVPR 2025.

2024.6-2024.11



Fine-grained Spatiotemporal Understanding
VideoRefer Model

Object Encoder Single frame

q
A Spatial Token
Extractor TTM MLP

objectl and object2 are walking in the same direction, with
object2 consistently trailing behind objectl throughout the

entire sequence. S
ﬁ VideoRefer

E Feaé:;e Map . IVIuItl frames e
Large Language Model N e
| Temporal Token Merg_
[ STC Connector ] [ Object Encoder ] [ Embedding ] E 1 Extract region tokens bySpatlaI Token Extractor
[ Visual Encoder ]( s{ Visual Encoder ] ﬁ E
4 Shared How is <object1>’s positioni
; i /g relate to <object2>’s? E @ e @ @ @ @
I— i
' E S 2. Calculate similarity between adjacent tokens y
o Ky \
_ ?ingle frame E @ ®
Video frames &Mask Mitlti frames&Masks | L 3. Merge the top n-r similar tokens J
A plug-and-play Spatial-Temporal Object Encoder: Optimization Loss:
° i 1 -
Spatial Token Extractor (Single-frame) P = Z log P(y | V, Ry, ..., Rn, x)

* Temporal Token Merge Module (Multi-frame) (V.R,z,y)

* Free-from input region (Mask)

VideoRefer Suite: Advancing spatial-temporal object understanding with video LLM, in CVPR 2025. 2024.6-2024.11



Fine-grained Spatiotemporal Understanding

VideoRefer-700K

Video + caption . Description |
SSS @ Subject: [xxx] E] Appearance description
(>4 3 = = . -
FQ  Other nouns: [xxx] Anofaor & Motion description

Analyzer

II :
/ 2 -—> ~+/-,—> Description
\ ( - E] é_—/' Yes@ 2R

\ Refiner
Reviewer No @
QA data

&)
—>—> Multi-round QA pairs

Refiner

Segmentor
Video + masks

&

Annotator

Appearance description

SN
c |

& Motion description

Multi-agent Data Engine

Stepl- Analyzer: Qwen2-Instruct-7B

Step2-Annotator: InternVL2-26B Three types:

Video caption A man is fishing on a boat and catching a large fish.

‘e’ Panda-70M

Video clips

-7 |

Step1: Noun exiraction % Subject: [man], Others: [ boat, fish]

Analyzer
A 0

Step2: object-level Caption generation
Annotator Segmentor

Prompt: Describe the man’s ... in detail...
Detailed description on Action/Movement
The man in the video is initially standing on the edge of a boat, holding a fishing rod. He is wearing a camouflage shirt and a
blue baseball cap. The man is focused on the water, where a fish is jumping and splashing. He then bends down towards the
water, reaching out to grab the fish. The fish is struggling, causing water to splash around. The man successfully catches the
fish and lifts it out of the water. He then holds the fish up, showing it to the camera. Throughout this process, the man's
movements are deliberate and focused, with significant changes in motion as he reaches for the fish and lifts it.

Step3: Mask Generation

Choose a random frame
Grounding-DINO

HQ-SAM

SAM2 l

Image-level region short description
Osprey The man is wearing a camouflage.

man

Detailed description on Appearance
The man in the video is wearing a camouflage-patterned long-sleeve shirt, gray shorts, and a blue baseball cap.
He has a beard and is wearing sunglasses.

Step4: Correspondence Verification »1'

@VYes/No <«—— @@ <«

Reviewer

Step5: Summarization & Refinement =2 @ GPT-40

The man is standing on the edge of a boat, wearing a camouflage-patterned long-sleeve shirt, gray shorts, and a blue baseball cap. With a focused expression,
he watches the water as a fish jumps and splashes nearby. He bends down, reaching out to grab the struggling fish, causing water to splash around him.
Successfully catching it, he lifts the fish out of the water and holds it up to show the camera, his deliberate movements reflecting his concentration on the task.

. . ) Manually True Manually False
- Object-level Detailed Caption  —Reviewer True 33 (TP) 12 (FP)
- Object-level Short Capton Reviewer False 36 (FN) 64 (TN)

Step3-Segmentor:Grounding DINO&SAM 2
Step4-Reviewer: Osprey&Qwen2-Instruct-7B
Step5-Refiner:GPT-40

- Object-level QA

Table 8. Confusion matrix of the randomly sampled 100 items in
the Reviewer evaluation.

VideoRefer Suite: Advancing spatial-temporal object understanding with video LLM, in CVPR 2025. 2024.6-2024.11



Fine-grained Spatiotemporal Understanding
VideoRefer-Bench

e o — — — . — — — — — — — — — — — — — — — — —

GT Description: |
A middle-aged man wearing a |
suit and a red scarf walked over |
to talk to someone who looked |
I
I

jdeoRerer-Bench>

VideoRefer-BenchP (Descripion Generation)

like a superhero, and then left.

Eval: Multidimensional Evaluation by GPT |

— — ——— — — — — — —— — — — —— — — —— — — — — — — — — — — — — — — — — —

GPT assign scores from 0 to 5 across:

e o — —— — — — —— —— —— — — —

1 N
* SUbJeCt Correspondence Q: How does <object1> move? :
. 4. (A) In a straight line
i Appearance Descrlptlon n a zigzag pattern :
.. (C) In circles I
* Temporal Description (D) Randomly |
. . . Nuge i et S S e it e e i e Eval: Accuracy Calculation /}
* Hallucination Detection
- — Sequential Basic
. ) ) ° people Questions Questions
VideoRefer-Bench® (Multi-choice QA) 4 S o
8% 26% A
e Basic Questions transportation
9% |‘|'em ‘ VideoReFer
. . (] ‘ Bench®
* Sequential Questions  m environment ¢, NEREE -
* Relationship Questions IR/ = fomiture  Predictions
Bench® 7 others o “Relationship
* Reasoning Questions . GusTiors ' Questions

« Future Predictions (a) Category list in Bench®  (b) Question types in Bench®

VideoRefer Suite: Advancing spatial-temporal object understanding with video LLM, in CVPR 2025. 2024.6-2024.11



Fine-grained Spatiotemporal Understanding
Describe Anything Model (DAM)

<A NVIDIA.

Describe Anything: Detailed Localized Image and Video m
. = Vision 3 LLM
Captlonlng Image EFXetfatlé{sr Reglonal Lack of details @
Feature Feature

Long Lian»? Yifan Ding! Yunhao Ge! Sifei Liu! Hanzi Mao' BoyiLi’? Marco Pavone!

Ming-Yu Liu' Trevor Darrell> Adam Yala>® Yin Cui’ Reason: region details
Full Image

Region Mask Baseline Output Description already lost in image

A dark green, circular object feature extraction
with a smooth surface and a
slightly raised, rounded edge.

Region Mask Baseline Output Description

INVIDIA 2UC Berkeley S3UCSF

-/ 0/A

The mouse is a wireless, ergonomic
design with a smooth, matte finish. ... Deg raded

DAM : understanding
— v g

- Image Regional R ; i
>k eason: regions are given
w2 0/a \ision Featur Local Feature . = -
4 Feature LLM without image context
s - A ginger cat with a sleek, short-haired coat is captured in a series of graceful Backbone
/ I - movements. Initially, the cat is seen with its head turned slightly to the side, ears Extractor

A white, fluffy dog with a thick coat, pointed ears, and a black nose. The dog has a
wide-open mouth with a pink tongue hanging out, and its eyes are dark and alert.
The fur is dense and appears soft, with some darker patches on its back.

@

perked up, and eyes wide open, suggesting alertness or curiosity. As the sequence
progresses, the cat's body is elongated, indicating a stretch or a poised stance. Its

tail is held high, curving slightly at the tip, a sign of confidence or playfulness.

=
Q== — g
Figure 1: Describe Anything Model (DAM) generates detailed localized captions for user-specified regions Typ | Ca I tWO reg' ONna I fra mewaor kS

within images (top) and videos (bottom). DAM accepts various region specifications, including clicks, scribbles,
boxes, and masks. For videos, specifying the region in any frame suffices.

Adopting VideoRefer-Bench & Osprey Evaluation.

Describe Anything: Detailed Localized Image and Video Captioning, in ICCV 2025. NVIDIA&UC Berkely



Fine-grained Spatiotemporal Understanding

DAM

Detailed Localized Descriptions

A red, translucent, dome-shaped light with a white base. ... i Focal Prompt
T
| LergeLanguagemodelLm) | Full image and a zoomed-in region with corresponding mask

Textual Prom pt- Tokenst Fl-.ls-ed-\-/iSl-.la-| F-e;tu-rc;s z’
Describe the masked region in detail. P x — EI (I) _|_ EM (M) _l_ P,

fR oee (RepeatN times)

Global Visual Features Z Kl/ Gated
7 | " | Cross-Attention*
G  « o (Repeat N times)
4 4o

Weight Sharin,
[ Self-Attention ]— e —[ Self-Attention ]
T+ Positional T+ Positional
Encoding P Encoding P
/v * v\ / * \

* Localized Vision Backbone

Gated Cross-Attention Adaptor

z = EI(I/) 3 EM(M,) + P,

z = falz)

7= fR(m/a Z)

Inject global features into the encoding of local regions using

Image Patch Mask Patch Image Patch Mask Patch
Embed E, Embed*E,, [ Embed E, Embed*E,,
/
b :F - = :‘[: - == % e :T: =~ h®" = h® + tanh (fy(l)) . CrossAttn (h(l),z) ,
Focal Prompt

\ Full Image [ with Mask M Focal Crop [’ with Mask M’ | Adapter

Describe Anything: Detailed localized image and video captioning [C], in ICCV 2025.

il e g
ﬁ Focal :
Cropping

X0

—h® + tanh (5”)) . FFN (h@’) ,

NVIDIA&UC Berkely



Fine-grained Spatiotemporal Understanding

Perceive Anything Model (PAM)

Perceive Anything: Recognize, Explain, Caption, and
Segment Anything in Images and Videos

Xinyu Wei>* Ruichuan An** Tianhe Ren?** Tingwei Chen'
Wentao Zhang* Lei Zhang® Hongsheng Li'f

Weifeng Lin!*
Renrui Zhang! Ziyu Guo!

ICUHK Z2HKU 3PolyU “Peking University

ed by a man to access the

indow of a building, likely

Promptable Video Caption: The boy is wearing a blue hooded top, seating at a wooden table. In the video, he is holding a dark-colored
plaything, which he appears pretending to shoot something or is very focused on an object in that direction. He is looking remain fairly
consistent, with movements of his head and body as if tracking a target or adjusting his aim. He then hid behind a chair.

Promptable Video Caption: The large house in the center of the background is cartoon-style building. The main structure and roof appear to
be predominantly blue; It is set in a colorful environment with what looks like a grassy or sandy foreground, surrounded by stylized trees or
tall plants and other smaller objects or structures.

These are the scenes of the football game. The female is not visually
present to discuss the match.

Promptable The female is actively presenting, with changes in her
Streaming : hand gestures and facial expressions. She has dark hair.

Figure 1: Perceive Anything Model (PAM): PAM accepts various visual prompts (such as clicks,
boxes, and masks) to produce region-specific information for images and videos, including masks,

category, label definition, contextual function, and detailed captions. The model also handles
demanding region-level streaming video captioning.

3% Frozen
“ Trainable

op  Concat

@ Structural

copy

image
embedding

output
tokens

Mask Decoder

I

1
N Memory : !
Encoder & Bank| |, —» |

1

I

I

I

1

Image
Encoder

(a) SAM 2 =
“ Rich Visual Semantic Content:
1. Category
2 — 2. Definition & Functionality
Semantic 3. Brief Caption

Perceiver —> Large Language Model

4. Detail Description
5. Streaming Video Caption
(Bilingual: English and $13X)

sem. tokens

(b) Mask Decoder (c) Semantic Decoder

Mask decoding

e Extends SAM 2 by extracting its intermediate visual features
and transforming them into LLM-compatible tokens.

* Enables segmentation mask decoding and semantic content
decoding simultaneously.

CUHK & HK PloyU

Perceive Anything: Recognize, Explain, Caption, and Segment Anything in Images and Videos, NeurIPS 2025.



Fine-grained Spatiotemporal Understanding

Image
embedding
(256x64x64)

IoU Tokens
Mask Tokens
Prompt Token

(N, x 256)

SCA Model

S2-FFM

X2

masks

mask

Image to token attn.

e —

MLP

I

Token to image attn.

decoding

Semantic Perceiver

Output Tokens

pinraeig | [ | [

Semantic Decoder

= Large Language Model (Qwen 2.5)

Image to token attn.

T

|

MLP

1

|00 O-0DDEEE

mSem.TIF

1

Self attn.

Visual Prompt

Video Tokens (clip 2)

Video Tokens (clip 1)

Task Tokens

Hybrid Feature Mixer

Token to image attn. (1024) (1024 + [N-1]x256) (1024 + [N-1]x256) (N x 16)
I 8, Mask Tokens I Image Proj. Sem. Proj. ~ Tokenizer
AT S Self attn. -
1/ Sem. Tokens\\ Pixel Shuffle (2X2 or 4x4)
I (N,x256) 1
\\\ _o’
Vision [1] Token [1] Token
Encoder [ & Trainable  Frozen ]
Cross Attn Cross Attn
5 c
£ Mask
M) Token 3 Decoder
[2] PN
——— [Q] Token
e N - Mask
g Tok \‘ SAM - Text oo
[ [olToken — —3— Feature = Feature . 9
\mage M __// Mixer ? Mixer o f qext Label
£ D £ g Decoder A brown corgi
% [P] Token = =< > running on
3 |:| 3 & the grass.
[T] Token Caption

Segment and Caption Anything, in CVPR2024.



Fine-grained Spatiotemporal Understanding

PixelRefer

Layer1 Layer7 Layer14 Layer28

[SAS]
[SAs]
[SAS]

abewl
abewl
abewl

2 3 2
S g S
o (O] B
Z 2 2
sys image textiregionjan Sys image text|regionjan sys image text|regionjan |sys Image text|regionjan
* Answer tokens prioritize object tokens ‘ Construct robust region representation
* The attention between answer and image
tokens are sparse ‘ Vision-Object Framework

e Early fusion of object and image tokens

PixelRefer: A Unified Framework for Spatio-Temporal Referring with Arbitrary Granularity. (Coming soon)



Fine-grained Spatiotemporal Understanding

PixelRefer

Scale-adaptive Object Tokenizer

[ Buissaooud 109[qo olweuiq ]

Large object Crop
Dynamic object processing
X X
X
X
Resize X X Resize
—

Expand

Japooug UoISIA

if M| > 100 - Q

elseif | M| <n-Q

otherwise.

Image Feat. & Mask

-7

( \ X X X X
=z m - Q |
8 " Flatten | — | —
x X X @
o X X X X
m .
=l Mask Feature Object Token
@
m
= g
S o €
Q «Q a
Q e8|
o =
= 8z
— o9
3 =~
S
® | Object Token

Abundant Feature aggregation

Pooling u =
=

—_—

Average (%)

100% 7

95%
90%
85%
80%
75%
70%
65%

60%

Distribution of Token Pair Similarities (50token)
100

0 1 [ Fupe
2. sl N F.
g / T
§ [ \
e 2 \
5
E /\7\
06 e
Similarity
Distribution of Token Pair Similarities (100token)
NS | ¥
2 ) \
F04 g \ [ Fup
5
:‘9 L /
s
5"
F02 §
z \
NN RS- W] ERn_stit: \\
_ Similarity
LIS DLC-Bench
75%
[ Large region EZ1 Small region ) [ Large geggzi;%? [Z1 Small region
0% 683% wded
89.4% 88.3% /
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Object Tokenizer
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Accurate understanding of
extremely small objects.

PixelRefer: A Unified Framework for Spatio-Temporal Referring with Arbitrary Granularity. (Coming soon)



Fine-grained Spatiotemporal Understanding

PixelRefer
Vision-Object Framework Object-Only Framework
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(a) Within LLM (inside LLM: vision and object tokens are fused)

(b) Before LLM (token fusion before feeding into LLM)
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PixelRefer: A Unified Framework for Spatio-Temporal Referring with Arbitrary Granularity. (Coming soon)



Fine-grained Spatiotemporal Understanding

PixelRefer

Image Detailed VideoRefer-Detailed (125k)
Caption (47.9%) HC-STVG (10k)
" DAM-SAM (592k)

Image Region QA Region-level Caption
(24.1%) (30.4%)

Region Recognition
" DAM-OpenImages (64k) (25.9%) /
DAM-LVIS (90K) VG (100K - Visual " VCR(118K) " Caption Sampled
DAM-COCOStuff (28k) Vid:oRefe)ar-Short (100k) ~ Instruction SHRESF JidSh =
DAM-Mapillary (17k) LVIS (99K) Rt Tuni s MDVP-LVIS (7k) General QA
DAM-PACO (24K) PRGOS ning MDVP-PACO (5k) (36.5%)
Osprey (29) PascalPart (11K) \ LS Video QA (173K)
MVPData (Dl PartImagenet (12k) (9.1%) Text QA (81k)
Video Detailed Refcoco (17k) VideoRefer-QA (75k) Image QA (46K)
Caption (26.2%) Refcoco+ (17k) ) fo0
DAM.SAV (37K) Refcocog (22k) Reglon GaP
MEVIS (4K)
Data | #Samples | Image-Region-Bench | Video-Region-Bench |  General-Bench
| | LVIS DLC-Bench | HC-STVG VideoRefer-D VideoRefer-Q | POPE MVBench
Region Recognition 390K 89.6 61.2 119 2.94 72.3 87.3 60.3
+ Image Detailed Cap. 860K 89.7 66.4 13.0 2.97 71.9 88.2 58.7
+ Video Detailed Cap. 180K 89.7 66.0 19.1 3.69 74.8 88.0 61.9
+ Region QA 560K 89.7 66.6 19.6 3.62 75.8 83.9 61.6
+ General QA 300K 89.8 66.1 19.5 3.58 76.5 88.7 63.4

PixelRefer: A Unified Framework for Spatio-Temporal Referring with Arbitrary Granularity. (Coming soon)



Fine-grained Spatiotemporal Understanding

PixelRefer-Lite: Only 32 object tokens for each object without image tokens
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PixelRefer: A Unified Framework for Spatio-Temporal Referring with Arbitrary Granularity. (Coming soon)



Fine-grained Spatiotemporal Understanding

PixelRefer-Lite: Only 32 object tokens for each object without image tokens

FLOPs and memory consumption Inference time and memory usage
Method | LR LZ LZG LZL | FLOPS(T) Memory
- | DLC-Bench HC-STVG
mage
PixelRefer-2B 32~ 1408 - - 1.51 13.2GB Model | Infer Time Memory | Infer time Memory
PixelRefer-2B-Lite 32 0 576 256 0.03 49GB
PixelRefer-7B 32 ~ 1408 - - 7.08 25.1GB DAM-3B 1.29s 7.8GB 5.64s 10.4GB
PixelRefer-7B-Lite 32 0 576 256 0.17 15.8GB PAM-3B 1.09s 94GB 1.51s 12.7GB
Video PixelRefer-2B 1.04s 13.2GB 0.82s 24.6GB
PixelRefer-2B 32~ 7185 _ _ 11.15 24.6GB PixelRefer-Lite-2B 0.88s 4.86GB 0.68s 5.2GB
PixelRefer-2B-Lite | 32 0 576 256 0.11 5.1GB PixelRefer-7B 1.44s 25.1GB 1.25s 36.9GB
PixelRefer-7B 32 ~T718 - - 43.83 36.9GB PixelRefer-Lite-7B 1.10s 15.8GB 0.74s 17.6GB
PixelRefer-7B-Lite 32 0 576 256 0.61 17.6GB

PixelRefer: A Unified Framework for Spatio-Temporal Referring with Arbitrary Granularity. (Coming soon)



Fine-grained spatial reasoning

3D Aware Region Prompted Vision Language Model, arXiv: 2509.13317. UCSD&NVIDA



Fine-grained spatial reasoning

Architecture .
, § & & & v
Approximately 5.3 meters. %Qw S Q—°° & &
Large Language Model & Methods Quantitative Qualitative
& WJ o\@ [ . J, . I 71, ) What is the distance between Random . . . 25.0 36.1
i @ ion = Human Level" 47.0 60.4 45.9 94.7 95.8
Global Projector ~ «  Region Extractor & Projector Region g and Regionz ¢ ?
] Proprietary Models (API)
, ; : GPT-40 [1] 5.3 43.8 38.2 37.0 413
Cr] Cre EEE rrrr rC r Gemini-1.5 Flash [100] 30.8 53.5 54.4 37.7 41.0
\@/ -r- F Gemini-1.5 Pro [100] 30.9 64.1 43.6 51.3 46.3
= ] s
Open-source Models
Vision Encoder Spatlal PE & InternVL2-2B [101] 24.9 22.0 35.0 33.8 442
InternVL2-8B [101] 28.7 48.2 39.8 36.7 307
e InternVL2-40B [101] 26.9 46.5 31.8 42.1 32.2
LongVILA-8B [102] 9.1 16.7 0.0 29.6 307
VILA-1.5-8B [103] 21.8 50.3 18.8 32.1 34.8
VILA-1.5-40B [103] 24.8 48.7 22.7 405 257
Dy”am'c Tiling 1 Frame Sampling 1 LongVA-7B [104] 166 389 222 331 433
_— ; LLaVA-NeXT-Video-7B[71] 140 478 24.2 435 424
, LLaVA-NeXT-Video-72B [71]  22.8 57.4 35.3 424 367
] i LLaVA-OneVision-0.5B [105]  28.4 15.4 28.3 289 369
N2 LLaVA-OneVision-7B [105] 20.2 47.4 12.3 425 352
3 2% LLaVA-OneVision-72B [105] 23.9 57.6 37.5 425 399
SR-3D-8B 52.8 75.5 41.9 57.3 823

Image + Depth + Mask(s) Video + Point Map + Mask(s) / 3D Box(es)

Results on VSI-Bench

3D Aware Region Prompted Vision Language Model, arXiv: 2509.13317. UCSD&NVIDA



RynnEC: Bringing MLLMs into Embodied World

Model

<video>

Visual Encoder

Q: Which is the nearest plant to <object mask> ?

stride 4, 8 feats. from img. enc.

)

image to token attn.

mask decoder

masks

token to image attn. I

token

image
l | ‘ embedding
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oy Sy et e ) 4 )= ) i
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<— A: It's <mask token>

Mask Decoder

Based on VideolLLaMA3

Mask Encoder for object-text alignment

[

J

Mask Decoder for grounding and segmentation (SAM2)

Memory Mask Memory Memory
Attention Decoder Encoder Bank
I
DAMO Academy

RynnEC: Bringing MLLMs into Embodied World, Technical Report, 2025.



Fine-grained Spatiotemporal Understanding in Embodied Recognition

RynnEC: Bringing MLLMs into Embodied World, Technical Report, 2025. DAMO Academy



Fine-grained Spatiotemporal Understanding in Dynamic Embodied World?

 Temporal dimensions: Past, Present and Future

<object 1>

@ Immediate State Recognition
What is in the <object 1>?

(2) Purpose and Function Inference

<object 0>
@ Object State Retrospection @ Object Location Retrospection

What state change occurred to the <object 1>? Where was <object 0> before?

(3) Object Relationship Evolution  (4) Absolute Time Perception WhatIEEebiaetios uted for?
What is the relative position of <object 0> How long has <object 0> been washed? @ Object Relationship
and <object 1> originally?

What is the relationship between the

@/D/@

Vlsual prompt

<object 1> <object 0>
(4) Anomaly Perception
<object 0> Can <object 0> be drunk?
icti Dynamic Relationship Prediction : :
(1) state Change Prediction  (2) Dy P . Mixed-format Annotations
How will the temperature of <object 1> change? If | take <object 0> away, will it
& 4 affect <object 1> True/False QYes QNo ﬂnnotate
< > o .
i < Single Choice <A><B><C><D> )
' (3) Trajectory and Motion Prediction Multiple Choice ~ <A><B><C><D> 0
as 3. LI I LT TYYIT] Whatdirection will <object 0> drive towards? Open-ended Questions 8s GT:10s 50 Check

EOC-Bench: Can MLLMs Identify, Recall, and Forecast Objects in an Egocentric World? NeurIPS2025 Accept (DB Track)



Fine-grained Spatiotemporal Understanding in Dynamic Embodied World?
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(a) Overview of EOC-Bench dimensions (b) Video source distribution (c) Number of various scenario categories

EOC-Bench:

Can MLLMs Identify, Recall, and Forecast Objects in an Egocentric World? NeurIPS2025 Accept (DB Track)



Fine-grained Spatiotemporal Understanding in Dynamic Embodied World?

EOC-Bench Leaderboard
4 & & indicate the top-3 models. The best results are highlighted in bold and underlined.

Orange: Proprietary Multimodal Foundation Models Purple: Object-level MLLMs Others: Open-Source Multimodal
Foundation Models

# Method Input  Mean Past Present Future

OSR OLR ORE ATP Mean ISR OR PFI AP Mean TMP SCP DRP Mean
1 GPT-40 ¢ 32f 61.83 66.04 71.93 46.56 3446 5491 7146 5285 7818 62.75 6732 69.61 68.69 6897 69.11
2 Gemini-2.0-flash & 32f 57.38 6346 6510 3256 28.60 4787 68.84 57.52 6968 65.69 6595 5854 64.02 5795 60.75

3 InternVL2.5-78B @ 32f 5233 5346 63.96 33.15 1201 4135 66.67 5074 67.10 5294 6172 67.80 5047 5455 58.19

4 InternVL2.5-38B 32f 5231 5540 59.62 3092 10.89 39.89 6415 5428 7129 6471 6335 6098 5467 5795 57.79
5 Qwen2.5-VL-72B 1fps  49.87 5125 5122 40.11 848 3841 6131 4779 6710 57.84 5898 56.10 60.65 5455 57.76
6 LLaVA-Video-72B 32f 4959 49.03 56.91 26.74 24.02 3959 63.32 4720 6387 50.00 5838 56.10 5514 47.73 5424
7 GPT-40-mini 32f 4947 5326 5235 2968 21.10 3947 5846 4926 67.74 5882 5831 56.59 50.00 5455 5345
8 LLaVA-OV-72B 32f 47.88 46.81 50.95 2646 1291 3481 6415 5133 6452 49.02 5987 58.05 46.73 5455 52.66
9 VideoLLaMA3-7B 1fps  46.04 4515 5285 2451 1554 3500 57.96 48.67 6258 49.02 56.01 5220 49.54 48.86 50.49
10 InternVL2.5-8B 32f 4515 4571 5447 39.00 976 37.87 5544 4897 5484 4118 5260 49.76 38.79 5341 4576
1 Qwen2.5-VL-7B 1fps 4313 4737 46.34 2145 818 3138 5729 4454 5935 49.02 5393 4878 46.30 4659 47.35
12 LLaVA-Video-7B 32f 4182 4432 4851 2256 976 3182 5427 4366 5581 49.02 5156 4585 40.65 47.73 43.98
13 VideoLLaMA2-72B 16f 4155 4377 5122 2423 646 3203 50.08 3746 5806 4510 4837 49.27 5047 5114 50.10
14 LLaVA-OV-7B 32f 4046 40.72 4553 2284 953 3015 5410 43.07 5258 46.08 50.37 47.32 37.38 4659 43.00
15 VideoRefer-7B 16f 4044 4737 5501 2340 10.59 3469 4891 3982 5355 3824 46.88 4195 3551 4318 3945
16 VideoLLaMA3-2B 1fps 3841 3712 46.88 2117 1126 2957 4992 4336 4839 3824 47.03 4341 36.11 4318 4028
17 Qwen2.5-VL-3B 1fps 3817 3878 4878 2396 766 30.34 4992 3894 4516 3824 4518 4293 3657 5000 41.45
18 VideoLLaMA2.1-7B 16f 37.74 4488 4282 1922 1164 30.08 47.24 3717 51.94 3922 4518 40.00 36.92 4432 3945
19 NVILA-8B 32f 37.69 3740 4661 20.89 12.09 29.69 4439 4159 49.03 46.08 4488 4244 3832 4432 41.03
20 LongVA-7B 32f 3534 36.84 4336 17.83 1532 2869 3819 36.58 48.06 4216 4036 39.02 4206 4091 40.63
21 VideoLLaVA-7B 8f 3411 3186 37.94 2758 13.14 2797 41.04 3510 4097 3725 3924 40.98 3178 4432 37.67

EOC-Bench: Can MLLMs Identify, Recall, and Forecast Objects in an Egocentric World? NeurIPS2025 Accept (DB Track)
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https://cslwt.github.io/

wentong li@nuaa.edu.cn


https://cslwt.github.io/

