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Background: VLMs in region-level understanding

Region-level understanding focuses on fine-grained parsing and
understanding of semantics, attributes, and relationships in

specific regions of images or videos.

Example:

SR e e e e e e e e e e e e e e e e e e

' Label Taxi

I

I & Dehmtlon & Functionality: '

: ?f A taxi, also known as a yellow !

! cab, is a vehicle designed for '

3 ! . transporting passengers. In |

— ' this context, the taxi is captured 1

4 ‘l in motion on a city street, hkelyl

‘."l serving its primary purpose of |

g ! providing transportation to
M, individuals in need.

——————

T . Ml Caption: A yellow taxi with a
s e | visible front windshield. The
i taxi has a sleek, modern design
. with a slightly curved hood. It
, appears blurry, in motion, lnkely
, captured at high speed.
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Background: VLMs in region-level understanding 30:;),%7

« Paradigms:

No mask Semantics No mask Semantics Semantics
t t 0t t t
)
I : LLM
| I
LLM I LLM I
| |
- : Vi:ion T
t t | t t t I [ ][ Tokenizer ]
" N | — I Encoder
1sion Tokenizer [ Vision VPE Tokenizer | fobj. mask 1~
Encoder ) Encoder I
t t t t t t I [ses 1\:0‘1‘91 J sk
o Visual Task | o Visual I
- prompts I Y prompts Task | Va
| 1

(a) Previous Textual Methods (b) Previous VPE Methods (c) Previous Rol-based Methods
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Background: textual method - Elysium

RSOT Frame | _[23-45=d6~ rame 2: ...

VideoREG A g

Large Language Model

Text Tokens

Video Tokens

RSOT Track the girl in red dress.

Tragk'the object with inital
codgdinates [23,45,46,72].

Video Describe the object with coordinates

REG [23.45.46,72] in Frame 1.

« Encode 2-D bounding-box coordinates as natural-language strings.

Frame 1: I:' Frame 2: I:' ... Framen: I:' ]

Adthimestamp

[ [l 1 ..

i

Visual Encoder

@ : Gating operation
X%v X% RO |:| : Visual embeddings

v

« Simple but lack visual semantics.

Elysium: Exploring Object-level Perception in Videos via MLLM, Han Wang, et al., ECCV 2024
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Background: VPE method - VP-MLLM

<Region 1> is a squirrel, and it's eating pine cones.

t

LLM (LLaMA2 / LLaMA3 / InternLM2 / Qwen2)

I I ]
‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ ﬁ DDDDDD IZT

. START VP END VP

. Visual Prompt 3 Tokenizer
: Encoder ’

[Vision EncoderJ

! | !

; ' r N sarssevsyereisvsvis
y .. . { What animal is in <Region 1>? [
| U9 _._ Whatisitdoing? i

5 \) a t z 3
| 5 'S
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|
[ mLp )

t
’DD""".1
I Id}#_l_lﬂ{b

Three Learnable Vectors I

“:H}I?I *%I:f?

Label=1 T Label=0

( Validity identifier ]
[
| Positional Encoding
1
EOE0O0N - N
vi w2 wv3d vk W wh

« Embed regional image features and positional features.

« Lack simultaneous object masks.

Draw-and-Understand: Leveraging Visual Prompts to Enable MLLMs to Comprehend What You Want, Weifeng Lin, et al., ICLR 2025 <6>



Background: Rol-based method - DAM

/ Localized Vision Backbone
I fR * s+ (RepeatNtimes)
I KV

Global Visual Features Z "V Gated
I | " | Cross-Attention*
I fG .4- (Repeat N timas) *Q

ht Shari
I [ Self-Attention ]— i —[ Self-Attention ]
I
Positional Pasitional
I T+ Encoding P T+ Encoding P
+ +

I Image Patch Mask Patch Image Patch Mask Patch
| Embed £, Embed* E,, Embed E, Embed* E,,

e s Y
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Detailed Localized Descriptions

A red, translucent, dome-shaped light with a white base. ....

?

[ Large Language Model (LLM) ]

Textual Prompt Tokenst Fused Visual Features z'
Describe the masked region in detail. T

Obtained by segmentation model, e.g., SAM

 Mask is obtained by a segmentation model, e.g., SAM or SAM 2.
* Segmentation model and vision encoder and separated.

Describe Anything: Detailed Localized Image and Video Captioning, Long Lian, et al., arXiv 2025 <7>



Background: SAM

-

|7 —EB—» mask decoder

T ! T

\
conv rompt encoder
/ \ promp

image
encoder T |E
O
image
embedding
imagﬁ:,
« Aheavy encoder and a 36xeAme)

lightweight decoder.

* Bidirectional cross-attention.

Segment Anything, Alexander Kirillov, et al., ICCV 2023

output tokens
+
prompt tokens
(N x256)

tokens

— self attn.

! T T !

mask  points box text

image to token attn.

L]
I

mlp

T

token to 1mage attn.

T

ez XY

SEIN
& A
) »
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valid masks

. score

. score

, score

= masks
~| token [ oy mlp
to Image | output
attn. token m]p IDU
5COTES
mask decoder
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Background: SAM 2
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NI )
C ol
3, P
'~ o
o I
7502

: —> mask decoder I
L 1image memory = memory memory
encoder attention 4 + 4  encoder bank
time ———— prompt encoder =
ONEIE
mask ‘points box
. stride 4, 8 feats. from img. enc.
 memory bank to store previous
. . mask decoder
frame and prompt information. , x2
mage 2% d;’n ]}rOdLLCl
embedding image to token attn. I— .. e T
(256x64x64) T con. © masks
«  Object pointer to store high- mip | ] e
T token . —
: per mas|
Ievel Semant|CS. token to image attn. | Ll
output tokens f ~| token loU X
+ < . oufput token .
prompt tokens — = self attn. | m;ﬂ:;lge - mlp Slu |
. . . (NU ) k}{256) ' occlusion S cS
* Occlusion prediction. ok [ mlp w
SAM 2: Segment Anything in Images and Videos, Nikhila Ravi, et al., arXiv 2024 <9>



Background: SoM NEBT
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( =) [ =N

Answer: AnSWer:

Yes, | can see the image you've provided. m Vb thelimade

There are a total of 10 fruits in the basket. provi dez. [see: 9

Based on the visual appearance: Vv = s

» Apples: There are 6 apples (circled as fl, 3 -:n &

B E @& and M. v Sc; there ;re a total of 11 X

* Oranges: (circled as .

885 and D). v/ fruits in the basket,

T H ) . “ . ) . . ! . SR,
So, there are two categories of fruits in the GPT,'4V Question: Can you count =)/ =) il and :atelgi:r:;‘edd;:;z = 7
basket: apples and oranges. v/ what are the =21 [2/{[-" in the basket? PP e

\, J . J

« Segment and mark the regions in images.
 VLMs like GPT-4V can better ground the regions given these marks.

Set-of-Mark Prompting Unleashes Extraordinary Visual Grounding in GPT-4V, Nikhila Ravi, et al., arXiv 2023 <10>



Method: Overview

No mask Semantics No mask Semantics Semantics obj. mask Semantics
t t 0t b t ! t
N
I | LLM |
| I |
LLM I LLM | 1 Seg. Model LLM
| L I 1! 1 1 | (Vision Encoder)
/1 [ -~ I
t t | 1' t t I [ Vision ] Tokenizer 1
— Y I Encoder |
UL Tokenizer I Vision VPE | | Tokenizer | I obj. mask 4 I t
Encoder J1 L Encoder I |
1 f f | t t t | Seg Model Task 1 [ Visual
o Visual Task | o Visual I t 1 ~" ] 1‘
a Task prompts
prompts : " prompts : -2(‘ : Task
(a) Previous Textual Methods (b) Previous VPE Methods (c) Previous Rol-based Methods (d) PAM (ours)

« Obtain object masks and region-level semantics simultaneously.

* Integrate the segmentation model and vision encoder.
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Method: Overview N
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Mask Decoder

Al S2-FFM Memory
1 - Encoder & Bank

Prompt : ;
Semantic Perceiver
Encoder ] - [
(a) SAM 2 —
$ Frozen f—\ “ Rich Visual Semantic Content:
image ' 1. Category
ﬁ Trainable embeddi@' $ e Semantic !“4 — N 2. Del‘1131itiol_1 chun-t:tionality
S2-FFM : ) . Brief Caption
gp Concat output L Perceiver Large Language Model 4. Detail Description
tokens T I 5. Streaming Video Caption
ﬂ Structural l sem. tokens (Bilingual: English and #137)
copy Mask decoding (b) Mask Decoder (c) Semantic Decoder

« Semantic Perceiver as a bridge between SAM 2 features and LLM.
 LLM as a semantic decoder to provide visual semantic content.

« Parallel design for mask and semantic decoders.

<12 >



Method: Semantic Perceiver

masks
mask
decoding

Image S2-FFM x2 Semantic Perceiver X2
(;g‘;’;{?ﬂgil Image to token attn. Image to token attn.
MLP MLP

—=  Token to image attn.

Token to image attn.
IoU Tokens T

Mask Tokens . Self attn. L+ Mask Tolkens

Prompt Tokens T ——— Self attn.
(N, x 256) Sem. Tokens
(N, x 256)

» Copy the architecture of SAM 2 mask decoder.

« Add semantic tokens to perceive general visual information better.

<13 >



Method: Projector
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] e o o o o
r*Image Tokens Video Tokens (clip 1) Video Tokens (clip 2) i Sem T
(1024) (1024 + [N-1]x256) (1024 + [N-1]x256) (N x 16) Task Tokens
Image Proj. Sem. Proj.  Tokenizer

Pixel Shuffle (2X2 or 4x4)
+

Pixel shuffle for efficiency
« 2x2 for images and prompt frames in videos.
» 4x4 for remaining frames in videos.

For streaming video processing
« Additional 2x2 pixel shuffle is applied to the last frame of each clip, and
processed together with next clip.
* Incorporate the previous textual description to augment contextual history.
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Method: Training

« Stage 1: Image Pretraining and Alignment.
 Align visual/semantic tokens with LLM’s embedding space.
« Semantic perceiver and projector are trainable.

« Stage 1.5: Video-Enhanced Pretraining and Alignment.
« Extend to videos.
« Semantic perceiver and projector are trainable.

« Stage 2: Multimodal Fine-Tuning.
« SFT on diverse tasks with proposed dataset.
« Semantic perceiver, projector and LLM are trainable.

<15 >



Method: Data Construction - Image

Orig. Ann.

Orig. Ann. .-
74

A black Cat

,” Label: Bottle

\
Definition & Function: A bottle is a container, typically |
used to hold liquids, making it convenient for carrying ,
and storage. In this context, the bottle appears to |
contain mouthwash. It is usually swished around theI
mouth or gargled and then spat out. ;
Caption: It is a translucent green plastic bottle. It has a |
relatively simple, slightly tapered cylindrical shape. The

d bottle appears to contain a clear liquid, and a label is |
+_visible on its front. The bottle is positioned upright.

{398 PEKING UNIVERSITY

SoM to identify Rol

GPT-40 for conceptual explanations and
contextual functionalities

Qwen2.5-VL-72B for detailed descriptions

Rule-based and manual cleaning

<16 >
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Method: Data Construction - Video

« Storyboard-driven caption
expansion

@ The golden retriever, adorned in
a patterned outfit, maintains a
relaxed pose on a fluffy surface
while slightly turning its head
more to the left.

« Trace-Uni to segment
events

000

.., then the dog in the striped
outfit moves towards the pink-
clad dog for a closer interaction,
with its garment's wear and
damage in view.
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Experiments: Image Regional Recognition
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Classification OCR
Model
LVIS PACO COCO Text Total-Text
Semantic Sim. Semantic IoU Semantic Sim. Semantic IoU Acc.(%) Acc.(%)

Shikra-7B [12] 49.7 19.8 43.6 11.4 - -
GPT4Rol-7B [84] 51.3 12.0 48.0 12.1 - -
Osprey-7B [80] 65.2 38.2 73.1 52.7 — -
Ferret-13B [77] 65.0 37.8 — - — -
VP-LLAVA-8B [41] 86.7 61.5 75.7 50.0 44.8 46.9
VP-SPHINX-13B [41] 87.1 62.9 76.8 51.3 45.4 48.8
DAM-8B [38] 89.0 77.7 84.2 73.2 - -
PAM-1.5B (Ours) 87.4 76.5 85.1 73.5 39.4 48.6
PAM-3B (Ours) 88.6 78.3 87.4 74.9 42.2 52.3

Semantic Similarity measures the similarity of predicted/GT labels in a semantics space.

Semantic loU reflects the overlap of words.
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Experiments: Image Regional Caption

Model VG Refcocog Ref-L4 Ferret Bench  MDVP Bench
METEOR CIDEr METEOR CIDEr ROUGE-L METEOR CIDEr Refer. Desc. Avg.
GLaMM-7B [51] 17.0 127.0 15.7 104.0 23.8 10.1 51.1 - :
Osprey-7B [80] - - 16.6 108.3 - - - 72.2 44.3
Ferret-7B [77] : - - - 22.3 10.7 39.7 68.7 47.6
VP-LLaVA-8B [41] : - 22.4 153.6 - - - 75.2 70.6
VP-SPHINX-13B [41] 20.6 141.8 23.9 162.5 22.6 10.7 324 77.4 74.3
Omni-RGPT-7B [25] 17.0 139.3 17.0 109.7 - - - - :
RegionGPT-7B [21] 17.0 145.6 16.9 109.9 25.3 12.2 42.0 -
DAM-3B [38] : - - - 30.8 17.2 56.4 -
DAM-8B [38] - - - - 371 194 70.0 - -
PAM-1.5B (Ours) 19.2 132.9 24.7 135.0 26.6 14.9 49.8 72.4 68.4
PAM-3B (Ours) 20.8 142.3 26.9 143.1 31.3 17.2 59.7 77.5 72.2

« METEOR, ROUGE-L, CIDEr measure caption quality.

* Ferret/MDVP Bench uses GPT-40 for fine-grained quality assessment (Referring
Description here).

<19 >



Experiments: Video Regional Caption

Model Elysium BensMOT HC-STVG VideoRefer-Bench-D
METEOR METEOR CIDEr SC AD TD HD Avg.
Elysium-7B [63] 19.1 1.1 - - 235 030 0.02 359 157
Merlin-7B [78] - - 11.3 10.5 - — - - —
Omni-RGPT-7B [25] 93 14.6 - - — — - — —
Artemis-7B [49] - - 18.0 532 342 134 139 290 226
VideoRefer-7B [81] - - 18.7 68.6 444 327 3.10 3.04 346
DAM-3B [38] — — 18.2 727 362 286 281 267 299
DAM-8B [38] - - 21.0 91.0 4.69 3.61 334 3.09 3.68
PAM-1.5B (ours) 20.7 19.1 18.8 589 363 271 267 289 297
PAM-3B (ours) 24.3 21.6 23.3 703 392 284 288 294 3.4

Subject Consistency (SC) ensures descriptions strictly match the target object.

¢ \ »
N e 7 ) ¥

PEKING UNIVERSITY

Appearance Description (AD) scores the accuracy of visual attributes in descriptions.

Temporal Description (TD) assesses the correctness of dynamic object states over time.

Hallucination Detection (HD) identifies fabricated or wrong details in descriptions.

<20 >



Experiments: Streaming Video Regional Caption

Model ActivityNet
CIDEr METEOR G-STDC

VideoRefer-7B [81] 22.1 14.7 1.73
DAM-3B [38] 11.3 14.8 0.94
GIT™ [65] 29.8 7.8 —
Vid2Seq* [73] 30.2 8.5 —
Streaming Vid2Seq* [73] 37.8 10.0 -
PAM-1.5B (ours) 27.3 22.6 2.15
PAM-3B (ours) 30.1 27.3 2.67

GPT-40-evaluated Spatio Temporal Description Continuity Score (G-STDC)

CLiT> »
NECE R

PEKING UNIVERSITY

assesses the continuity and entity consistency of descriptions for sequential events.
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Experiments: Efficiency
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o Runtime (ms/item) Image & 12 ﬂLaVA=0\);7B‘—“
—e— GPU Memory (GB) o VideoRefer-78 @
2000 1 1 Omni-RGPT-78 @
20
€ ey
: 10
L 15001 89 g
= 2 5
£ 6 =9 '
) > £ 4 X faster
£ 10007 O T g-
= 4 g g memory
= o = ’
=) s &
x - 71 A
500 1 - DAM-3B
[
L 10 6 - }
PAM 38 (ours)
0 . \* | Video
NS a® \“*‘93 ‘e«,y"% _?\Gq(-"g OP\A—3$ 5 o 12 14 16 18 20 22 24 26
R4 N\ oR Memory Use (GB)

Video
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Experiments: Qualitative Results

Label

S e —

e e ————

-

’
The blue mask is worn by the person as he concentrate \,
on the art work. It offers a layer of protection, ensuring |
that the person can immerse themselves in the detailed

” A face mask is a loose-fitting disposable cover that ' {
|
[
I
 brushwork.
I
[
I
\

protects the wearer’s mouth and nose from the
surrounding environment. In this image, the person is
likely wearing it for reducing the spread of droplets.
DERA—MATELZ R REGP R B ALK XA —AREHTE, I PEHOAERFXA A2 E,
BRE, s EAH%DFENAMKE, BT FETROLREE. LETERETHRY, LR S
v HTFEABRA, RS WK EE. ;N BCHIEAMNE ST OLEZ P, /

[
|
!
|
!
|
!
|
|
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Experiments: Qualitative Results
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A man in a white t-shirt and black shorts stands as the
central figure on the court. Initially, he holds a

basketball, he then transitions into dynamic movement.
— G FaeTihfe L EaiEeH T3P L, —F4,
o522 H KK, MG FHRTERNE.

He is now seen actively practicing dribbling. He
started from the baseline of the field to the center of

the field and then back into the penalty area.
WA, RIEEANMLS]ER. HANEGHEIRE T,
BB PHR B, EADHTRE ZH.

The man is now positioned on the court. He starts by
holding the basketball, then he brings the ball up, and
shoots it towards the hoop.

RAALZY kB L, BATAH—ANEE. oFF KK,
TR R BEAHE, HRBEBANE P

<24 >
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Experiments: Failure Cases NEIFEE
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' The orange slice, positioned third
from the left, has translucent, juicy |
. flesh. Its rind is a soft, light yellow.

The circular sign is red and white. Its large, round
surface is primarily red, making the white lettering
stand out clearly. The central letters are 'Tcct’, with
other white text curving around the sign's edge. The
sign juts out from the building on a sturdy bracket,
acting as a clear marker above the sidewalk.

! I This is a small, spherical container holding coffee,

: : and it glows with a metallic rose-red color. Its glossy
; . surface brightly reflects the light. The letters 'E' and
! i 'L’ are delicately inscribed on its polished roundness,
: : possibly indicating it is handmade.

<206 >
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|
I
I
' It rests closely against the other
: slices on the white plate, offering a |
, gentle contrast in color. '

« Expected to be mitigated by broader data coverage and reinforcement training.
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Conclusion - Contributions

« Efficiently extending SAM 2 with a Semantic Perceiver allows direct bridging of its

rich visual features to an LLM for semantic understanding.

« A parallel decoding design for mask and semantic generation enhances

computational efficiency.

« The development of a high-quality, multi-granularity dataset, including pioneering

region-level streaming video captions.

<27 >
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Conclusion - Limitations

« Limited capability for general understanding tasks, e.g., VQA.

 |ts real-time streaming video region captioning capability is still hindered by the

excessive number of visual tokens.

« Trade-off between efficiency and granularity when processing long videos.
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Thanks for listening!
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Experiments: Ablation

Method LVIS RefCOCOg HC-STVG time
(S.IoU) (METEOR) (METEOR) (ms/it)

+4 78.9 26.1 225 972 . i
e b 0 . ont Number of semantic tokens.
+ 64 80.0 27.0 23.5 1143
+w/o(0)  77.6 24.6 213 967
Method LVIS RefCOCOg HC-STVG

(S.IoU) (METEOR) (METEOR)
All in one 78.7 25.8 21.6 « Training stages.
S1—2 79.7 26.7 22.4
S1—=15—=2 796 26.9 23.3
Method LVIS RefCOCOg HC-STVG

(S.IoU) (METEOR) (METEOR)

LE. pre S2-FFM 78.4 25.0 219
LE. after S2-FEM  79.6 26.9 233 * Features from SAM 2.
all T. + sem.T 79.9 26.8 233
mask T. + sem.T 79.6 26.9 233
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