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Introduction

Video Object Segmentation(semi-supervised VOS)

< Video Object Segmentation(VOS)O|Zt?
+  Video W &dl= ANE =2f Q) B2 25t FH5= 7=

- AT 20 o, S HE S Chyet =HeloM ZEE
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Introduction

Video Object Segmentation(semi-supervised VOS)

< Video Object Segmentation(VOS)= {2 A| =& Ent?
¢ B frameo] CHBH mask 212 > ATl frameO A ZS HH|Z HalARSE task

«  U&A: Video & Annotation(X frame2| &4 L& mask)

Annotation: & frame mask
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Introduction

Video Object Segmentation(semi-supervised VOS)

< Video Object Segmentation(VOS)= {2 #| 3 E 7P
« A framed]| CHEt maskE Y= > HEHQl framediM 22 K| E 22|/FH = task

-« &3 Video & Annotation(X frame2| &% L& mask) > &3: &= frame0f|l A segmentation 21}
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Introduction

Paradigm shift to language guided VOS

< Annotation= X}HO{E HIHY EXp
- Annotation2 OffH ZHK| 2 =MEX| HEHE == 70| =219l ot

*  Visual guided in VOS >

Annotation: & frame mask
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Introduction

Paradigm shift to language guided VOS
< AnnotationS X}HO{Z HHIY EXH

«  Annotation OftH ZHX|Z2 XXX HEE == J10| =20l Hst

*  Visual guided in VOS - language guided in new VOS task?

“baby gorilla” ‘

Annotation: XF& 0

-9/57-

a2

KOREA UNIVERSITY



Introduction

Referring VOS & Reason VOS

% Explicit vs Implicit language guideline

«  Referring VOS(RVOS): 25t text queryZ videol| 21N E =&
«  Reasoning Vos(Reason VOS): 2 5t text queryZ video2| 24X & &%t
> Functional/Affordance Reasoning
»  Causal Reasoning
»  Spatial/Temporal Reasoning
»  World Knowledge Integration
Reason VOS Reason VOS

“the object that will protect

“the cat on the left” you from the rain”
“the dog jumping” “the person second from left”
“the person in red shirt” “the cup that was used most
frequently”

) ) B0 o aicporn
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Introduction

Datasets

% RVOS/Reason VOS task2| SZ&ti} at7j| 23 dataset = LS| T S
2018~2022: HA|X H#HS 7|HE RVOS H|O|EH Al §|=
e 2023~2025: O 2Tl RVOS & =2 7|8t Reason VOS H|O|E{ All

Evolution from RVOS to ReasonVOS: Dataset Timeline (2018-2025)

Dataset Type RVOS Era ReasonVOS Era
® RVOS Datasets VideoReasonSeg  GROUNDMORE
Spatiotemporal [} Rea§onVOS I)a[ase@ | ~ ~
ReVOS
World Knowledge
ReasonVOS

ActionVOS InterRVOS-8K
= Interaction-centric A

Dataset Category

Multi-modal * OCID-Ref

A2D-Sentences

Temporal-centric m JHMDB-Sentences ™ n
TS MeVis Long-RVOS
Ref-DAVIS16
Ref-DAVIS1T7
J Dataset Category
. Refer-YouTube-VOS . .
General-purpose v @ T General-purpose Interaction-centric |
Temporal-centric World Knowledge
Timeline Multi=-modal Spatiotemporal
2018 2019 2020 2021 2022 2023 2024 2025

Publication Year
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Introduction

Challenge of RVOS & Reason VOS

< Language guided VOS2| 7| & VOS CHH| Challenge= £ 7P

«  RVOS: cross-modal alignmentE 2 22

I

I

I

I

. |
language vision |
I

I

I

I

I

I
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Introduction

Challenge of RVOS & Reason VOS

< Language guided VOS2| 7|&E VOS LHH| Challenge= FA 72
«  RVOS: cross-modal alignmentE 2 22
*  Reason VOS: implicitet 2| Z CHF[0f 5t7| |2 0f =718 2l reasoning0| 282

I

I

I

I

. |

language vision | + Reasoning

| I
I

I

I

I

I
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Algorithms
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Referring VOS
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Referformer

Language as Queries for Referring Video Object Segmentation

/7

% Language as Queries for Referring Video Object Segmentation
« 2022 CVPR accept paper

. 3343|028

Language as Queries for Referring Video Object Segmentation

Jiannan Wu',  YiJiang® Peize Sun!, Zehuan Yuan®, Ping Luo!

'The University of Hong Kong  *ByteDance

(| Abstract
|
f":\:’] Referring video object segmenration (R-VOS) is an

emerging cross-modal task that aims to segment the target
abject referved by a language expression in all video frames.
z In this work, we propose a simple and unified framework

built upon Transformer, termed ReferFormer. It views the

“atiger on 2 leash®
[a} battam-up

ey language as queries and dirvectly attends to the most rele- . —-_-_
= vant regions in the video frames. Concretely, we introduce - |
——  a small set of object queries conditioned on the language | %
} as the input to the Transformer  In this manner, all the “a tigar o8 laash®
@) queries are abligated to find the referved objects only. They v

. are eventually transformed into dynamic kernels which cap- Vol tap-donm
:: ture the crucial object-level information, and play the role
——  af convolution filters to generate the segmentation masks

Wu, J., Jiang, Y., Sun, P., Yuan, Z., & Luo, P. (2022). Language as queries for referring video object segmentation. Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern

Recognition, 4480-4490.
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Referformer

Language as Queries for Referring Video Object Segmentation

/7

«» Before Referformer
*  Bottom-up: A[Z-210] & fusion > FCN S}

> 2} ZA0| X[Y &l M| QIX| OtX| 2=
»  Top-down: segmentation LE = 2= K| Z A= > grounding 22 = X0 F2|0f| Z= 24K| MEH

TXHxWXxC

Bottom-up
"a tiger on a leash"
TxHxWxC
- Segmentation
Model
Top-down
o " Grounding
a tiger on a leash Model

KOREA

-17/57 - e |v Llgm)

KOREA UNIVERSITY



Referformer

Language as Queries for Referring Video Object Segmentation

* Bottom-up:
> O E feature =T 0l A fusion Stz 24! >
> ZHY =8 M2 - Al 22tE 25 >
« Top-down:
> Segmentationt groundingO| 22|E & > 4 25
> N 2 tracklet ‘4d = AHAHO|QF YX|SH=X| HHE

-18/57 -
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Referformer

Language as Queries for Referring Video Object Segmentation

© OH Zo| shAEES o1k

* Bottom-up:

> AO|E feature =T 0| M fusion SH= Al > OfH ZHH|E

ot

HOLOF Sh=X[0f| Tt 7HE F XY

-19/57 -




Referformer

Language as Queries for Referring Video Object Segmentation

< Referformer= 0| WHEL| SHA|E O{BA s 2SR
- Backgrounds: DETRZ object queryZ &5 instance TH[ =2 2%
> Backbone(CNN)2 £ O|0|X| E& = — Transformer Encoder2 S%
> N7H2| object query?| Transformer Decoder0i|A] O|0|X| £& 1} attention — Zt query”Zt 2| StLHE HESH= instance
embedding2 2 £zt
> FFN(Prediction Head)O| 2} instance embedding= 20} class(O1™ 24|21 X]) + bounding box(AC|0f| JLE=X]) =& —
instance EHRI2 28K EfX| 2tz

backbone :: encoder

T/_\."\. FFN c:?:xs 3

FFN || "0 |

| el = transformer transformer Lobject §
S encoder decoder ! FEN Lo cess. |
: l: . box
. |_box
I 'I
' | no
' ‘ Eti F_tfl ‘ | FFN 7" object
I i 1 o
I "

e e e e o A b b

Carion, N., Massa, F., Synnaeve, G., Usunier, N, Kirillov, A., & Zagoruyko, S. (2020). End-to-end object detection with transformers. Proceedings of the European Conference on Computer

Vision, 213-229.
- - 3 1 a
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Referformer

Language as Queries for Referring Video Object Segmentation

% Referformer= 0| HHHZE0| StAH|E O{EA| s AM=S7P?

*  Query based mechanism of Transformer(DETR based):

> object query = O|O[X|0f| A YOLM Z4HM|E St B> OfH AN E XX YFE LA| Y2 HEf
Cross-modal Feature Pyramid Instance Sequence Segmentation
Input @ Inference
f:\ 1
@ Element-wise 5 Sequence ©
Matchi
@ Concatenation ehine O
@ Dynamic Convolution

D::Ij [ Box Head ] [ Mask Head ] [ Class Head ]

Backbone  reesesssssssscssacssses T ______________________

Transformer
Decoder
f2

Initial Conditional Query | O A ¥ Transformer
F, o
a person skateboarding LT 1] :::lei :j tl |j

Lx(C NxC

Transformer |
Decoder

Pyl
|
P

- - 3 1
21/57 asiose



Referformer

Language as Queries for Referring Video Object Segmentation

/7

% Referformer: languageE query= &&3}xH
«  Query based mechanism of Transformer(DETR based):
> object query = O|0|X|0f| A YOFM K| E &= BHE

> OfH 24
. Motivation: H-SEE] 210] CHA{S Ur ERHTE EQI51H ofH?

H7H AT} 22
KIS Ct Zope Xt

“red apple”

KOREA

-22/57 - e |v Llgm)

KOREA UNIVERSITY



Referformer

Language as Queries for Referring Video Object Segmentation

/7

% Referformer: languageE query2 &&3}xH

*  Query based mechanism of Transformer(DETR based):
> object query = O|O|X|0f| A YOt KM E &= EFY

-> 0= 4
+ Motivation: NS 10| CHAS e EPTH £ UHH o{Ep

Cross-modal Feature Pyramid Instance Sequence Segmentation

Input

Inference

@ Element-wise Sum

@ Concatenation

@ Dynamic Convolution

(ONON

Slequenoe
T |,—» Matching
D::Ij [ Box Head ] [ Mask Head ] [ Class Head ]
1 {

Backbone

IJ .

1

i

i 1

' f t H
1

| Transformer Transformer Transformer '

: Decoder Decoder Decoder !

H h f f !

! 1

1

Ay

Initial Conditional Query | O A ¥ Transformer
— o ) = -
. Text Pool &
a person skateboarding .. S :thUj J
b b

Object queryE guided|F& 20| EHA!

- - = n
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Referformer

Language as Queries for Referring Video Object Segmentation

< Methods
« ™A mo|=2}2l: Backbone
Visual Encoder + Text Encoder2 A|Zt/

e
L
Alm
0A
ol
T

Multi-scale feature map &=

=2

visual feature

word-level feature

e 0000
encoder _,DOOD

sentence-level feature
Object queryE guidediF= A&
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Referformer

Language as Queries for Referring Video Object Segmentation

s Methods

« MH| mtOo|=2}2l: Backbone = Transformer

Conditional queryE 222 £ instance embedding 2444 > 2} Prediction head= 37tX| 0| & =
> 2 querye frame?t 22 weightE 37 > LIS 0| 22 24| QIX| 2ol e X
Box Head: Z4A|7} O|O|X| O{C|0f A=R
o|Z (bounding box)

Class Head: O 4|7} X[ & 1 24l

X| O|= (Yes/No)
Mask Head: O Z{H|2t A2{d &&E Jt5
encoder encoder
[ box ] [ mask ] [ class ]
? ? ? Instance embedding

[[‘A. loAD | @AM ] ](frame7H¢_T*N)

visual feature

word-level feature

ot 0000
encoder DDDD

sentence-level feature

vy

Transformer Decoder

Object queries N7l

- - i —
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Referformer

Language as Queries for Referring Video Object Segmentation

s Methods

« MH| mLo|=2}2I: Backbone = Transformer > CM-FPN->

o AZ/AOIE M LA 8t feature map A4

»
»

Feature-pyramid-

Cross-modal 47 AH Y BEO|AM A|ZHAI0|E
MEsHA s
network

> Mask ‘44 ™ feature map 4
A

SEE

UQAIHOADMQAI]]

visual Transformer
encoder encoder
visual feature
Fine-grained & %H8
with visual features
word-level feature
text
encoder

0000

sentence-level feature

Transformer Decoder

Object queries N7l

KOREA

) ) I
26/57 iy



Referformer

Language as Queries for Referring Video Object Segmentation

s Methods

. TX| mtO|Z2}2l: Backbone = Transformer > CM-FPN-> Segmentation & Instance-sequence-matching

o T7H =& MMM Ha scoreZt 7HY =2 instance sequence 41 EH

visual Transformer
encoder encoder
visual feature
word-level feature
text
encoder

0000

sentence-level feature

Mask 244
Cross-modalo Instance-
Feature-pyramid- sequence
network matching
A

] Dli/:fnrg;c ] | probability
[ box [ mask ] [ class ]

UQAIHOADMQAI]]

N———

Box
location

Transformer Decoder

Object queries N7l
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Referformer

Language as Queries for Referring Video Object Segmentation

0’0

Experiments

«  Ref-Youtube-VOS, Ref-DAVIS17, A2D Sentence, JHMDB-Sentences 2l X|OF=.0{| A SOTA

Ref-Youtube-VOS

Ref-DAVIS17

Method Backbone TeF F { TeF 7 r
Spatial Visual Backbones

CMSA [°7] ResNet-50 349 333 365 347 322 372
CMSA + RNN [57] ResNet-50 364 348 381 402 369 435
URVOS [17] ResNet-50 472 453 492 | 515 473 560
ReferFormer ResNet-50 556 548 565 58.5 558 613
ReferFormer® ResNet-50 58.7 574 601 - - -
PMINet [10] ResNeSt-101 48.2  46.7 496 - - -
PMINet + CFBI [11] ResNeSt-101 530 515 545 - - -
CITD® [27] ResNet-101 564 548 581 - - -
ReferFormer ResNet-101 57.3 56.1 58.4 - - -
ReferFormer* ResNet-101 593 581 604 - - -
PMINet + CFBI [11] Ensemble 542 53.0 555 - - -
CITD [*7] Ensemble 6l4 600 627 - - -
ReferFormer Swin-L 624 608 64.0 60.5 57.6 634
ReferFormer* Swin-L 64.2 623 66.2 - - -
Spatio-temporal Visual Backbones

MTTR' (w = 12) [] . 553 540 3566 R - -
ReferFormer | (w = 5) | V90 SWInT | 560 548 573 | - - -
ReferFormer . 594 58.0 609 - - -
ReferFormer* Video-Swin-T | 6 599 633 | - - ;
ReferFormer . . 60.1 58.6 616 - - -
ReferFormer* Video-Swin-S | ¢33 614 652 | - - ;
ReferFormer Video-Swin-B 629 61.3 o646 61.1 581 641
ReferFormer* 649 628 67.0 - - -

Precision ToU

Method Backbone | pans pe06 P@0T P@OS P@0Y | Overall Mean | AP
Huetal [17] VGG-16 348 23.6 13.3 33 0.1 474 350 | 13.2
Gavrilyuk eral. [17] 13D 47.5 347 21.1 8.0 0.2 536 42.1 19.8
CMSA + CFSA [5¢] ResNet-101 48.7 43.1 35.8 23.1 5.2 61.8 432 -

ACAN [44] 13D 55.7 459 319 16.0 2.0 60.1 49.0 | 274
CMPC-V [77] 13D 65.5 59.2 50.6 34.2 9.8 65.3 57.3 | 404
ClawCraneNet [77] ResNet-50/101 70.4 67.7 61.7 48.9 17.1 63.1 59.9 -

MTTR (w = 8) ['] Video-Swin-T 72.1 08.4 60.7 45.6 16.4 70.2 61.8 | 44.7
MTTR (w = 10) [] Video-Swin-T 754 71.2 63.8 48.5 16.9 72.0 64.0 | 46.1
ReferFormer! (w = 6) | Video-Swin-T 76.0 72.2 63.4 49.8 17.9 723 64.1 | 48.6
ReferFormer (w = 3) Video-Swin-T 82.8 79.2 723 55.3 193 716 69.6 | 52.8
ReferFormer (w = 5) Video-Swin-S 82.6 79.4 73.1 574 21.1 717 69.8 | 53.9
ReferFormer (w = 5) | Video-Swin-B 83.1 80.4 74.1 57.9 21.2 78.6 70.3 55.0

Table 2. Comparison with the state-of-the-art methods on A2D-Sentences. | means our model is trained from scratch.
Precision IoU

Method Backbone | pags p@s P@OT P@OS P@09 | Overall Mean | ™F
Hueral [17] VGG-16 63.3 35.0 8.5 0.2 0.0 54.6 528 | 17.8
Gavrilyuk er al. [17] 13D 69.9 46.0 17.3 1.4 0.0 54.1 542 | 233
CMSA + CFSA [7] ResNet-101 76.4 62.5 38.9 9.0 0.1 62.8 58.1 -

ACAN [45] 13D 75.6 56.4 28.7 34 0.0 576 584 | 289
CMPC-V [2H] 13D 81.3 05.7 37.1 7.0 0.0 6l1.6 61.7 | 342
ClawCraneNet [77] ResNet-50/101 88.0 79.6 56.6 14.7 0.2 644 65.6 -

MTTR (w = 8) ['] Video-Swin-T 91.0 81.5 57.0 14.4 0.1 674 67.9 | 36.6
MTTR (w = 10) [] Video-Swin-T 939 85.2 61.6 16.6 0.1 70.1 69.8 39.2
ReferFormer! (w = 6) | Video-Swin-T 93.3 84.2 6l.4 16.4 0.3 70.0 69.3 | 39.1
ReferFormer (w = 5) Video-Swin-T 95.8 89.3 66.8 18.9 0.2 719 71.0 | 422
ReferFormer (w = 5) Video-Swin-$ 95.8 90.1 68.7 20.3 0.2 72.8 715 | 424
ReferFormer (w = 5) | Video-Swin-B 96.2 90.2 70.2 21.0 0.3 73.0 718 | 43.7

Table 3. Comparison with the state-of-the-art methods on JHMDB-Sentences.

-28/57 -
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Referformer

Language as Queries for Referring Video Object Segmentation

% Experiments
«  Conditional queryE 571 ‘= AFERHS [ %A

- 22l DETRZ object queryE 1007l ‘H &= Ar&5t= A0 default > query +5 217|522 =¢

Effect of number of conditional query

57
56
55
54
53
52

J&F

KOREA
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Reasoning VOS
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VISA

VISA: Reasoning Video Object Segmentation vialLarge Language Models

% VISA: Reasoning Video Object Segmentation via Large Language Models

. 2024 ECCV accept poster

. 1743 218

VISA: Reasoning Video Object Segmentation via

Large Language Models

Cilin Yan®', Haochen Wang%?, Shilin Yan?, Xiaolong Jiang®, Yao Hu?®,

Guoliang Kang*!, Weidi Xie*, and Efstratios Gavves?

! Beihang University
* University of Amsterdam
3 Xiaohongshu Inc.
4 Shanghai Jiao Tong University

Abstract. Existing Video Object Segmentation (VOS) relies on explicit
user instructions, such as categories, masks, or short phrases, restricting
their ability to perform complex video segmentation requiring reasoning
with world knowledge. In this paper, we introduce a new task, Reasoning
Video Object Segmentation (ReasonVS). This task aims to generate a
sequence of segmentation masks in response to implicit text queries that
require complex reasoning abilities based on world knowledge and video
contexts, which is erucial for structured environment understanding and
object-centric interactions, pivotal in the development of embodied Al
To tackle ReasonVOS, we introduce VISA (Video-based large language
Instructed Segmentation Assistant), to leverage the world knowledge rea-
soning capabilities of multi-modal LLMs while possessing the ability to
i sl i 1 | 2 to ia i itk 0 | s | | A Eee?

Yan, C, Wang, H., Yan, S, Jiang, X, Hu, Y., Kang, G., Xie, W., & Gavves, E. (2024). VISA: Reasoning video object segmentation via large language models. Proceedings of the European

Conference on Computer Vision.

-31/57-
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VISA

VISA: Reasoning Video Object Segmentation vialLarge Language Models

\/
0’0

VISA: Reasoning Video Object Segmentation via Large Language Models
«  Implicit? text query= H|C|L & K| E 2t FXSH= Reasoning VOS task A|QF

> Visual-language alignmentZt2 2= task 0| 021
« 1042702 H|C| L / 350744 9] text query I X|OF3 ReVOS H| Ot

........................

Who will take the baton? xt; D ‘};(’f 2 : ¥ - M i
0 ¢ B |
v P ~ ~ < - A :
D . It is <SEG:
] Mul]tlLI\]:/[IOdel bl LorA > D D
:
o . J r‘ Object

et framework

srg

b (
TRE Visual ¢ Mask !
Encoder Decoder Mgt
- &

Wi huh species of dog has hlgher IQ? Which species of dog has lower 1Q?

water transporlatlon that requires paddles for movement. the source of power for the boat individual ps nl(lhn a boat.

Which person brings something in case of fire emergency? What could be operated by wireless remote equipment?

-32/57- | Dot
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VISA

VISA: Reasoning Video Object Segmentation vialLarge Language Models

< VISAE Reasoning VOS taskE Ot WAoo 2 3lSp
«  Backgrounds: Image segmentation0f| A= MLLM2| =2 532 0|0| &&

+  Motivation: "MLLM2| =& 522 Video ObejctOiM = ZI 7 88 +~ ei27p"

Vision
Backbone
N
Multi-Modal
= - LLM
What is the food with the most F
Ttzt Vitamin C in this image? Please = O Xife S5k O Trainavle
output segmentation mask. \. J \. J Feozéa
LISA(2024,CVPR)

Xia, C., Liang, J., Xiao, J., Li, Z, Loy, C. C,, & Dong, C. (2024). LISA: Reasoning segmentation via large language model. Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR).
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VISA

VISA: Reasoning Video Object Segmentation vialLarge Language Models

< Methods
- X Io|=Z2}Ql: Text-guided Frame Sampler(TFS)
«  VQAE MLMQ! LLama-VIDZ text 7| 7t SEX QI frame fi,, 2 HZEE frames x, A1H

=
> Lama-VID: 2 frame & 2712 token2 Z A=A 7! HIC|LE M2| 7ts, but SZHAQ "E A4

text descripton

________________________________________________ N

“<VIDEO> To find{description},
which percentage mark of the video
<— should I check?

Please respond with a number

between 0% and100%."
Llama-VID ° °

HC|2o] R} HUE X|HS =% 23

HHOl frame

-34/57 - naioete
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VISA

VISA: Reasoning Video Object Segmentation vialLarge Language Models

% Methods
- X mto|Z=2}2l: Text-guided Frame Sampler(TFS) = MLLM reasoning

o MEH frame+HIAEE MLIMO]| &3 > <SEG> token2| OHX|2} layer embedding &

It is <SEG>.

Mu:tl\:qodel 4}’ LoRA > C] [3 D C]

“USER: <f;4¢:><x,> Can you segment
the {description}?

ASSISTANT: Yes, it is <SEG>."

N

MLLMO| F=E53t

Sl Hx-||o| I—Ixﬂ EIHEI- O|X| I—IEE
<SEG> EZ Lt

| oz

=y

-35/57- | Dot
KOREA UNIVERSITY



VISA

VISA: Reasoning Video Object Segmentation vialLarge Language Models

< Methods

- X mto|Z=2}2l: Text-guided Frame Sampler(TFS) = MLLM reasoning
o MEH frame+EIAEE B R > <SEG> token?| OFX|E} layer embedding =

e <SEG> token?2| OtX[Z} layer embedding = MLP - hidden state hs

AH A
eg o o

Multi-Model
LLM

LoRA

It is <SEG>.

-36/57 -
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VISA

VISA: Reasoning Video Object Segmentation vialLarge Language Models

s Methods
- MK IZpo| =2}l Text-guided Frame Sampler(TFS) = MLLM reasoning = Mask Decoding & Tracking

hseg = Mask decoderdl 'E 0| keyframe2| mask 4443 > object tracker0ll ‘@0 LI X| frame2 2 1t

> Mask Decoder: SAM(2024) / Object Tracker: XMem(2022)

It is <SEG>.
Mulltj]-_‘NIJIOdel + LoRA D [:] C]

o Object
Prompt embedding [~ = Tracker
A2 2 (| hey f

T Visual ¢  Mask
Encoder Decoder

Mg = SAM(Sv(ftgt): hseg) .

-37/57- e |v Llgm)
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VISA

VISA: Reasoning Video Object Segmentation vialLarge Language Models

0’0

Experiments

Table 1. Performance comparison on ReVOS dataset. * means the method is reproduced in this work. (IT) means instruction tuning with

the ReVOS training set. R is the robustness score.

H| ke HIX|0FR.21 ReVOSOf A SOTA B
Reasoning taski® 2 OFL|2} referring task 0| A = SOTA =

Method | Backbone | referring reasoning overall R
| | g F J&F J F J&F J F J&F
ReferFormer [47] Resnet50 16,6 17.1 169 119 138 128 143 154 149 49
MTTR [2] Video-Swin-T 298 302 300 204 215 210 251 259 255 5.6
LMPM [#] Swin-T 29.0 39.1 34,1 133 243 188 21.2 31.7 264 3.2
ReferFormer [47] Video-Swin-B 31.2 343 327 213 256 234 262 299 28.1 8.8
LLaMA-VID [2]]+LMPM | Swin-T 29.0 39.1 341 128 237 182 209 314 26.1 34
LISA[I17] LLaVA-7B 443 47.1 457 338 384 36.1 39.1 427 409 93
LISA*[17] LLaVA-13B 452 479 466 343 39.1 367 398 435 416 8.6
TrackGPT(IT)* [3¥] LLaVA-7B 46.7 497 482 36.8 41.2 390 41.8 455 436 11.6
TrackGPT(IT)* [3¥] LLaVA-13B 48.3 50.6 495 381 429 405 432 468 450 128
VISA Chat-UniVi-7B 51.1 547 529 367 41.7 39.2 439 482 46.1 79
VISA Chat-UniVi-13B | 52.3 55.8 54.1 383 435 409 453 497 475 83
VISA(IT) LLaVA-7B 494 526 510 40,5 458 432 449 492 471 153
VISA(IT) LLaVA-13B 557 59.0 574 419 465 442 488 528 508 15.1
VISA(IT) Chat-UniVi-7B | 49.2 526 509 40.6 454 430 449 490 469 15.5
VISA(IT) Chat-UniVi-13B | 55.6 59.1 574 42.0 46.7 443 488 529 509 145
-38/57-
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Experiments

«  Referring VOS #IX|O0r=0f| M = SOTA =8

«  RVOSE RESEL &2 35715

Table 2: Performance comparison on Referring VOS datasets. The results on MeViS
above the horizontal line are provided in LMPM |8|, which are all obtained with the
Swin-T backbone. The results of TrackGPT on MeV1S are generated by our reproduced
maodel.

Methods |Backbone | Mevis Ref-YT-VOS  Ref-DAVISIT
| | g F J&F J F J&F J F J&F
URVOS [34] ResNet50 25.7 29.9 27.8 453 49.2 47.2 47.3 56.0 51.6
LBDT [11] ResNet50 27.8 30.8 29.3 482 50.6 494 - - 541
MTTR [2] Video-Swin-T |28.8 31.2 30.0 54.0 56.6 553 - - -
ReferFormer [44]|Video-Swin-B  |29.8 32.2 31.0 61.3 64.6 62.9 58.1 64.1 61.1
LMPM |8 Swin-T 342 402 372 - - - - - -
OnlineRefer [43] |Swin-L - - - 616655 63.5 61.6 67.7 64.8
LISA [16] LLaVA-7B 35.1 39.4 37.2 534 54.3 53.9 62.2 67.3 64.8
LISA [16] LLaVA-13B 35.8 40.0 37.9 54.0 54.8 544 63.2 68.8 66.0
TrackGPT [35] |LLaVA-7B 37.6 42.6 40.1 553 57.4 56.4 59.4 67.0 63.2

LLaVA-13B 39.2 43.1 41.2 58.1 60.8 59.5 62.7 T0.4 66.5
Chat-UniVi-7TB | 40.7 46.3 43.5 59.8 63.2 615 66.3 72.5 694
Chat-UniVi-13B|41.8 47.1 44.5 61.4 64.7 63.0 67.0 73.8 70.4

TrackGPT [35]
VISA (Ours)
VISA (Ours)
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% Experiments
* [ ARSI EES0| 2= MEOIM 2f 2% = == > TFS7H 21t
»  Global-Local sampling= ¢t reference frame= A& S I 7HE d&0| =2 > HI/X[GH 0l HE &

=
«  HZEOI= frameO| HOME =5 450| & E

tot

X =2
o

Table 5: Overall 7&F on ReVOS with
different number T} of reference frames
X, and different sampling strategies.

|T,.|wfu Sample|Gluba1 Local Global-Local Global: E‘oel-é-l'}” EX'" Hl E|20‘||A‘| sampling

o [h}. e 439 445 44.6 Local: fi5e & FIZ HHXO[H sampling

12 - 445 44.9 45.0

0 44.3 . _ ] Global-Local: HEH2 global, LIHX| EEE2 local sampling
fege| 6 - 16.0 46.1 16.3

12 - 16.7 463 16.9 f,= A frame

fige = TFSE Soll B4 El frame
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Limitations of VISA

< VISAQ| gHA|= SN2
® HIeHE! Temporal Context
> EHY <SEG> EE SILER 7| =Y £ M HICIRE BN
— | ZF H2kinter-frame variation)2t AlSZt EE S S=9| HAl 2
@ FH&5t Keyframe Selection
> VISAE 2|5 2 |[aMA-VIDZ 7| =2 S MEH
— = &ot temporal reasoningO| 29t H|C|20f| A H2tot A4E10| 022
® +2|Fl Segmentation & Propagation 2=
> 7|ZH|2 segmentationSAM) T OFA S FIHXMem)S EIH2| AFHSHS DEZ K2

— end-to-end &t&-TE 27}, 4 220| FII EEHCZ Mo}
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% The Devil is in Temporal Token: High Quality Video Reasoning Segmentation

The Devil is in Temporal Token: High Quality Video Reasoning Segmentation

Sitong Gong', Yunzhi Zhuge'! Lu Zhang!, Zongxin Yang®, Pingping Zhang', Huchuan Lu'
'IAU, Dalian University of Technology, *Havard University

stgongfmail.dlut.edu.cn, zgyzBdlut.edu.cn

Abstract

Existing methods for Video Reasoning Segmentation rely
heavily on a single special token to represent the object
in the keyframe or the entire video, inadequately capiur-
ing spatial complexiry and inter-frame motion. To overcome
these challenges, we propose VRS-H(Q, an end-to-end video
reasoning segmentation approach thar leverages Muln-
modal Large Language Models (MLLMSs) to inject rich spa-
tiotemporal features imio hierarchical rokens. Our key in-
novations include a Temparal Dynamic Aggregation (TDA)
and a Token-driven Keyframe Selection (TKS). Specifically,
we design frame-level <SEG> and temporal-level <TAK>
tokens that wtilize MLIM's autoregressive learning to ef-

fectively capture both local and global information. Sub-

sequently, we apply a similarity-based weighted fusion
and frame selection straregy, then utilize SAM2 1o per-

form keyframe segmentation and propagation. To enhance
! MR f

Treo o 1

explicit descriptive phrases like “a person skateboarding™,
VRS leverages the extensive world knowledge and temporal
reasoning capabilities of Multimodal Large Language Mod-
els (MLLMs) to transform implicit intent-based expressions
into precise object masklets.

Despite recent advancements in Video Reasoning Seg-
mentation (VRS), such as VISA [39] and VideoLISA [1],
significant challenges still exist. (i) Limited Temporal
Context: Existing methods [1, 39] typically rely on a sin-
gle segmentation token from an MLLM for keyframe-based
segmentation (cf. Fig. | (a)), resulting in limited temporal
context and hindering the effective capture of inter-frame
variations and spatiotemporal features. (i) Suboptimal
Keyframe Detection: The LLaMA-VID [1Y] model, used
by VISA for keyframe detection, can produce inaccurate
keyframes, particularly in videos requiring complex tempo-
ral reasoning. (iii) Decoupled Segmentation and Propa-
gation: VISA's reliance on separate, pre-trained models for

Gong, S., Zhuge, Y., Zhang, L., Yang, Z., Zhang, P., & Lu, H. (2025). The devil is in temporal token: High quality video reasoning segmentation. Proceedings of the IEEE/CVF Conference on

Computer Vision and Pattern Recognition.
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% VRS-HQ= VISA2| SHA|E O{EH| sl A3 =72

. o . il = o A o
*  Motivation 1: T EZ2 2= 57 JH A HEE SA|0| S = 8IX| 27
+  Motivation 2: SAMZ} TrackerE = 2|0HA| 211 Lo HEHIZ Seiet 4= ISk
Please find {exp} in the Reference Video and segment it in
each frame and the entire video respectively. Py ™
: M
A’ml Temporal Token Encoding
Multimodal Large ) e N[[l?, Ry | Temporal Dynamic ki, Mask Decoding
Language Model Ttak hiak | Aggregation and Propagation
Xy Inference Trair-ling"\.‘ LoRA {]' ’I lh;uk non-keyframe | | Xy
X7 Xy Token-driven

>

" Keyframe Selection

(a) Overall Pipeline

KOREA
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% Methods
- TH| m}o|=Z2}2l: Temporal Token Encoding
«  CUP 7|gt Sampling video frame & text - <SEG> & <TAK> token embedding = MLP(SAM2 embedding
&1
«  <SEG>: Tt frame?| spatial HE E7|

o +<TAK>: MH| videoE CHESH= temporal token > 8| 7F 2| & et

m[o

=2 7

Please find {exp} in the Reference Video and segment it
in each frame and the entire video respectively.

sampling ’_lseg & hseg
\-’ MLLM ——  MLP —
Etak htak

video
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% Methods
- A mo|= 2}l Temporal Token Encoding = TDA(Temporal Dynamic Aggreagation)
«  Zf frameQ| <SEG> 2} SHLEC| <TAK> cosine similarity |4

o H3tE cosine similarityE 7FEX| 2 AFRSH <SEG>E <TAK>Of| At > [ SESHA|Z7H S A

T!
/ _ .
hiar = Rear + @ Aihseg [i]
i=1
Sampling. }_lseg hseg Temporal
\ MLLM > MLP — Dynamic
Reak heak Aggregation
LoRA - 1h’tak

video
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< Methods

MA| LHO| 2+l Temporal Token Encoding = TDA - TKS(Token-driven Keyframe Selection)
VOS foundation model?! SAM2E &
Sampling video frame & h';q, > SAM20| 22 > occlusion score AHE (AKX =X H )

Z} framel| <SEG>2t <TAK> 9| cosine similarity & & A5 Al keyframe A1 E4

Please find {exp} in the Reference Video and segment it
in each frame and the entire video respectively.

1 text

Sampling. }_lseg 0 hseg Temporal
\ MLLM > MLP — Dynamic
}_ltak htak Aggregation

LoRA 6 1 h’tak

video Token-driven
Keyframe
Selection

v

keyframe
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% Methods

MA| LHO| 2+l Temporal Token Encoding = TDA - TKS(Token-driven Keyframe Selection)

+  VOS foundation model?! SAM2E &8

«  Sampling video frame & h'y, > SAM20| €& > occlusion score A& (A =X B=)

«  Z} frame2| <SEG>2} <TAK>2| RALZE ALt token score®t SHAHSHA keyframe 41 EH

i

W

_____ -+ Only Inference

(c) TKS
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% Methods
- A Zo| =2}l Temporal Toekn Encoding - TDA=> TKS - Mask Decoding & Propagation
-« MEHE key frame mask S
>  MEHE| keyframe2| O|O|X| EXS SAM2 image encoderZ F= & h'yy, > SAM2 mask decoder

*  Keyframe maskE 2 2 HILISHA TH| frame2| mask S

Please find {exp} in the Reference Video and segment it
in each frame and the entire video respectively.

f

h'a . Mask Decoding
© & Propagation

hseg 0 hseg Temporal
MLLM == MLP —> Dynamic
Etak htak Aggregation

LoRA W e

Token-driven
Keyframe
Selection

\ 4

keyframe
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% Experiments

«  ReVOS2} RVOS dataset ZF0{| A SOTA 7| =

Table 1. Performance comparison with previous methods on ReVOS dataset.

referring reasoning overall
Methods Hackbone g F g&F g F geF| g F gaF| ®
MTTR [2] Video-Swin-T 208 302 300 |204 215 210 | 251 259 255 5.6
LMPM [7] Swin-T 290 391 341 133 243 188 | 212 317 264 32
ReferFormer [37] Video-Swin-B 312 343 327 | 213 256 234 | 262 299 281 8.8
LISA[17] LLaVA-7B 443 471 45.7 338 384 361 39.1 427 409 9.3
LISA[17] LLaVA-13B 452 479 46.6 343 39.1 36.7 398 435 41.6 8.6
TrackGPT [46] LLaVA-7B 46.7 497 48.2 368 412 39.0 41.8 455 43.6 11.6
TrackGPT [46] LLaVA-13B 483 506 495 | 381 429 405 | 432 468 450 | 128
VISA [39] LLaVA-7B 494 526 510 | 405 458 432 | 449 492 471 15.3
VISA [39] LLaVA-13B 557 590 574 | 419 465 442 | 488 528 508 15.1
VISA [39] Chat-UniVi-7B 492 526 509 | 406 454 430 | 449 490 469 | 155
VISA[39] Chat-UniVi-13B || 556 59.1 574 | 420 467 443 | 488 529 509 | 145
VRS-HQ Chat-UniVi-7B | 598 645 621 535 587 561 |566 616 59.1 | 197
VRS-HQ Chat-UniVi-13B | 61.1 655 633 541 594 568 | 576 625 60.0 | 189
Table 2. Performance comparison with previous methods on the validation sets of RVOS datasets.
Ref-YouTube-VOS Ref-DAVIS17 MeViS
Methods Backbone [ A s
MTTR [2] Video-Swin-T 540 566 553 - - - 28.8 312 300
LMPM 7] Swin-T - - - - - - 42 402 372
ReferFormer [37] Video-Swin-B 613 646 629 | 581 641 611 | 298 322 310
OnlineRefer [36] Swin-L 616 655 635 [6l6 677 648 - - -
DsHmp[11] Video-Swin-B 65.0 69.1 67.1 | 617 68.1 649 |430 498 464
LISA[17] LLaVA-7B 534 543 539 | 622 673 648 351 394 372
LISA[17] LLaVA-13B 540 548 544 | 632 688 660 358 400 379
TrackGPT [16] LLaVA-7B 553 574 564 | 594 670 632 376 426 401
TrackGPT [16] LLaVA-13B 58.1 608 595 | 627 704 665 392 431 41.2
VISA[39] Chat-UniVi-7B 508 632 615 | 663 725 694 | 407 463 435
VISA[39] Chat-UniVi-13B || 614 647 630 | 67.0 738 704 | 418 47.1 44.5
VideoLISA[1] e LLaVA-Phi-3-V || 61.7 657 637 | 649 727 688 |413 476 444
VRS-HQ Chat-UniVi-7B 683 725 704 726 794 760 | 476 537 506
VRS-HQ « Chat-UniVi-13B | 69.0 731 710 710 779 744 | 480 537 509
-50/57 - k(o g
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% Experiments
«  TDA+TKS = C} A Al referring -5.3p, reasoning -4.9p

— & 2E9| A|HX| 2IITDA tF= 7(0f > TKS tH= 7|0 — A7t HE SE0| sty
«  Fusion coefficeint

«  a=010| Z|H / a=00|™ TDAZ} S} ¢t ol d5 =&

- o 4T 3W ZY Y LO|=T} <TAK>Of| =S =Y — 25|2 &5 X5t

Table 4. Ablation analysis of TDA and TKS Table 5. Ablation analysis of the fusion coef-
components. ficient .
referring Teasoning referring reasoning
Components | g F J&F J F  JkF “| g F g&F 5 F gkF
wio TDA + TES || 545 541 568 486 539 512 0 156.5 6l.1 58.8 515 567 541
wio TDA 565 6.1 S88 515 567 54 0.1 | 598 645 621 535 3587 56.1
wioTKS | 578 624 601 500 562 535 025 | 589 638 6L3 523 518 550
VRS-HQ 598 645 621 535 587 S6.1 05 |[ 582 63.0 606 514 56.6 540

KOREA
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% Experiments

«  occlusion score(S3)7t 713 2 g H ¢l

> referring +2.3p, reasoning +1.7p

> MEFE2FAE AR ds

«  Sampling T &F Z0{= CLIP sampling0| 71 450| £5

Table 6. Ablation analysis of Token-driven

Keyframe Selection. S;, S2, and S5 repre-
sent CLIP scores, token similarity scores, and

occlusion scores, respectively.

referring reasoning
i % S 7 F g&F g F  J&F
v ooV V|| 397 642 619 525 578 552
Y 57.8 624 601 3509 562 536
v v || 596 641 618 325 577 551
v+ || 598 645 621 535 587 56.1

cgy.

Table 9. Ablation analysis of sampling strat-

. referring reasoning
Samplingstrategy | x “gux g F  J&F
Random Sampling || 59.0 63.6 613 3532 584 558
Uniform Sampling | 59.3 639 616 533 584 558

CLIP Sampling 598 645 62.1 535 587 56.1
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Conclusion

Referring to Reasoning

1. ReferFormer (2022, CVPR)

« Language as Queries TH2{CHR! X[Z= Xt object queryOfl §0] 7tO|EEIQIE &Y F
X

— MSEE XM= AN RES5H EHA
.  EX|/2&/F=HZ end-to-end 8

2. VISA (2024, ECCV)
- GCFY <SEG> token2 2 MLLM FE1H 28 AZ

o HgtEl AlZZt ESEHIE mask segmentationt trackingO| 22| & 71X HA|

3. VRS-HQ (2025, CVPR)
«  <SEG>E Z framel| St HEE, <TAK>2 2 TK| video2| A7t HE
> ASH AlS7H 729 K¢t
« SAM2 EQOZ end-to-end &&5-F2 A

- VISAS| SHAIE I 5
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Training-free, Zero-shot H&ko| A
. CoT-RVS(ICLR, 2026)
. Refer-Agent(arxiv, 2026)
. AgentRVOS(arxiv, 2026)

Published as a conference paper at ICLR 2026

Refer-Agent: A Collaborative Multi-Agent System with Reasoning and
Reflection for Referring Video Object Segmentation
COT-RVS: ZERO-SHOT CHAIN-OF-THOUGHT REASON-
ING SEGMENTATION FOR VIDEOS Haichao Jiang" Tianming Liang Wei-Shi Zheng! Jian-Fang Hu'

'Sun Yat-sen University

Shiu-hong Kao Yu-Wing Tai

The Hong Kong University of Science and Technology,  Dartmouth College
National University of Singapore
shkaofu .edu

lartmout

Chi-Keung T
‘The Hong Kong University of Science and Technology
cktangécs

ABSTRACT

Reasoning Video Object Segmentation is a challenging task, aiming at generating
a mask sequence from an input video given a complex and implicit text query.
While existing works finetune Multimodal Large Language Models (MLLM) for
the task, they still fail in video inputs given complex temporally-sensitive queries,
indicating their lack of temporal and spatial integration in complex scenar

g S. a novel framework employing the zero-shot
Chain-of-Thought (CoT) capability of MLLM to address these complex challenges
by temporal-semantic reasoning: CoT-RVS analyzes the visible objects within
a given frame that possibly match the language query (semantic), and chooses a
corresponding keyframe for each object that can be observed effortlessly among all
frames (temporal). Notably. the CoT-RVS framework is training-free and compati-
ble with closed-source MLLMs, which can be applied to Reasoning Video Instance
Segmentation. Our framework’s training-free feature further allows s extension to
process online video streams, where the CoT is used at test time to update the object
of interest when a better target starts to emerge and becomes visible. We conduct
extensive experiments on video object segmentation with explicit and implicit
queries. The results show that CoT-RVS significantly outperforms previous works
in both cases, qualitatively and quantitatively.

1 INTRODUCTION

Reasoning Video Object Segmentation (Reasoning VOS) presents a formidable challenge in the
field of computer vision, requiring the generation of a mask sequence from an input video alongside
an implicit and often complex text query (Yan et al., 2024; Bai et al., 2024)." Unlike traditional
vision-language tasks that directly associate visual data with textual descriptions, Reasoning VOS
requires more advanced cognitive capabilities due to the dynamic nature of video data, where factors
such as temporally sensitive queries, ocelusions and disocclusions due to rapidly moving object can
complicate ihe segmentation process.

arXiv:2602.03595v2 [cs.CV] 6 Feb 2026

Abstract

Referring Video Object Segmentation (RVOS) aims 10 seg-
ment objects in videos based on textual queries. Current
methods mainly rely on large-scale supervised fine-tuning
(SFT) of Multi-modal Large Language Models (MLLMs).
However; this paradign: suffers from heavy data depen-
dence and limited scalability againsi the rapid evolution
of MLLMs. Alihough recent zero-shot approaches offer
a flexible alternative, their performance remains signifi-
canily behind SFT-based methods, due ta the siraighifor-
ward workflow designs. To address these limitations, we
propose Refer-Agent, a collaborative multi-agent system

hal fectionneech fs s~
tem decomposes RVOS into step-by-step reasoning process.
During reasoning, we introduce a Coarse-to-Fine frame se-
lection strategy to ensure the frame diversity and texmal
relevance, along with a Dynamic Focus Layout that adep-
tively adjusts the agent’s visual focus. Furthermore, we
propose @ Chain-of-Reflection mechanism, which employs
a Questioner-Responder pair 10 generate a self-reflection
chain, enabling ihe system 10 verify intermediate results
and generates feedback for mext.round reasoning refine-
ment. Extensive experiments o five challenging benci-
marks demonsirate that Refer-Agent significantly outper-
Jarms siate-of-the-ari methads, incleding both SFT-based
models and zero-shot approaches. Morcaver, Refer-Agent
s flexible and enables fast integration of new MLLMs with-
out any additional fine-tuning eosts. Code will be released
ar nt t ¢

Ressonvos GreunebioRe
L] (] (]

Figure 1. Comparison with SOTAs. Without any fine-tuning,

our Refer-Agent achieves the best peforiances across five RVOS

datasets and outperforms al previous state-of-the-axt methods, in-

cluding both zero-shot approaches and SFT-based models

verse and unpredictable, ranging from straightforward de-
scriptions (e.g.. “the man in the blue shirt”) to complex i
struetions (c.g, “Can you identify the individual that appears
10 be excluded from the group?”). In order to understand
such complicated user intention and associate it with the vi-
sual objects accurately, RVOS models must possess strong
vision-language understanding and reasoning capabilities.

To address this challenge, recent efforts have beguninte-
grating Multimodal Large Language Models (MLLMs) into
RVOS pipelines. These approaches typically cusiomize a
set of leamable semantic embeddings to bridge MLLMs
and segmentation models (e.¢.. SAM[16] and SAM2 [23]).
thereby enabling end-to-end joint training. However, thi
paradigm is significantly inefficient in practice, because
‘both MLLMs and foundational segmentation medels are
inherently data-hungry. Researchers have 1o collect ex-

>
o)

AgentRVOS: Reasoning Over Object Tracks for
Zero-Shot Referring Video Object Segmentation

Woojeong Jin®, Jaeho Lee®, Heeseong Shin
Seungho Jang, Junhwan Heo, and Seungryong Kim

t
KAIST Al

Project pa

hub. io/AgentRVOS

Fig. 1: Teaser. AgentRVOS is a training-free agentie pipeline built on the comple-
" mentary strengths of SAM3 [4] and an MLLM [1,27]. The MLLM first uses SAMS3 to
generate candidate mask tracks, then iteratively prunes them through qu

S reasoning over object-level evidence.

o
I\

on

rXiv:260

Abstract. Referring Video Object Segmentation (RVOS) aims to seg
ment a target object throughout a video given a natural language query
free methods for this task follow a common pipeline: an MLLM
nes, grounds the referred object within these frames, and

a video segmentation model propagates the results. While intuitive, this
design asks the MLLM to make temporal decisions before any object-level
evidence is available, limiting both reasoning quality and spatio-temporal
coverage. To overcome this, we propose AgentRVOS, a training-free
agentic pipeline built on the complementary strengths of SAM3 and an
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