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Background — Referring Image Segmentation

» Referring Image Segmentation (RIS)

- Natural language expression|| [Lf2F O| O] X| 2| 578 instance= segmentOf task

» Semantic segmentationf 2| X}O[

. Semantic segmentation= class-level2| label= 7|9t = O|O|X| & =&

-O|0[X] SEUC = o2h

- RIS+ natural language expression= AFE0l 57 instances ‘25| T+&

© “girl back left pink ”

-O|0[X|rHAES| ¥ AE 21
@ “Kkid on leftin blue”
© “Kid on richt in back blondish hair™

© “boy in black shirt front right”

- ' . Semantic segmentation Referring image segmentation
2t .
R 6" O c“ 6-!:':‘" Semantic Segmentation vs Referring Image Segmentation %‘ UDSL
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1) RADFORD, Alec, et al. Learning transferable visual models from natural language supervision. In: International conference on machine learning. PmLR, 2021. p. 8748-8763.

Background — Referring Image Segmentation

* Visual-text alignment

. Visual feature2f textual feature?t contextual alignment =24
-’34 2t5t segmentation= $OH Al 5 modalityZt S 2 S} interaction 2R
- Alignment”/| 2Fgf 8 2 referring expressionO| [[}-Z instance 578 2=
- CLIPY
- Contrastive learning= S0l 0|0 X[} E]AE ZF Z =5t alignment &5

-O|0|X|f HIAEO| R AL & Z[CH2lot= B O 2 featureE SH5 0l modalityZt € 2HEl context space &S

(1) Contrastive pre-training (2) Create dataset classifier from label text

2] th
epper e ?‘ A photo of Text ‘
aussie pup —» Encoder : > P >
a t}. Encoder
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Background — Referring Image Segmentation

* Dataset

- RefCOCOV
_MSCOCO O|O|X|0f| 2 X} 0| ESIO 2 T =l [0 E{ Al RefCOCO
- 142,210 referring expressions associated with 50,000 objects in 19,994 images B R

- RefCOCO+
-RefCOCOO| A 2{X[H THME X2t A 4H 7 T O[5
- 141,564 referring expressions associated with 49,856 objects in 19,992 1mages

- G-Ref?
_HCHAD 25 28 BHS Zetsls §o|E A

woman on right in white shirt

. . woman on right
» Evaluation metrics right woman

- 104,560 referring expressions associated with 54,822 objects in 26,711 1mages

- Mean Intersection over Union (mloU) RefCOCO Example

« Overall Intersection Union (oloU)

AL @UDSL
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Background — Adapter Modules for Parameter-Efficient Tuning

» Parameter-Efficient Tuning (PET)

« Pre-trainEl large model2| &= parameter= update©tA| 211 L F lightweight module 2t trainSif T X| = fine-
tuningot= 7| &

-AlAFH|E1 O 22| A S-S ZO0|HA T full fine-tuning CH{H| &S FX[SHAHLE 74

- Adapters
- 7| & HIER{A 0 parallel module= & 2ol task-specificet & E Z fine-tuning
- Pre-train &l backbone parameter= freeze =l & Ef 2 adapterTF Sf&

- Adapter(x) = Wi, - c(Woyt - X)

~Xout = X + MIXER py, (MIXERqeq (x) ) + Adapter (x)

g Adapter ]
[

Transformer
Module

all mkensT all tokens

ﬁ ' 6'{ .,(S- CH a..!:-‘:—‘- Adapter Example '
@ SOGANG UNIVERSITY A %‘ UDSL




Bridging Vision and Language Encoders: Parameter-Efficient
Tuning for Referring Image Segmentation!

P AW TSR )
SOGANG UNIVERSITY , E: UDSL



Introduction

 Motivation

« 7|2 full fine-tuning ¥4 2 Ot 2 22 K= B OO|ESHOFSIEZ H2&H
- O| = SFCH St hardware resource 5! A7t @ ¢t
- EE St downstream task Ol -8 35t2{ ™ CtA| full fine-tuningO| 87 E[2 2 23 0| EO{ A
_I

=1

o
-[MEtM PET HAHC 2 2 Edi ds5 A0 =72 = A= 7tsdE @

Stepl: Vision Language Pre-training

> Vision Encoder >
Image-Text Self-Supervised

!

Pair ( Learning Task
Language Encoder # |— 8

9

Step2: Fine tuning

Image Vision Encoder #
Task . Seg
( Decoder Mask

Text Language Encoder #

(a) Previous Method

'

Step2: Fine tuning with Bridger

Image > Vision Encoder &
[] [ ] [ ]

id ) Task Seg

[ Bridger Decoder Mask
3 3 {3

Text Language Encoder &

:

(b) Ours Method

24 . . . . .
6" O c“ 6-!:'1‘- Comparisons with SOTA Methods, ETH3D (left), Middlebury (right)
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Introduction

e Contribution
. RISOf| £[ X 2}=l PET 2 K| QF

- Pixel-level prediction= =& ot= RISS| 5= 12{ot X|Z=9| PET ¢+ &
- Vision encoder@} language encoder AlO| 2| modality gap= = 0|7| ¥/} Bridger adapter = &

- RISOf| £2}=l decoder = 2 A

. Full fine-tuning 7| 8 CHH| 1.6 ~ 3.4%Pr2| parameter update = comparable performance =

ateh Block 1 Block 2 ) Block 3 ===~ *°*°* —» Block N —l'-r h
Embedding |
i (O T - A Task
| Bridger 4 :[ Bridger ]: B :[ Bridger Decoder
"""" —-P-- J

my M

The manin

|
the bottom $ E r
left Token ]
ert corner : Block 1 Block 2 Block3 p===-= .. Block N
preparing to Embedding L . J

eat a hot dog

Overall Framework

AL & UDSL
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Methodology

* Bridger module

. Vision encoder@} language encoder = 7H0| & & T| = cross-modal adapter
- 2+Z2} Zoom Layer2} Linear layer = visual feature @} text feature2| A& & &
- O| 2 self-attention, cross-attention, FFN layer= & ofl modality fusione T3
= Cross-attention2| 8% 7|E modality= query =, CFE modality= key2f value 2 AFE
-Residual 34 = L2 encoder stage = feed
- 41X O = vision feature 0| = text & £ 7t text feature | = visual ‘& 2 7} fuse | O] CF= encoder stage2 01 7t= 1+ &

Bridger
Zoom La\_.rer Feed-Forward ]—PI Zoom Layer ]—P
Ny Dy
ff € RN -
Self Cross-
Attention Attention
-
Self- Cross-
Attention Attentmn

fi RNt}{Dt . T

:—b[ Linear [ Feed-Forward I—Pl Linear l—b
R 6'{ .,(5- CH a.-!,'-‘:—‘- Bridger Module % UDSL
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Methodology

* Bridger module

. Zoom Layer= Z{ vision encoder2| A| 2 C}-E feature resolution= & & resolution

- Text encoder spatial 7225 11 2{0}X| R 7| = 0| Linear layer A&

- Visual feature2| N, Xt& 2 h, x w, 2 HE 2t Lt Zoom Layer & -&

o2 X—IE=|

- AN = ZHEFSE Deconv (up-sampling)2f Conv layer (down-sampling)

-

_Olg oo'l EL stage°| fv - o

Qls
= L
-Bridger2| &3 2 Y| &= +=WSt= Zoom LayerOﬂ 9| off el XAtH2 = =3[0 backbone feature2l & off &

Bridger
I H Zoom Layer I [ Feed-Forward ]—bl Zoom Layer ]—P
] Ny Dy l’
fieRr ) )
Self- Cross-
Attention Attention
-
Self- Cross-
Attention Attention
. e
f‘ti E RNtXDt T +

:—b[ Linear ] [ Feed-Forward I—Pl Linear l—b
R 6"‘ .3- CH 8.-!:-‘-7—‘- Bridger Module % UDSL
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Methodology

 Task-specific decoder

- Hierarchical alignment

- Vision encoder2| 0 2 stage 0| A] % =l multi-scale featureO| text S 2 & T Sl fine-to-coarse alignment =2
IE
o

-CrEet g = A4 BRI S

=l referring text expressiondf & X| St = align

oS

1

-Conv 3 Deconv layerZ resolutions & 2y 28 =35 fusion
- Alignel feature= concatenate®t L& 1x1 convE XM E = K =H

-0l AFEE|= text feature= CLIP2| text encoderl| & &4

Task Decoder

fr € B2 ]
. 1
fit € RNv>Dy Cross-

M Attention

-2 NZxD
fo € RTv7TY Cross-
e Attention
)

3
f& € RMvxDr Cross- 1
L Attention

Hierarchice;l Alignment Global Alignment

Transformer

Decoder
x N

Task-specific Decoder

sHY TSk
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Methodology

 Task-specific decoder

- Global alignment
- Hierarchical alignment = alignE! vision feature2f text featureZt 2| global context align =24
- Text context2f 7t ZX|St= pixel ?I A& OS B=S| 517| 2|2t global reasoning THA|
- Coord conv layer= Zt modality featureOi| spatial positional encoding =7}

:': Segmentation= 7| Of st 7hs et pixel-level spatial position encoding= HA|H O Z &

188

-1 2 self-attention X cross-attention2 £ global alignment T

Task Decoder

Transformer

Decoder
x N

_—_—_—_—__J

[

[

'

: f:z € RN#XDy

| /¥ Cross-
| ] Attention
[

[

[

[

Task-specific Decoder

AR CTHE-D
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Experimental Results

e Main results

RefCOCO RefCOCO+ G-Ref
Method Backbone Param. val test A test B val testA testB val (u) | test(u) | val (g)
PCAN [2] ResNet-50 2556 M | 69.51 71.64 64.18 58.25 63.68 48.89 59.98 60.80 57.49
CRIS [43] ResNet-50 4042M | 69.52 72.72 64.70 61.39 67.10 52.48 H9.87 60.36 —
ETRIS (Ours) | ResNet-50 1.68M | 70.39 73.11 66.38 60.47 67.11 50.73 | 59.71 59.95 57.22
RMI [36] DeepLab ResNet-101 61.00 M | 45.18 | 45.69 | 45.57 | 29.86 | 30.48 | 29.50 — — —
RRN [32] DeepLab ResNet-101 61.00 M | 55.33 | 57.26 | 53.95 | 39.75 | 42.15 | 36.11 — — 36.45
MAttNet [47] MaskRCNN ResNet-101 27.57TM | 56.51 | 62.37 | 51.70 | 46.67 | 52.39 | 40.08 | 47.64 48.61 —
CMSA [46] DeepLab ResNet-101 61.00 M | 58.32 | 60.61 | 55.09 | 43.76 | 47.60 | 37.89 — — 39.98
CAC [7] DeepLab ResNet-101 61.00 M | 58.90 | 61.77 | 53.81 — — — 46.37 46.95 44.32
STEP[3] DeepLab ResNet-101 61.00 M | 60.04 | 63.46 | 57.97 | 48.19 | 52.33 | 40.41 — — 46.40
BRINet [22] DeepLab ResNet-101 61.00 M | 61.35 | 63.37 | 59.57 | 48.57 | 52.87 | 42.13 — — 48.04
CMPC [23] DeepLab ResNet-101 61.00 M | 61.36 | 64.53 | 59.64 | 49.56 | 53.44 | 43.23 — — —
LSCM [24] DeepLab ResNet-101 61.00 M | 61.47 | 64.99 | 59.55 | 49.34 | 53.12 | 43.50 — — —
CMPC+ [37] DeepLab ResNet-101 61.00 M | 62.47 | 65.08 | 60.82 | 50.25 | 54.04 | 43.47 — — 49.89
EFN [14] Wide ResNet-101 126.89 M | 62.76 | 65.69 | 59.67 | 51.50 | 55.24 | 43.01 — — -
BUSNet [45] DeepLab ResNet-101 61.00 M | 63.27 | 66.41 | 61.39 | 51.76 | 56.87 | 44.13 — — —
CGAN [39] DeepLab ResNet-101 61.00 M | 64.86 | 68.04 | 62.07 | 51.03 | 55.51 | 44.06 | 51.01 51.69 —
CRIS [43] CLIP ResNet-101 57.31 M | 70.47 | 73.18 | 66.10 | 62.27 | 68.08 | 53.68 59.87 60.36 —
ETRIS (Ours) | CLIP ResNet-101 1.94M | 71.06 74.11 66.66 | 62.23 | 68.51 52.79 60.28 60.42 57.86
ReSTR [29] ViT-B-16 86.19 M | 67.22 69.30 64.45 55.78 60.44 48.27 54.48 - 54.48
ETRIS (Ours) | ViT-B-16 1.39 M | 70.51 73.51 66.63 60.10 66.89 50.17 59.82 59.91 57.88
Comparison with SOTA Methods
A4 ')6- CH 6_!:_.:_\_ @UDSL
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Experimental Results

* Qualitative results

AR CTHE-D
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Input
Imagesé&
Sentences

(a) “Person on left yellow boots”

(b) “Light gray board”

T

(c) “dude with tongue poking out”

w/o
Bridger

Bridger

Qualitative Results
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Experimental Results

* Ablation studies

Trainable Parameters
Method Backb P " Head DIDU(%) Method Tunable Param. (Backbone) Tunable Param. (Decoder) Tunable Param. (Total)
, ackbone romp ca PCAN [2] 25.56 M (6.57%) — [ 150.21+ M (17.08%)
Full-Tuning 120.74 M | 0.00 K | 23.98 M 70.47 CRIS [43] 40.42 M (4.16%) 42.88 M (50.92%) 146.85 M (17.47%)
Fix Backbone 0.00M | 0.00 K | 23.98 M 67.73 ETRIS (Ours) 1.68 M 23.98 M 25.66 M
_ BRINet [22] 61.00 M (3.18%) 190.68 M (12.58%) 251.68 M (10.30%)
Adapter [20] 239M | 0.00K | 23.98M | 69.46 LSCM [24] 61.00 M (3.18%) 80.85 M (29.66%) | 141.85 M (18.27%)
Conv Adapter [41] 1.20M | 0.00 K | 23.98 M 69.33 fEZgINPﬁ:][??] 13?22 ﬁ S 12‘?; ggg? ﬁ giéégﬂ égggg ﬁ (%T}:‘f;;
' 3. a3% O6.36 N B9%0) a2, (11.13%
Compacter [27] 0.19M | 0.00 K | 23.98 M 69.11 CRIS [43] 57.31 M (3.39%) 40.66 M (58.98%) 161.25 M (16.07%)
CoOp [50] 0.00M | 410K | 23.98 M 67.87 ETRIS (Ours) 1.94 M 23.98 M 25.92 M
: , , ReSTR [29] 86.19 M (1.61%) — [7200.63+ M (12.65%)
LoRA [21] 0.03M | 0.00 K | 23.98 M 068.84 ETRIS (urs) 30 53 0% M + 55 39 A
ETRIS (Ours) 1.94M | 0.00 K | 23.98 M 71.06
Comparison with Previous PET method using ResNet101 as backbone Comparison of Parameters with Existing Methods
Scopes Number | Params | oloU(%)
2—n 1 0.43M 70.96 HA | GA | Bridger | oloU(%) | Pr@0.5 | Pr@0.7 | Pr@0.9
n/2—mn 1 0.29M 70.18 v v H&.70 69.53 45.52 4.33
n—n 1 1.22M | 69.65 v 67.73 | 79.62 | 6847 | 15.41
2 —n 2 0.72M 70.75 v v 62.21 71.51 H3.41 11.16
n/2—n 2 1.5IM | 70.53 v | v v 71.06 83.43 | 72.68 | 17.40
2 5 n 3 1.94M | 71.06
Effect of Bridger’s Number and Position Ablation Study of the Proposed Modules
SOGANG UNIVERSITY 16



Densely Connected Parameter-Efficient Tuning for Referring Image
Segmentation?
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1) OQUAB, Maxime, et al. Dinov2: Learning robust visual features without supervision. arXiv preprint arXiv:2304.07193,2023.

Introduction
 Motivation
. 7| & RISE @I3t PET (ETRIS S) 7| # Q| 3tAH

- CLIPQ| vision-text & 2F pre-train0f| 2| =4 ¢

- 0]= C}2 backbone2 M8t AF & I M5 3 34 0f| A subpotimal O loss:
P1 - p2log p1 e
- DINOv2Y £ vision encoder= CHf Al gsg
- DINOv2 & pure vision foundation model 2 dense prediction taskO| A =0t Ytz 5= E¢ softmax soltmax
e nterin
- Knowledge distillation 3 self-supervised HA& O 2 ot& s
- CLIPY} & 2| multi-modal pre-training©O| 817| I{-Z0i| 7t 2 fine-tuning 7} student gg; | > | teacher gg
- O} X| Bt DINO+= pre-training 18 O| A{ modality alignment = & O| LA &|X| 2Ot RISO| HEZ ° e
M ESH7| o2 &Y o
[[t2f Al O] & EZ&StH7| f 2t module 2 A 71 <l

DINO Framework for Single Pair

AL @UDSL
@ SOGANG UNIVERSITY 18



Introduction

 Contribution
- DINO #2-5 &%t PET 12 & |25t 1 RISOf| = ¢
-Dense Aligner (DA)= modality fusion
- Text Adapter (TA)Z text feature= multi-scale= 224
-ZdN o = [ 2k =l alignment &8

« Full fine-tuning 7| & CHH| 0.9 ~ 1.8%PF2| parameter update = A 2= SOTA -8

| , l Textual Global Prior * Frozen © Concat
» DA » DA I_' » DA # Tunable @ Add
{ Block | > J Block ]—.é ________ { Block ]_.éa———r —f\—-f h e
E: ) e s
Visual Features f, Task
AN EE——— . T TN . Decoder
Sheep looking __ o ]__( _[ ]_‘( | : ! R
. | . Block »o—1—1{ . Block ) +-- ===a=4 Block —> .
left in front G 0° ) G o¢ 1 & | _l_j_ o \_ Y,
| : Textual Features f;
| N TA N TA N TA :

________________________________________________

Overall Framework

AW CHEE
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Methodology

* Dense Aligner (DA)
- DINOZ PETOS}| 22t adapter module

- Transformer block2| MLP layer &0 HE 2 &

T

» Vision feature2f textual global priorg& & & 2 £ modality alignment & 2}

- O| T} textual global prior= CLIP text encoder2| = =

A~
= sentence token

. O| ™ layer= 2| featureE +X ol Al 22 5I= dense connection & &

- Referring textE <

AR CTHE-D
SOGANG UNIVERSITY

EoS

]

I_

spatial feature regularization X align T

5 :
o |

e |

> |

= £ :
3 E st
= I
|

|

Dense Aligner (DA)

IJ’JI

¥

€ X¢
9

x &

1~

<o)

' Dense Mixture of Convolution (D- MDC)

Dense Aligner (Left). Dense Mixture of Convolution (Right)
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Methodology

* Dense Aligner (DA)
: D-MoC+= A X}& visual feature = multi-scaleOl| A captureot”Z| 2/ 2F Conv 7| BF module

~-Kernel sizeE X

-1 x 1 Conv:
-3 X 3 Conv:
-5%x 5Conv: O

N

O| A

- FH2Z AM7h

AR CTHE-D
SOGANG UNIVERSITY

Moz

—

LS GX: |

Sl intermediate scale feature 24

X large context S 2 =t

O |

o |

55 |

> |

= | & I
(5] -
'S S :
|

Dense Aligner (DA)

_317 F™ A] fine-to-broad A E HE E¢
5 Aﬂ 2 AH 2=

AH A‘I

|
EiE
Y
¢X§
-
o)

| Dense Mixture of Convolution (D- MDC)

Dense Aligner (Left). Dense Mixture of Convolution (Right)
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Methodology

» Text Adapter (TA)

- CLIP text encoder2} DINO visual feature Zf S 4 X} 5l &

-DINO<= single modality 2 St K| 7| UfZ 0| text feature2} SAH|/HE S &4 SO|A XtO|7F F
~EkA 2E9| ‘DINO ISR Ol HEHZ B SO 2 &F modality2] X7t SAISIX|EE =

. Text embedding Ol multi-scale X 2| & & &9l 818t visual-text alignment X| &

. DAO| M2 El D-MoCE 1D ConvE HESI0 M &

- Text2| long/short dependencies& 2+ capture

- 1D convolutionTF AFE 3} lightweight S8 7 X
- Visual feature2t2| d2hd & =2k :LEH of

| L X ¢
& x§

t-
6" -,O CII 8.-!,'-':—‘- Dense Mixture of Convolution

SOGANG UNIVERSITY
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Experimental Results

e Main results

AR CTHE-D
SOGANG UNIVERSITY

Method

RefCOCO

RefCOCO+

G-Ref

val [testA | testB | val [testA [testB | val(u) [ test(u) [ val(g) | Avg

Traditional Full Fine-tuning

ReSTR|cvpr 22) (Kim et al. 2022) 67.2 69.3 645 |55.8 604 483 | 545 - 54.5 | 58.8
CRIS|cvpr 22) (Wang et al. 2022) 70.5 732 66.1 {623 68.1 537 599 604 - 63.8
LAVT cypr 22 (Yang et al. 2022) 7277 758 68.8 |62.1 684 55.1 - - 60.5 | 64.9
SEEM[NcurlPS 23] (ZDU et al. 2023) - - - - - - 65.6 - - -
VPDyiccv 23) (Zhao et al. 2023) 735 - - 639 - - 63.1 - - 66.8
DMMIiccy 23) (Hu et al. 2023) 741 77.1 702 |640 6977 570 635 642 620 669
ReLA(cypr 23) (Liu, Ding, and Jiang 2023b) | 73.8  76.5 70.2 | 66.0 71.0 57.7| 65.0 66.0 62.7 |67.7
ReLAcypr 23] (Liu, Ding, and Jiang 2023a) | 73.8 76.5 70.18 | 66.0 71.0 57.7 | 65.0 66.0 62.7 | 67.5
CGFormer|cypg 23) (Tang et al. 2023) 748 773 706 |[645 T1.0 57.1 | 647 65.1 625 |67.7
LISA-7Bcypr 24 (Lai et al. 2023) 74.1 76.5 T1.1 [624 674 565 | 664  68.5 - 67.9
MﬂgNC[[CVFR 24] (Chng et al. 2023) 752 782 T1.1 |[66.2 T71.3 581 | 654 662 63.1 |68.3
ReMambergccy 24) (Yang et al. 2024) 745 7677 709 [65.0 708 575 639 64.0 - 67.9
RISCLIP-Byaacr 24) (Kim et al. 2024) 757 78.0 725 1692 735 60.7 | 67.6 68.0 - 70.6
Parameter Efficient Tuning

ETRISiccv 23) (Xu et al. 2023) 70.5 73,5 66.6 [60.1 669 50.2| 598 599 579 |62.8
BarLeRIajc g 24) (Wang et al. 2023) 724 759 683 [65.0 708 569 | 634 638 61.6 |66.5
DETRIS-B (Ours) 76.0 78.2 735|689 740 615 679 68.1 659 704
DETRIS-L (Ours) 77.3 790 752 (708 753 64.7 | 693 70.2 67.9 |72.2
With Mixed Training Data

Po]yFDrmcr—L*[CVPR 23] (Liu et al. 2023a) 76.0 78.3 733|693 746 619 692 70.2 - 71.6
UNINEXT-L" icver 23] (Yan et al. 2023) 80.3 82.6 77.8 |70.0 749 626 734 737 - 74.4
DETRIS-L" (Ours) 81.0 819 79.0 (752 78.6 70.2 | 746 753 - 77.2

Comparison with SOTA Methods

23
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Experimental Results

* Qualitative results

Language: “open book™

1]

(c) ETRIS (d) w/o DA (e) w/o TA  (f) Ours- (g) Ours-L*
“ 2+l 8.2
6" c“ l‘ Qualitative Results %’ UDSL
SOGANG UNIVERSITY o4




Experimental Results

* Ablation studies

RefCOCO
Method al | oA | =B Avg | Parameters (M)
Full-Tuning 65.1 68.1 614 | 649 149 97M
Fix Backbone 749 7.1 72.0 | 747 0.00 M
Adapter (Houlsby et al. 2019) 71.2 733 683 | 70.9 1.98M
Compacter (Karimi Mahabadi, Henderson, and Ruder 2021) | 73.9  75.8 708 | 73.5 1.62M
LoRA (Hu et al. 2021) 734 757 702 | 73.1 1.57TM
ETRIS (Xu et al. 2023) 745 76.5 729 | 74.6 1.38M
DETRIS-B (Ours) 75.8 777 729 | 755 1.36M
DETRIS-B (Ours) (Default Setting) 76.0 78.2 735 | 759 2.71M

AR CTHE-D
SOGANG UNIVERSITY

Comparison with Other PET Methods Using DINOv2 as Backbone

RefCOCO
DA | TA val testA | testB Avg
X X 749 | 77.1 71.9 74.6
v e 754 | 77.3 72.5 75.0
X v 759 | 775 727 75.4
v v 76.0 | 78.2 735 759
Effect of DA and TA

25

& UDSL



Thank you

AW TSR
R SOGANG UNIVERSITY . %‘ UDSL




	슬라이드 1: Parameter-Efficient Tuning for Referring Image Segmentation
	슬라이드 2: Outline
	슬라이드 3: Background – Referring Image Segmentation
	슬라이드 4: Background – Referring Image Segmentation
	슬라이드 5: Background – Referring Image Segmentation
	슬라이드 6: Background – Adapter Modules for Parameter-Efficient Tuning
	슬라이드 7: Bridging Vision and Language Encoders: Parameter-Efficient Tuning for Referring Image Segmentation1)
	슬라이드 8: Introduction
	슬라이드 9: Introduction
	슬라이드 10: Methodology
	슬라이드 11: Methodology
	슬라이드 12: Methodology
	슬라이드 13: Methodology
	슬라이드 14: Experimental Results
	슬라이드 15: Experimental Results
	슬라이드 16: Experimental Results
	슬라이드 17: Densely Connected Parameter-Efficient Tuning for Referring Image Segmentation1)
	슬라이드 18: Introduction
	슬라이드 19: Introduction
	슬라이드 20: Methodology
	슬라이드 21: Methodology
	슬라이드 22: Methodology
	슬라이드 23: Experimental Results
	슬라이드 24: Experimental Results
	슬라이드 25: Experimental Results
	슬라이드 26: Thank you

