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Open-set

* Opposite to close-set, which train on class set A, test on A.

« Anomaly Detection
* Identify unexpected patterns. (K class - K+1 class)

e Zero-shot

polar bear

« Identify class of unseen object T
- - —_— . . white:
* Train with auxiliary information mrags
Nate}°s.
* Open-world

* Identify unknown object - human annotation 9 tram Wlth new class

* Open-vocabulary
* ldentify class of unseen object
 Align embedding space between vision and text
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VGSE: Visually-Grounded Semantic Embeddings

for Zero-Shot Learning

e Dataset

« AWA?2, 30 475 images, 50 animal classes, 40 seen
e 85 numeric attribute values for each class

« CUB, 11 788 images, 200 bird classes, 150 seen
« 312 Binary Attributes

« SUN, 14 340 images, 717 scene classes, 645 seen
102 attributes

forehead_color black black black
breast_pattern solid solid solid
breast_color white white white
head_pattern plain | capped plain
back_color white white black
wing_color grey/white grey white
leg_color orange | orange | orange
size medium large medium
" bill_shape needle dagger | dagger
_ | wing_shape pointed | tapered long
primary_color white white white

@ ASSEMBLY LINE  Definition (WordNet): "an area in a factory where
= W

product is passed through
series of machines or work
each of which perform an
operation on the product"”

List of most common objects found in this place sorted by frequency.

Scene Hierarchy (download the hierarchy) Scenes and Objects 1" e |
P
b i }'L L 169 images
[shopping and dining anechoic chamber ’ 4:‘ 12 annotated
223 objects
8
zebra e
loutdoor
- inatural
black: yes
: Objects
Whlte . yeS loutdoor
ho homics hetsl atrium publjc Person sittin,
H g
brown: no imade H 39 In this scene
stripes: yes 2605 1o
transportation Person
water: no (vehicle interiors, stations, 30 in this scene

letc.)

eats fish: no

Isports and leisure

lcultural (art, education, !
religion, millitary, law, politics,
letc.)

e~

-

6202 total

Box
21in this scene
1746 total
Wall
18 in this scene
20213 total
Eloor
11 in this scene
7297 total




VGSE: Visually-Grounded Semantic Embeddings
for Zero-Shot Learning

* Motivation

« Semantic attributes annotation is labor-intensive. Recently, many works use
word embedding instead.

« Word embedding not always reflect visual similarities

 Propose to discover semantic embeddings containing discriminative visual
properties

annotators

Unlabelled

Human-Annotated Attributes Semantic Embedding Discovery by VGSE



VGSE: Visually-Grounded Semantic Embeddings
for Zero-Shot Learning

Patch Clusters (PC) Module

Class Relation (CR) Module

¢ (cow), ¢* (deer) ... are similar to ¢* (sheep)

¢" (sheep) = ¢"(cow) x sim(sheep, cow)
5 wordji}ec space + ¢"(deer) x sim(sheep, deer) + - - -

'Seen classes:
: S ¢"“** (antelope)

x  sim(sheep, antelope) Unseen :
class |

$7%5" (cow) @' (sheep)i

‘_H x  sim(sheep, cow) —»

I ¢VGSE(deer)
classification| | semantic | ( )
‘ x  sim(sheep, deer
i Y3 ..«) _ .
————————————————————————————————————————————————————— E cls—“ﬁsem PC Module :



VGSE: Visually-Grounded Semantic Embeddings
for Zero-Shot Learning

» Patch Clustering
» Watershed segmentation algorithm.
 Split into around 9 parts per image.
 Cluster layer
 Output k-dim vector, k clusters
* Pretext task

 Patch_iand its neighbors should in same cluster (L2 neighbor)
 Avoid all image patches assigned to same cluster

D,
[-:clu — Z Z log(a’zta"i) ) £pel = Z C_Lﬁt 108; afﬁt , &ﬁt — ! Z afz,t )
k=1

Tt EXSP xT; EXEE



VGSE: Visually-Grounded Semantic Embeddings
for Zero-Shot Learning

e Class discrimination

* Cluster to class layer
e CE loss, Seen classes

exp (P (Yn|Tnt))

ﬁcls — 108; — .
> ieys €D (P (J|7nt))

* Semantic relatedness

« Map cluster to semantic space e
e word2vec [ |
classification semantic
L:sem — ||S ©ant — qﬁw(yn)lb ) CRN PN CE




VGSE: Visually-Grounded Semantic Embeddings
for Zero-Shot Learning

« Seen semantic embedding
 Get image embedding by averaging all patch

 Get semantic embedding for class y_n by averaging all image belongtoy n

Zaﬂ

J€1;

qu”(.“S'L n —



VGSE: Visually-Grounded Semantic Embeddings
for Zero-Shot Learning

» Class Relation Module |
- Formulate the similarity between seen and unseen |

Class Relation (CR) Module

| 4 [~ Y ¢% (cow), ¢ (deer) ... are similar to ¢* (sheep)

 Use word2vec as external knowledge AW e = e simlep o) |

. ; Wordzuv-éc space + ¢" (deer) x sim(sheep, deer) + - - - ;

* Solution ‘Seen classes: 5 antelope) 5
* (1) directly averaging semantic embedding B (LB < simsneep,ancope) Ur;seen@

- .. - . - . | L class .

* (2) optimizing a similarity matrix 55 (com) §%(sheep)

4! x  sim(sheep, cow) —-—-

¢VGSE(deeI_) /
‘! x  sim(sheep, deer)

PC Module




VGSE: Visually-Grounded Semantic Embeddings
for Zero-Shot Learning

* Weighted Average

 Retrieve nearest class neighbors in seen class
L2 distance over w2v embedding space

« Semantic embedding:

CbV’GSE (ym) —

| b yEYS

sim(Ym, §) = exp(—=n [[¢* (ym

)_

X s a§) -6 E).

“ @),

Seen classes

Class Relation (CR) Module
”-F;u °{3 ¢ (cow), ¢ (deer) ... are similar to ¢* (sheep)

0, 3
v a BY 0¥(sheep) = ¢ (cow) x sim(sheep, cow)
“(deer) x sim(sheep, deer) +

word2vec space + ¢' sim(s 1 S

¢"“**(antelope)

x  sim(sheep, antelope) Unseen i
\ class |

#7955 (cow) 6" (sheep)|




VGSE: Visually-Grounded Semantic Embeddings

for Zero-Shot Learning

 Similarity Matrix Optimization
 Learn a similarity matrix
* Yy _m, unseen class
* r_I, similarity between y _m and i-th seen class

min |6 () — 76" (V)
[Y?

st. a<r<1l and Z?“@Zl-
i=1

*lower bound 1s 0 or -1

Class Relation (CR) Module

%-F;{, vq‘, oY (cow), ¢ (deer) ... are similar to ¢* (sheep)
B 3 1
\ " ¢" (sheep) = ¢*(cow) x sim(sheep, cow
! - = ,.1 !
i WOI’dZV_eC space + ¢"(deer) x sim(sheep,deer) +--- |
:Seen classes: e ,
¢"“*" (antelope)
x  sim(sheep, antelope) Unseen i
class |
@' (cow) ¢"“**(sheep) :
4! X sim(sheep,cow)—p_.!
¢VGSE (deer) / i
‘! x  sim(sheep, deer)
| |
]




VGSE: Visually-Grounded Semantic Embeddings
for Zero-Shot Learning

Zero-Shot Learning Generalized Zero-Shot Learning
AWA2 CUB SUN AWA2 CUB SUN
ZSL Model Semantic Embeddings | T1 T1 T1 u S H u S H u S H
) w2v [31] 490 225 378 [38.6 60.1 470|163 397 23.1|26.0 282 27.0
= CADA-VAE [43]
= VGSE-SMO (Ours) 5277 248 403 [469 61.6 539|183 445 259|294 29.6 295
% w2v [31] 584 327 39.6 4677 59.0 522|230 445 303|259 333 29.1
3 f-VAEGAN-D2 [61]
VGSE-SMO (Ours) 613 350 41.1 [457 66.7 542|241 457 31.5|255 357 29.8
o SJE [] w2v [31] 537 144 263 397 653 488|132 28.6 18.0|19.8 186 19.2
-% VGSE-SMO (Ours) 624 261 358 468 723 568|164 447 283|287 252 268
§ w2v [31] 50.2 257 - 140.1 800 534|112 488 182 | - - -
3] GEM-ZSL [28]
O VGSE-SMO (Ours) 580 29.1 - 149.1 782 603 |13.1 43.0 200]| - - -
é APN [67] w2v [31] 596 227 236 (418 750 537 |17.6 294 221|163 153 158
VGSE-SMO (Ours) 64.0 289 38.1 [51.2 81.8 63.0 |21.9 455 29.5|24.1 31.8 274

Table 1. Comparing our VGSE-SMO, with w2v semantic embedding over state-of-the-art ZSL models. In ZSL, we measure Top-1
accuracy (T1) on unseen classes, in GZSL on seen/unseen (s/u) classes and their harmonic mean (H). Feature Generating Methods, i.e.,
f-VAEGAN-D2, and CADA-VAE generating synthetic training samples, and SJE, APN, GEM-ZSL using only real image features.



VGSE: Visually-Grounded Semantic Embeddings
for Zero-Shot Learning

) ) External Zero-shot learning

Semantic Embeddings

knowledge | AWA2 CUB SUN
w2v [31] w2v 58.4 32.7 39.6
ZSLNS [39] T 57.4 27.8 -
GAZSL [67] T - 34.4 -
Auto-dis [3] T 52.0 - -
CAAP [5] T and H 55.3 31.9 35.5
VGSE-SMO (Ours) w2V 61.3+0.3 35.0 £02 41.1£0.3

Table 2. Comparing with state-of-the-art methods for learning

Semantic Embeddings Zero-shot learning
AWA2 CUB SUN

k-means-SMO 545+£04 150£05 2524+04
ResNet-SMO 553402 154+0.1 25.1+0.1
Lty + Lper (baseline + SMO) | 56.6 0.2 16.7+0.2 263 £0.3
+Leis 61.2+01 23.74+02 305+0.2
+Lsem (VGSE-SMO) | 62.4 03 26.1 +£0.3 358+0.2
VGSE-WAvVQg 57702 258403 353+0.2

Table 3. Ablation study over the PC module reporting ZSL T1 on

semantic embeddings with less human annotation (T: online textual AWA2, CUB, and SUN (mean accuracy and std over 5 runs). The

articles, H: human annotation) using same image features and ZSL

model (£-VAEGAN-d2 [6]]).

baseline is the PC module with the cluster loss L.}, and L,.;. Our
full model VGSE-SMO is trained with two additional losses L.,
Lsem. Two kinds of semantic embeddings learned from k-means
clustering and pretrained ResNet are listed below for comparison.



VGSE: Visually-Grounded Semantic Embeddings
for Zero-Shot Learning

Seen

Unseen
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Open-Vocabulary One-Stage Detection with Hierarchical Visual-Language
Knowledge Distillation
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Open-Vocabulary One-Stage Detection with Hierarchical
Visual-Language Knowledge Distillation

« Motivation
* One-stage detector is more efficient
 Absence of class-agnostic object proposals €<-> Find unseen objects

* Open-vocabulary one-stage detection y/isual-to-Visual

_________

______

o :l;{’iv_(r);stage One-stage
(a) Instance-level Knowledge Distillation

Language-to-Visual

y: 2 Aggregatef"‘- — S
----- woe=-e R
=5

44444

(b) Global-level Knowledge Distillation



Open-Vocabulary One-Stage Detection with Hierarchical
Visual-Language Knowledge Distillation

(" - N .
Text input CLIP GKD' ¢ clo—1F L¢lo—c R Airplane Prompt:
Caption: A womanis | V-to-L ¥ ,/ --= Cy C_a_lfe -=» A photo of
skating on the ski slope.  JH=44  |emmeemmaa > <___%_ MLCA <= ‘V ! S a [CLS].
TE ﬂ-}‘ 4 O _!
Person Prompt: |imad eSS ICCCSoCCDIZZIZDIZZZzzos ; | i
Cpy D°% -» Aphotoof IKD Classification | E gy [erence
Cat Lins £CIS T: BV Di : ; Stage
V-to-V — : pi 47T
. , / ® 7 - ( j
== B | <P Tfcosme ... T|.. || «— @ fi
| : : V(,7) ? ? (— E . cosine ?
: Pos pOlIltS | : Pos and Nega : All anchorsi
i —=E= | points | :
I I I
| Claﬁ» 2oy Cf’?‘-" Lt pewemp | ctas, loony ] com
I Layer i subnet >< 1 ! subnet x4 X 1
NG D E—— = W L
/)
Box Conv Con ——— L Tramlng Stage Box Cony(" | Conv, (* G
subnet %1 loc subnet x4 % x 1
Backbone A
. VAR Layer i )




Open-Vocabulary One-Stage Detection with Hierarchical
Visual-Language Knowledge Distillation

Text input

Caption: A womanis
skating on the ski slope.

>y

Prompt:
A photo of

GKD! Le1o-1+ Lgio—c

V(Irri) f I *
i

Pos points

V-to-

L &/
——————— > (———%— MLCA <= ‘V I
A LA

Pos and Nega
points

YV
-

T n e o ——
IKD Classification i h
Lins o Legs Tp+ pi 1
V-to-V | / - — I
—Lp — |
"""/fip . ¥f. cosine - I

I
I
I
I
1
I
I
!
— /
I
1
I
I
I
I
1
I

Feature map

7

Airplane Prompt:
Cy Cake  —-p| A photo of
a [CLS].
Sink
R i
v Inference
UTE D Sage
1
bi ¥IJr
€ J
«— @ fi
cosine 4

\.

Class Cony f
subnet x4

Box C_Ollx I
subnet X4

La-yer i
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Open-Vocabulary One-Stage Detection with Hierarchical
Visual-Language Knowledge Distillation

* Network

» Based on ATSS, which based on FCOS
 Per-pixel prediction
* Class subnet, (hid_dim, cls_num) - (hid_dim, emb_dim)

\

Class Conv Conv :

. lsbnol]| Jxa | JxT t-
Layer i subne X4 x 1| |
7

ﬂ(ﬁ_on_\;
X4

Box
subnet

Backbone



Open-Vocabulary One-Stage Detection with Hierarchical
Visual-Language Knowledge Distillation

* IKD

* Select positive samples
« Crop image based on box pred, data augmentation

.- . CLIP
L1 loss supervision Lins
Crop V-to-V
S S Rt
; 1]\ i
: h_;_- \ V(I,T'i)
i [ Pos points
1
E Class Con CPE\_/'
- Layer i subnet X 1 !
SN B D R—— >

Box Cony Conv S
bnet |
Backbone subne x4 x1




Open-Vocabulary One-Stage Detection with Hierarchical
Visual-Language Knowledge Distillation

e |[IKD
* Select positive samples
« Crop image based on box pred, data augmentation
L1 loss supervision

IR N
Norm Weight Region Area | ARsg APs0 I - :
I . <
L1 1 pred 1 X 62.4 14.6 : I
Lo | pred 1 X 65.1 12.8 "
o0 g s we
! ~ ' ' ! subnet
Ly 1 pred 15x | 645 153 : Layer i
----- o e et e e e
Table 2. Comparisons between different sub-module options in Box
IKD. pred and GT mean cropping regions from prediction boxes Backbone subnet

and ground-truth boxes, respectively. 1< and 1.5X represent crop- |
ping the original box and its 1.5X center expansion respectively.



Open-Vocabulary One-Stage Detection with Hierarchical
Visual-Language Knowledge Distillation

« GKD
« Whole caption is sent into CLIP text encoder

 Full image feature (5 FPN layers, il patches), pool into vector
NN

* Query: text, Key: VISIion Multi-Layer Cross Attention
« Caption-Image score ® Cross Attention P N tayer
« <Text, Output> ® Dot product Key( = " Pool & ( (&P P}
. pY/ P —
 N*N, Contrastive loss Ry P KO = _
Fo EAl
CLIP! / TE pSi A s
I »
N SRS [\§ =
Caption: A woman 1s c )
skating on the ski slope. P ?ﬂ_’ (1.C) Image-Caption
' mateh  yrisual input

Text input ——9



Open-Vocabulary One-Stage Detection with Hierarchical
Visual-Language Knowledge Distillation

« GKD
« Whole caption is sent into CLIP text encoder

 Full image feature (5 FPN layers, % patches), pool into vector

° Query teXt, Key V|S|On Patch  Pool Loss bs/gpu | ARsg APs50
. 4 Ave CL 8 59.2 12

« Caption-Image score 4 Max CL 8 | 642 201
o <Text’ Output> 3 Max  CL 8 61.1 20.7

. 8 Max CL 8 60.8 13.7

* N*N, Contrastive loss 3 Max PL 8 | 609 179
3 Max CL 4 65.6 20.5

Table 3. Comparisons between different sub-module options in
GKD. Ave and Max represent using Average Pooling and Max
Pooling to obtain patch features respectively. CL denotes train-
ing with the contrastive learning loss, while PL only considers the
cosine similarities between positive pairs. bs/gpu 1s the batch size
on each GPU during training.



Open-Vocabulary One-Stage Detection with Hierarchical
Visual-Language Knowledge Distillation

» Negative samples
« Sampling negative samples will boost the performance
« ldentify novel foreground region as background

o Samp“ng 1090 negaﬂve Samples Negative samples | IKD  GKD AR5OBd&eAP50 ARS}ovelAPm
I:1 Vv 71.0 37.0 63.0 16.8

10% Vv 75.9 44.3 62.4 14.6

100% Vi 74.5 44.4 60.3 9.0

I:1 \/ 69.2 349 60.2 19.3

10% Vv 74.0 42.7 61.1 20.7

100% \/ 724 42.6 56.4 18.7

Table 5. Comparisons between different sampling strategies for
negative samples. 1:1, 10%, 100% mean sampling the same num-
ber of negative samples as the positive samples, sampling 10 % of
the negative samples, and using all the negative samples.



Open-Vocabulary One-Stage Detection with Hierarchical
Visual-Language Knowledge Distillation

ZSD GZSD
Method Base/Novel Novel | Base Novel All
SB[!] 48/17 0.70 1 29.2 0.31 249
LAB [!] 48/17 0.27 120.8 0.22 18.0
ZS DESE [!] 48/17 0.54 1267 0.27 22.1
TS BLC [39] 48/17 99 |42.1 450 323
ZST* [40] 48/17 114 |46.5 483 35.6
OV OVR-CNN [36] 48/17 16.7 - - 34.3
ViLD* [8] 48/17 - 59.5 27.6 51.3
79 PL* [25] 48/17 10.0 | 359 4.12 279
0S DELO [42] 48/17 7.6 |13.8 341 130
OV ZSD-YOLO* [35] 48/17 134 |31.7 13.6 27.0
HierKD(ours) 48/17 25.3 | 51.3 20.3 43.2
15 | 75 BLC [39] 65/15 13.1 |36.0 13.1 31.7
ZST* [40] 65/15 13.6 | 38.7 13.6 340
ZS PL* [25] 65/15 124 | 34.1 124 30.0
OS OV ZSD-YOLO* [35] 65/15 18.3 |31.7 179 29.2
HierKD(ours) 65/15 274 | 489 204 43.6

Table 7. Comparison with other state-of-the-art methods: *
denotes the state-of-the-art methods in various settings. “TS” and
“OS” are abbreviation of two-stage and one-stage detectors, re-
spectively. Note that we classify Cascade R-CNN based detectors
as generalized two-stage methods. “ZS” and “OV” indicate that
the models belong to zero-shot and open-vocabulary detectors, re-
spectively.



Decoupling Zero-Shot Semantic Segmentation
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Decoupling Zero-Shot Semantic Segmentation

* Motivation

* Pixel-level zero-shot classification problem X
 Limited capability to integrate vision-language models

 Decoupling Zero-Shot Segmentation
« Class-agnostic grouping task
 Zero-shot classification task

pixel-level zero

-shot classification

!

(b) pixel-level zero shot classification

Class-a

$

segment-level

embeddings

o) |
gnostic

grouping

e

method
pretrained vision-
language model

segment-level

zero-shot classification
i

v

result

57

[\ m ».i;_i o T

(c) decoupled zero shot segmentation (ours)



Decoupling Zero-Shot Semantic Segmentation

o e
i . .
. Fixed Parameters || Trainable Parameters class loss
------------------- ! Y playing
G, ||G:T2|G.Ty|  |Gale—>  tre held
IEI l%' l%' N queries G: Semantic segment embedding T allai ©
Transformer Y b et o Gy [G2Th|GiT2| ™ | GaTe
decoder - e j : : N :
Y L . : : | Seen classes
.. la
Mask projection | sk loss ‘ Gy |[GyTY G, T, G T, pﬁzﬁd’g
v Y Al T, Prompt template
N mask embeddings N class-agnostic masks —_—- _______...---“"' !
I:l I:l I:l |:| D D T T T T i Pre-trained i A photo of the
‘ T: Text embedding ™} eyt Encoder ! {ICIE‘SS name}
! | in the scene
[ l I l l 1 l ] ‘“““"""h-.j
Pixel i Ty i T | 7 E Tx i
decoder dxHxW
P Ay AT AT 7 [AiTe—  tree EIEES
1 Tem—
i Pr;-ﬂ"ained | A [|AT|ATs| |4 Q
- - i Image i .
e i Encoder j : : : : : =<
L_..-.---"""'— lavi Unseen classes
Ay [|AnTy AT, A Tf—» P ﬁzllgg (inference only)

A: Image embedding (inference only)



Decoupling Zero-Shot Semantic Segmentation

preprocess Seen  Unseen Harmonic
) ZegFormer-seg - 374 214 212
(3) ZegFormer. This variant 1s our full model. We first fuse — cropl)( ;28 ; :)(7) izg
¢) and p, (c) for each query as: A as ; s 3
Pq(c) and py(c) ety cron andmask | 359 333 34.4

o fusion (€) = Pqle)? 'p(g,l;;é\) ifceS 3)
Pq fusion\C pq((j)(l_)\) ) p;((j))\ if ¢ e U! z

original image crop mask mask and crop

Figure 3. Comparison between three preprocess for a segment.



Open-Vocabulary Instance Segmentation
via Robust Cross-Modal Pseudo-Labeling

Dat Huynh'*  Jason Kuen? Zhe Lin? Jiuxiang Gu? Ehsan Elhamifar!
INortheastern University ?Adobe Research

"fhuynh.dat,e.elhamifar}@northeastern.edu *{kuen, zlin, Jjigu}@adobe.com

Instance segmentation, Open-vocabulary, Weak supervision



Open-Vocabulary Instance Segmentation
via Robust Cross-Modal Pseudo-Labeling

* Motivation
« Aims at segment novel classes without mask annotations
 Caption can’t provide details required in pixel-wise segmentation

* Propose a cross-modal pseudo-labeling framework

Textual Modality Base Class Novel Class

A BB under Mlcro:vave Coffee»Machlne
a coffee machine
+  Cross-Modal
Alignment

Visual Modality Cross-Modal

Pseudo-Labeling




Open-Vocabulary Instance Segmentation
via Robust Cross-Modal Pseudo-Labeling

 Framework

Alperson riding a|scooter|

Region
Proposal Net

Student ‘

|

[
Ll

Teacher

Emb Head

P Emb

Emb Head
JEmb

s

Cross-Modal
Loss

L

reweight

e

Mask Head

hMaqk

-

Noise
Estimation

GNoise

Mask Head
JMask




Open-Vocabulary Instance Segmentation
via Robust Cross-Modal Pseudo-Labeling

* Input
 Region proposals (ROI Align) . )
» Nouns from image caption Aperson riding a [scooter] — E“};’ Head }
: ‘ > Emb
I | — T
* Target :

Emb Head
 Mask Sttﬁ[ YJEmb }
 Class (Embedding similarity) [ }

Region
Proposal Net [

*pbackground embedding is full of 0



Open-Vocabulary Instance Segmentation
via Robust Cross-Modal Pseudo-Labeling

« Mask supervision
+ Simple BCE, bad teacher prediction Z ZﬁBCE M Y | 9yask (Fo )),

ocO,. x,y
« Assumption: pseudo mask is corrupted by a Gaussian noise, var can be estimated

M(VelIe, g) Z ZEBCE MY |9asc (Fb,) + €57)

oceQ, &,y

NN(O gN01se(fb ))

*Noise is per-pixel predicted
*Noise is predicted based on object region



Proposal CLIP: Unsupervised Open-Category Object Proposal Generation
via Exploiting CLIP Cues

Hengcan Shi, Munawar Hayat, Yicheng Wu, Jianfei Cai
Department of Data Science and Al, Monash University, Australia
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ProposalCLIP: Unsupervised Open-Category Object
Proposal Generation via Exploiting CLIP Cues

* Motivation
* Require a large number of bounding box annotations
* Can only generate proposals for [imited object categories



ProposalCLIP: Unsupervised Open-Category Object
Proposal Generation via Exploiting CLIP Cues

(a) Initial Proposal Generation (b) CLIP Proposal Selection (d) Proposal Regression

Objectness score 5. 0.
Sr =
\/ L1 - E e
+ Asim ma\ Simy . v
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Figure 4. Illustration of our ProposalCLIP. (a) The initial proposal generation model extracts initial proposals. (b) The CLIP proposal
selection model selects and re-scores proposals based on CLIP cues. (c) The graph-based proposal merging model corrects fragmented
proposals based on CLIP features. (d) The proposal regression model refines proposals.
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* Select 60% low-similarity-entropy initial proposal
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Distinguishing Unseen from Seen
for Generalized Zero-shot Learning

Visual VAE Semantic VAE
== Lyap
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Figure 2. Illustration of our framework. F,, D,, Es and D; refer to visual encoder, visual decoder, semantic encoder and semantic

decoder, respectively. Notations z;, 245, 2z and z,« denote latent representations of seen visual samples, seen semantic descriptions,

fictitious visual samples and unseen semantic descriptions, respectively. Notice that fictitious classes are generated with semantic encoder
and visual decoder in our method. Red lines indicate the generation of fictitious classes.



