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Figure 1. Fast R-CNN architecture. An input image and multi-
ple regions of interest (Rols) are input into a fully convolutional
network. Each Rol is pooled into a fixed-size feature map and
then mapped to a feature vector by fully connected layers (FCs).
The network has two output vectors per Rol: softmax probabilities
and per-class bounding-box regression offsets. The architecture is
trained end-to-end with a multi-task loss.
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Table 1: Training with only base categories achieves comparable average recall (AR) for novel categories
on LVIS. We compare RPN trained with base only vs. base+novel categories and report the bounding box AR. ° RPNE@]%’&HI']

Supervision  AR,@100 AR,@300 AR, @1000 * RPN7EbaseZt FillZF07E
l;ase 1 ?3.:1% ;1(8).3 23'8 base+novel Li)ll%x, X Frarezk
ase + nove . . ) »

(BDnovelzt) HYRIEIEZDEXE

RK

Table 3: Performance of Vil.D) and its variants. Vil.1) outperforms the supervised counterpart on novel * FIFHRPNtEIFEEREBEEZSH
categories. Using ALIGN as the teacher model achieves the best performance without bells and whistles. All unseen E 1;/]—‘

results are mask AP. We d‘I.'EIﬂ.gE over 3 runs for R3() experiments. - methods with R-CNN style; runtime is

630 of Mask R-CNN sty le. ¥ for relerence, [ully-supervised learning with additional tricks.

Backbone Method AP, AP. APy AP

ResNet-504+ViT-R/32 | CLIP on umppcdrmgiﬁnsf | 189 188 160 177 s 5HM#MGENLLE
ViLD-lext+CLIP 226 248 202 26.1 « ElbackbonediiE T VLD k%
Supervised-RFS (hase+novel) 123 243 324 254 ackoonegiiz I+, VI mE
GloVe baseline 30 2000 304 212 FINMBRELF

. VILD-text 10.1 239 325 249

ResNet-30 Vil.D-image N2 113 1.1 112 ° backboneﬁ_kﬁ_ﬁ
VILD (w=0.5) 16.1 200 283 225 . o %
Vil.D-ensemble (1:=0.5) 166 246 303 255 ﬂﬁﬁigi A AiEMRELE (CLIP

e entNet b Vil.D-ensemble w/ ViT-L/14 (1:=1.0) 217 291 336 296 FALIGN)

Acientvet [ ViLD-ensemble w/ ALIGN (w=1.0) | 263 272 329 293

ResNeS1269+HTC 2020 Challenge winner (Tan et al}20200* 30,0 419 460 413

W
~

ALIGN on cropped regions  39.6 326 263
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Table 5: Generalization ability of ViLD. We evaluate the LVIS-trained model with ResNet-50 backbone on
PASCAL VOC 2007 test set, COCO validation set, and Objects365 vl validation set. Simply replacing the
text embeddings, our approaches are able to transfer to varfious detection datasets. The supervised baselines of
COCO and Objects365 are trained from scratch. T: the supervised baseline of PASCAL VOC is initialized with
an ImageNet-pretrained checkpoint. All results are box APs.

PASCAL VOCT COCO Objects365
APs; AP | AP APsy APz | AP AP, APy

ViLD-text 40.5 31.6 288 434 314 | 104 158 11.1
ViLD 72.2 56.7 36.6 556 398 | 118 182 12.6
Finetuning | 78.9 60.3 39.1 598 424 | 152 239 16.2
Supervised | 78.5 49.0 465 676 509 | 256 386  28.0

Method

Tha becl has Bilag s head and black body i
T bived has wallowy hesd so black Lody
7nc oird has alack head and vellow body -
The: ird fas yellew Reand aned yelloe Body l

{a) Fine-grained breeds and colors. {b) Colors of body parts.

Figure 5; On-the-fly interactive object detection. One application of ViLD is using on-the-[ly arbitrary texis
to further recognize more details of the detected objects, e.g.. fine-grained categories and color attributes.
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Figure 1: Illustration of different region-text alignment paradigms. (a): example image-text
pair. and region proposals generated by a pre-trained region proposal network; (b): a pre-trained
VLM (e.g., CLIP [35]) is used to retrieve the box with the highest region-word similarity concerning
the query text, which yet exhibits poor localization quality: (¢) our method overcomes the reliance
on VLMs by exploring visual clues, i.e., object co-occurrence, within a group of image-text pairs
containing the same concept (e. 2., =), Best viewed in color.
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Table 2: Comparison with state-of-the-
art methods on OV-COCO. ': imple-
mented with Deformable DETR [64].

Table 1: Comparison with state-of-the-art open-vocabulary object detection methods on OV-

LVIS. Caption supervision means the method learns vision-language alignment from image-text Method APSy APSG® APS)

pairs, while CLLP supervision indicates transterring knowledge from pre-trained CLIP. The column OVR-CNN [57] 228 460 399

*Strict” indicates whether the method follows a strict open-vocabulary setting, VIiLD [ 18] 276 595 513
Method Backbone Supervision  Strict  APL., AP AP AP RegionCLIP [59]  26.8  54.8 475
VILD [19] RN50-FPN CLIP v/ 6.6 246 303 235 gf;'f)gﬂ]{ (s6t ;;‘i 'g‘é g'g
RegionCLIP [59] EN30-C4 Caplion v 17.1 274 34,00 282 PB-OVD [| ;] 29'1 44'4 40'4
DetPro [ 2] RNS0-FP'N CLIP v 19.5 23.6 25.9 239 VIDet B 32'0 50-6 45.8
WV-DIETR [56] EN30-C4 Caplion X 17.4 25.0 325 20,0 CoDet (Ours) 30.6 52'3 46.6
PromptDet [ 4] RNS0-FP'N Caption X 19.0 18.5 23.58 214 — ) i
Deric [01] EM 50 Caption X 195 - - ing
tmVLM |20 RNSU-EFN CLLP v 18.6 - - 24.2 Table 3: Cross-datasets transfer detection from
VILDet l"‘_] RN30 . Caption v 217 298 343 301 OV-LVIS to COCO and Objects365. T: Detection-
BARON [51] ENS0-FFN CLIF v 22.6 27.6 298 216 specialized pre-training with SoCo [4£].
Colet {Ours) RS0 Caption v 234 0.0 EEN 307
RegionCLIP [59]  RS50x4 (87M) Caption s 20 320 368 323 Method coco Objects365
Detic |61] SwinB (88M) Caplion X 239 40.2 42.8 384 AP APso AP7; AP AP5y APrs
F-VIM [20] R30x4 (87M) crm v 26.3 X - 283 Supervised [15] 465 67.6 509 256 386 28.0
WLhDet [15] SwinB {53M) Caplion v 26.3 34 41.9 38l
CoDet {Ours) SwinB (B8M) Caption vy 29.4 395 430 392 VILD [1¥] 36.6 556 398 118 182 12.6

DetPro [12]" 349 538 374 121 188 129

FVIM[20] R.30x64 (420M) CLw v 328 - - 9 F-VLM[26] 325 53.1 346 119 192 126
CoDet (Ours) EVAOZ-L (3040 L‘.EI.[.ﬂiLlII v 370 46.3 46.3 44.7 BARON [50] 362 557 39.1 13.6 21.0 14.5

CoDet (Ours) 391 57.0 423 142 205 153
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Figure 5: There can be more than one co-occurring concept among sampled images. Text guidance
helps filter out the distracting concept (chair legs) and focus on the concept of interest (pigeons).

15



5"“1\”%@ } J \3
NELFRS
l89

s PEKING UNIVERSITY

Open-Vocabulary SAM: Segment and
Recognize

Twentysthausand Glasses.lptaractively

ECCV 2024

16



. O Segment Anything Model (SAM)

—69—0 mask decoder T

image
encoder T T T

/ conv\ prompt encoder

image T T T T

embedding Mask  points  box text

, score

Zero-Shot Text-to-Mask:

Image encoder:
MAE pre-trained Vision Transformer (ViT)

Prompt encoder: , )

. \ ¢ v v “a wiper’ + point ‘¥
points, box | ST T o PTG TP
text (CLIP) | L e =
mask (conv)

Mask decoder:

based on Transformer decoder block
output masks and scores

Figure 8: Zero—sht téxt—to—ask. SAM can work with sim- S Anvthi
ple and nuanced text prompts. When SAM fails to make a egment nyt INg
correct prediction, an additional point prompt can help. by Meta Al, ICCV 2023



D 02 Y

ol Prompt Sand OvesAM Box Prampt SN CvaSAM O 1ovpetiige Bl
O Feature Crop Baseline
D Adpsen-Yozalal g SAR
ACCuracy

C} LU RN SN LS TR
LIED, 44,5

LY Ix Cificiency
h WAL Aecuracy

SAM - CLIE™
35315, 5.1 O

GFLOPs

CON } Acuracy

41

G510

[1[]

Satd + CLIF OO-SAM

Fig. 1: Open-Vocabulary SAM not only can segment anything with prompts just like
SAM but also has the capability of recognition in the real world, like CLIP. With
drastically lower computational cost, Open-Vocabulary SAM has a higher recognition
performance than directly combining SAM and CLIP with image or feature cropping
(measured on the COCO open vocabulary benchmark).
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Table 1: Comparison of combined baselines and Open-Vocabulary SAM using visual

prompts. “*” indicates using mask center point as prompts, while others indicate using . m
ground truth boxes prompts. IoUp and [oU, refer to the average IoU for each mask of 5SAM +CLIP§EEA“ XT‘I- tl‘/’
base classes and novel classes, respectively. ’EE ‘HAE%:ZEE %ﬁﬂ%ﬁﬁ p 1E§§I%; g
COCO LVIS 9\_1%:5
Method Loy IoU, Acc|loUy [oU, Acc FLOPs #Param
Image-Crop baseline 78.1 81.4 46.2|78.3 81.6 9.6 3,748G 808M
Feature-Crop baseline 78.1 81.4 55.1|78.3 81.6 26.5|3,545G 808M

Image-Crop baseline + CoOp [89] [79.6 82.1 62.0/80.1 82.0 32.1|3,748G 808M
Feature-Crop baseline + CoOp [89] [79.6 82.1 70.9/80.1 82.0 48.2|3,545G 808M

Open-Vocabulary SAM 81.5 84.0 84.3|80.4 83.1 66.6|1,180G 304M|
Image-Crop baseline* 60.7 66.7 24.5/53.0 62.3 6.2 [3,748G 808M
Feature-Crop baseline* 60.7 66.7 32.1/53.0 62.3 11.0/3,545G 808M

Image-Crop baseline + CoOp [89]* |64.7 66.7 28.2|58.9 64.2 8.3 |3,748G 808M
Feature-Crop baseline + CoOp [89]*|64.7 66.7 35.1/58.9 64.2 13.2|3,545G 808M
Open-Vocabulary SAM* 68.4 65.2 76.7/63.6 67.9 60.4|1,180G 304M

Table 2: Comparison of combined baselines and Open-Vocabulary SAM on prompts
generated by the open vocabulary detector. For the LVIS dataset, only ‘normal’ and
‘frequent’ classes are in the training set. The labels are generated by each baseline or
our method. We adopt Detic @l as the OV-Detector to provide box prompts.

COCO LVIS
Apbasc Apno'uci AP Aprarc Apnarm Apj'rcq AP

26.2 31.2 27.3] 19.8 18.3 16.3 17.2
28.0 33.8 29.5| 24.2 214 18.6 20.8
31.1 36.0 324 24.0 21.3 229 224

Method ‘ |FLOPS #Params

Image-Crop baseline + CoOp @
Feature-Crop baseline + CoOp
Open-Vocabulary SAM

3,748G  808M
3,545G  808M
1,180G  304M
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Table 4: Comparison of mask quality with various detectors on COCO dataset. We
report the mask mean AP for comparison. The masks are generated by each method,
while the labels are from the corresponding detectors.

Method Detectors |mAP AP50 AP75|APS APM APL|#Params FLOPs
SAM-Huge Faster-RCNN (R50)| 35.6 54.9 38.4 [17.2 39.1 51.4| 641IM 3,001G
SAM-Huge (finetuned) Faster-RCNN (R50)|35.8 55.0 38.4 |16.5 38.6 53.0| 641M 3,001G
Open-Vocabulary SAM Faster-RCNN (R50)| 35.8 55.6 38.3 |16.0 38.9 53.1| 304M 1,180G
SAM-Huge Detic (swin-base) |36.4 57.1 39.4 (21.4 40.8 54.6| 641M 3,001G
SAM-Huge (finetuned) Detic (swin-base) |36.8 57.4 39.8 |20.8 40.6 55.1| 641M 3,001G
Open-Vocabulary SAM  Detic (swin-base) |36.7 57.2 39.7 |20.7 40.8 54.9| 304M 1,180G
SAM-Huge ViTDet (Huge) |46.3 72.0 49.8 (252 45.5 59.6| 641M 3,001G
SAM-Huge (finetuned) ViTDet (Huge) |[46.5 72.3 50.3 |25.2 45.8 60.1| 641M 3,001G
Open-Vocabulary SAM ~ ViTDet (Huge) |[48.8 73.8 52.9 |24.8 46.3 64.2| 304M 1,180G
Method |1-IoU (COCO)|cls. open.
SAM H) 78.2 - -
SEEM 1] (T) 73.7 voo-
Semantic-SAM (T) 76.1 v ooo-
OV-SAM (ours) 81.7 v oV

PEKING UNIVERSITY
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Table 5: Scaling up with large-scale datasets.

Datasets ‘Accuracy‘#vocaulary #images " .
. M
LVIS 83.1 1,203 99K j:r XJ}E =
A2 A\ = — PNZRS \
VaDet T | 13200 18K BERENRR, BEiRAEY
- D 3 . /\*
V3Det + LVIS 82.7 13,844 282K 22000171 ==
V3Det + LVIS + 1-21k 83.3 25,898 13M
V3Det + LVIS + I-21k + Object365| 83.0 25,970 15M

Backbone |IoU Acc #FLOPs(G) #Params (M)

RN50  |77.350.8 728 165 * EHACLIPEIbackbone
RN50x16 [78.155.1 1,180 304
RN50x64 [78.1 541 2,008 568 HEFEFRBNbackbone R EIF
ConvNeXt-L|78.3 59.1 1,313 321
VIT-L-14 |38.6 14.3 2,294 141

Table S1: Comparison with Recent Joint SAM and CLIP models |E|,

* SRENESSAMAICLIPR

Property|SSA []gl SAM-CLIP [IEE RecognizeAnything M Sambor ﬂ'Z_O] Ours

- | -

Single Backbone| x v X X v *E ;—‘:FCJ tls Eﬁ
Object-Level Classification| x X X v v
Interactive Segmentation| x v X X v

24
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Fig. 83: Visnalization of cverything mode.
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Fig. S4: Failure cases of Open-Vocabulary SAM.
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