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Figure 2. Example annotations from the VGPHRASECUT dataset. Colors (blue, red, green) of the input phrases correspond to words
that indicate attributes, categories, and relationships respectively.

Dataset Referlt [17] | Google RefExp [26] | RefCOCO [41] | VGPHRASECUT
# images 19,894 26,711 19,994 77.262
# instances 96,654 54,822 50,000 345,486
# categories - 80 80 3103
multi-instance No No No | Yes
segmentation Yes Yes Yes Yes
referring phrase | short phrases long descriptions short phrases templated phrases
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Word embedding
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2 Recurrent Multimodal Interaction for Referring Image Segmentation

ICCV 2017

Chenxi Liu'  Zhe Lin?  Xiaohui Shen? Jimei Yang? XinLu? Alan Yuille!
Johns Hopkins University! ~ Adobe Research?

{exliu, alan.yuille}@ijhu.edu {z1lin, xshen, jimyang, xinl}Radobe.com

Segmentation from Natural Language Expressions:

® Remember all information - Find the matching region

® human: image-sentence-image reading sequence 3 [OI3 sabfE B iR X 53,

e.g. “The man on the right wearing blue.”

Step: 1.Find out pixels =>“the man” 9 R M I

2.Delete pixels not “on the right”

3.Delete pixels not “wearing blue”




CNN+LSTM->RMI
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Experiments

Google-Ref UNC UNC+ ReferltGame
val val testA  testB val testA  testB test

[12, 13] 28.14 - - - - - - 48.03
R+LSTM 28.60 38.74 39.18 3901 | 26.25 2695 2457 54.01
R+RMI 32.06 39.74 3999 40.44 | 27.85 28.69 26.65 54.55
R+LSTM+DCRF 28.94 390.88 4044 40.07 | 26.29 27.03 24.44 55.90
R+RMI+DCRF 32.85 41.17 41.35 41.87 | 28.26 29.16 26.86 56.61
D+LSTM 33.08 4327 4360 43.31 | 2842 2857 27.70 56.83
D+RMI 34.40 44.33 44.74 44.63 | 2991 30.37 29.43 57.34
D+LSTM+DCRF 33.11 4397 4425 4407 | 28.07 28.290 27.44 58.20
D+RMI+DCRF 34.52 45.18 45.69 45.57 | 29.86 30.48 29.50 58.73




3 MACttNet: Modular Attention Network for Referring Expression Comprehension
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Target object: a red ball
-a red ball among 10 black balls <”the red ball”
-a red ball is placed among 3 other red balls<“red ball on the right” < location information

-a red ball is placed among 100 other red balls <“red ball next to the cat”< most distinguishing information




CVPR 2018
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Figure 2: Language Attention Network
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Visual Modules
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Visual Modules--Subject Module
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Visual Modules--Location Module
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Visual Modules--Relationship Module

Rel. phrase embedding q"°
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Loss Function
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Results: Referring Expression Comprehension

RefCOCO

Model Backbone Net Split | Pr@0.5 Pr@0.6 Pr@0.7 Pr@08 Pr@0.9 IoU
D+RMI+DCRF [11] | res101-DeepLab val 42.99 33.24 22.75 12.11 2.23 45.18
MAttNet res101-mrcn val 75.16 72.55 67.83 54.79 16.81 56.51
D+RMI+DCRF [14] | resl01-DeepLab | testA 42.99 33.59 23.69 12.94 2.44 45.69
MAttNet res101-mrcn testA 79.55 77.60 72.53 59.01 13.79 62.37
D+RMI+DCRF [14] | resl01-DeepLab testB 44.99 32.21 22.69 11.84 2.65 45.57
MAttNet res101-mrcn testB 68.87 65.06 60.02 48.91 21.37 51.70

RefCOCO+

Model Backbone Net Split | Pr@0.5 Pr@0.6 Pr@0.7 Pr@08 Pr@0.9 IoU
D+RMI+DCRF [14] | res101-DeepLab val 20.52 14.02 8.46 3.77 0.62 209.86
MAttNet res101-mrcn val 64.11 61.87 58.06 47.42 14.16 46.67
D+RMI+DCRF [14] | resl01-DeepLab | testA 21.22 14.43 8.99 3.91 0.49 30.48
MAttNet res101-mrcn testA 70.12 68.48 63.97 52.13 12.28 52.39
D+RMI+DCRF [14] | resl0l-DeepLab | testB 20.78 14.56 8.80 4.58 0.80 29.50
MAttNet res101-mrcn testB 54.82 51.73 47.27 38.58 17.00 40.08

RefCOCOg

Model Backbone Net | Split | Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9 IoU
MAttNet res101-mrcn val 64.48 61.52 56.50 4397 14.67 47.64
MAttNet res101-mrcn test 65.60 62.92 57.31 44 .44 12.55 48.61

Table 4: Comparison of segmentation performance on RefCOCO, RefCOCO+, and our results on RefCOCOg.

Precision@0.5 is the percentage of expressions where the loU of the predicted segmentation and ground-truth is at least 0.5.
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Segmentation from Referring Expression
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« Consider the entire image/only be able to
catch the global structure but ignore spatially distributed objects
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middle regions<-six additional fully connected layers
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A Joint Framework
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location

RefCOCO RefCOCOg
Model Info. val testA  testB val*® val test
Nagaraja et al. [[] C 57.30 58.60 56.40 - - 49 50
Luo et al. &3] J - 67.94 55.18 49.07 - -
Liu et al. [[3] Attr, J - 72.08 5729 5235 - -
Yu et al. 3] ] - 73.78 63.83 5984 - -
MAttNet [[3] Attr, Attn, L, R 76,65  81.14 6999 - 66.58 67.27
VC [E3] C - 7333 6744 62.30 - -
baseline 7265 T6.65 6575 5418 S8.09 58.32

+ spatial coords [H] L 75.89 7857 6854 6137 64.10 64.21
+ spatial-aware filters L 76.98 7930 69.75 61.65 65.18 65.28
+ caption-aware consistency ] 76.05 7884 6936 6069 6471 63.79

full model L.J 77.08 80.34 70.62 6234 65.83 654




segmentation

Table 2: Segmentation results of our method and the competing methods on two datasets.

RefCOCO RefCOCOg
Model Backbone Net val testA  testB val* val test

D+RMI+DCREF [3] Deeplabl01 45.18 45.69 45.57 -
RRN+LSTM+DCRF [H] Deeplabl01 5533 5726 5395 3645

MAttNet [C0] Res101 56.51 6237 5170 - 47.64 4861
KWAN [C3] Deeplab101 i - - 3692 - i
DMN [[3] DPN92 4978 54.83 4513 3676 - i

Ours Res101 5890 61.77 53.81 4432 4637 46.95
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Figure 3: Sample results of objects referred by various query expressions.

“elephant in back™
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Input Image Ground Truth Baseline Spatial-aware Filters Full Model
Figure 4: Sample results from different variants of the proposed model on RefCOCO.




PhraseCut: Language-based Image Segmentation in the Wild CVPR 2020

Chenyun Wu!  Zhe Lin?  Scott Cohen® Trung Bui®  Subhransu Maji'
' University of Massachusetts Amherst ?Adobe Research
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zebra lying on savanna black shirt

short deer walking people
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wipers on trains

hatchback car mark on chicken

R

Figure 2. Example annotations from the VGPHRASECUT dataset. Colors (blue, red, green) of the input phrases correspond to words
that indicate attributes, categories, and relationships respectively.
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Prediction |

Model mean-loU |cum-loU [Pr@0.5|Pr@0(.7 |Pr@0.9
HULANet
cat 399 48.8 40.8 259 5.5
cat+att 41.3 50.8 429 278 59
cat+rel 41.1 499 42.3 26.6 5.6
cat+att+rel 41.3 50.2 42.4 27.0 5.7
RMI 21.1 42.5 22.0 11.6 1.5
MattNet 20.2 22.7 19.7 13.5 3.0

- a modular approach for combining visual cues related to categories, attributes, and

relationships

= a systematic approach to improving the performance on rare categories and attributes by

leveraging predictions on more frequent ones




red and black surfboard soccer player in uniform empty glass

- B /T,

MattNet Ground-truth Input
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Qurs

Figure 6. Prediction results on VGPHRASECUT dataset. Rows from top to down are: (1) input image; (2) ground-truth segmentation
and instance boxes; (3) MattNet baseline; (4) RMI baseline; (5) HULANet (cat + att + rel). See more results in the supplemental material.
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