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Background Knowledge

Semantic segmentation:
rely on CAMs, leverages motion and temporal consistency in videos

Instance segmentation:
mining other information to distinguish instance
Typical pipeline: a) generating pseudo label. b) trainning a supervised

model.
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Class attention maps(CAMs)
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Figure 2. Class Activation Mapping: the predicted class score is mapped back to the previous convolutional layer to generate the class
activation maps (CAMs). The CAM highlights the class-specific discriminative regions.
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Inter-pixel relation network(IRN)

Weakly Supervised Learning of Instance Segmentation with Inter-pixel Relations
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Figure 1. Overview of our framework for generating pseudo instance segmentation labels.



IRN -- architecture
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Figure 2. Overall architecture of IRNet.
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IRN -- inter-pixel relations

Two kinds of inter—pixel
relations:

displacement between a pair of
pixels

class equivalence
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Figure 3. Visualization of our inter-pixel relation mining process.
(a) CAMs. (b) Confident areas of object classes. (c) Pseudo class
label map within a local neighborhood. (d) Class equivalence rela-
tions between the center and the others.
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IRN -- Displacement Field
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IRN -- Generating pseudo labels

Stage 1: Generating Class-agnostic Instance Map:

%1 centroid

Figure 5. Detecting instance centroids. (left) Input image. (center)
An initial displacement field. (right) A refined displacement field
and detected centroids.

class —agnostic instance map: I € [1, k]Wxh
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¢RN -- Generating pseudo labels

Stage 2: Synthesizing Instance Segmentation Labels

M () M.(x) ifI(x)=k,
ck\X) = .
g 0 otherwise,

A = [az’j] c Rthwh
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T =S 1A°" where S;; = a’

vec(M*.) =T" - vec(M. ® (1 — B)),



Method mloU
CAM 8.6
CAM + Class Boundary 34.1
CAM + Displacement Field + Class Boundary (Ours) | 37.7

Table 1. Quality of our pseudo instance segmentation labels in
AP, evaluated on the PASCAL VOC 2012 train set.

CAM

Prop. w/ AffinityNet [ ]

Prop. w/ IRNet (Ours)

48.3

395

66.5

Table 2. Quality of pseudo semantic segmentation labels in mloU,
evaluated on the PASCAL VOC 2012 train set. “Prop” means the
semantic propagation using predicted affinities.

Method Sup.  Extra data/ Information | APy, AP7,
PRM [50] Z MCG [2] 26.8 -
SDI [22] B BSDS [33] 44.8 -
SDS [16] i MCG [2] 43.8 213
MRCNN [17] I MS-COCO [29] 69.0 -
Ours-ResNetS0 i - 46.7 2323

Table 3. Instance segmentation performance on the PASCAL VOC
2012 val set. The supervision types (Sup.) indicate: Z—image-level
label, B—bounding box, and F—segmentation label.
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Overall architecture

flowIRN : - T MaskConsist
- > @ FIRN I
: t I t L -
) f-CAMSY o O P ! O
CAM(t) P :pt
(t) e A T I A maskCon
Frame — B do a0y emporally
Néa;l; iee b’ | Intra-frame Flow( t-6)p->| consistent
N 5 R- matching
» Flow(t t+d) ‘ N & O j])et;ps labelsﬂ O :Prfnzgk(:on
(t+6) |— A ._’. A\l Inter-frame N AN
Frame - O ?;;% matching :
> CAM(t*9) ° : ol A . pseudo
I I labels

Figure 2. Our pipeline mainly consists of two modules: flowIRN and MaskConsist. FlowIRN adapts IRN [6] by incorporating optical
flow to modify CAMs (f-CAMs), as well as introducing a new loss function: flow-boundary loss (f-Bound loss). MaskConsist matches
the predictions from two successive frames and transfers high-quality predictions from one frame as pseudo-labels to another. It has three
components: intra-frame matching, inter-frame matching and temporally consistent labels, shown in orange, green and blue, respectively.
First, flowIRN is trained with frame-level class labels. Next, MaskConsist is trained with the pseudo-labels generated by flowIRN.
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MaskConsist
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Experiments

Caiv\ BEIJING JIAOTONG

</ UNIVERSITY

Optical flow network: self-supervised DDFlow trained on “Flying

Chairs” dataset and then fine-tuned on YTVIS in an unsupervised way

training 120 hours on 4 P100
FlowlIRN: first trained on PASCAL VOC 2012 before training with MaskConsist
MaskConsist: 90K iter for YTVIS, 75K for Cityscapes

Methods Train_Val Split Validation Split

mAP AP50 AP75 AR1 ARl() mAP AP5() AP75 ARl AR1()

Fiilly supervised IoUTracker+ [5] - - - - - 23.6 | 39.2 | 25.5 | 26.2 | 30.9
lsating fiethods DeepSORT [57] - - - - - 1 26.1 | 429 | 26.1 | 27.8 | 31.3
MaskTrack [55] - - - - - 30.3 | 51.1 | 32.6 | 31.0 | 35.5

Weakly supervised WISE [27] 87 | 221 | 55 | 98 | 107 | 63 | 175 | 35 | 7.1 | 7.8
leaminG metiods IRN [6] 10.8 | 26.4 | 7.7 | 12.6 | 144 | 7.3 | 180 | 3.0 | 9.0 | 10.7
Ours 141 | 344 | 94 [ 16.0 | 179 | 105 | 272 | 6.2 | 12.3 | 13.6

Table 3. Video instance segmentation results on Youtube-VIS dataset.




Ablation study

YTVIS Cityscapes
IRN [6] 25.42 8.46
IRN+f-Bound 26.60 9.51
IRN+f-CAMs 27.47 10.55
flowIRN 28.45 10.75

Table 4. Ablation study of flowIRN components.

Results are

reported on training data to evaluate pseudo-label quality. No
second-step Mask R-CNN or MaskConsist training is applied here.

MaskConsist Components APso
Intra-F Inter-F  IoM-NMS | YTVIS Cityscapes
X X X 31.43 14.66
X v v 33.75 14.92
v X v 31.08 14.43
v v X 33.65 15.27
v v v 34.66 16.05

Table 5. Ablation study of MaskConsist components. The num-
bers in this table are generated by models with two-step training.
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Ablation study
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Figure 5. Improvement introduced by f-CAMs and f-Bound. Top:
output of IRN. Middle: optical flow extracted for the input frame.
Bottom: output after incorporating f-CAMs or f-Bound.



Ablation study
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Figure 4. Example Video instance segmentation results from our method on Youtube-VIS dataset.



