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A-GAME

I Supervised method

I Semi-Supervised video object segmentation task

I Single/Multi object

I Network learns in a one-shot manner to discriminate between
target and background pixels, without invoking stochastic
gradient descent
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A-GAME: Architecture
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A-GAME: Backbone

I ResNet101 [5] with dilated convolutions [1]

I Pretrained on ImageNet [11]

I All network, except last block, is frozen

I Input: It ∈ Rh×w×3 - frame i

I Output: {xt1,xt2, ...,xtm}, m = hw - nr pixels in image,
xti ∈ RDx1

He et al. [5], Chen et al. [1], Russakovsky et al. [11]
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A-GAME: Appearance Module

I Input:
I {xt1,xt2, ...,xtm}
I θ t−1 - previous frame parameters of the appearance model

-
I ỹ tp - coarse segmentation

I Output:
I stp,k - score for component k at location p, in frame t

-
I θ t
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A-GAME: Appearance Module
Model learning

I Assume we have K components

I Each such component exclusively models the feature vectors
of either foreground or background

I 4 Gaussians: k ∈ {0,2} - background, k ∈ {1,3} - foreground
I 0 & 1 - base components
I 2 & 3 - distractors

I zp discrete random variable assigning observation xp to a
specific component

I Uniform prior: p(zp = k) = 1
K

I p(xp) = ∑
K
k=1 p(zp = k)p(xp|zp = k)

I p(xp|zp = k) = N (xp|µk ,Σk)

8 / 52



A-GAME: Appearance Module
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A-GAME: Appearance Module

I First frame:
I The generative mixture model is inferred from the extracted

features and initial target mask

I Subsequent frames:
I Update the model using soft component assignment variables

αt
p,k ∈ [0,1] (α0

p,k ∈ {0,1})
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A-GAME: Appearance Module

I Model output:

I p(z tp = k|xtp,θ t−1) =
p(ztp=k)p(xtp |ztp=k)

∑i p(ztp=i)p(xtp |ztp=i)

I In practice, log-probabilities are fed to the fusion module
I stp,k ≈ log(p(z tp = k)p(x tp|z tp = k))

I stp,k =− ln|Σt−1
k |+(xtp−µ

t−1
k )T (Σt−1

k )−1(xtp−µ
t−1
k )

2
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A-GAME: Appearance Module

I Model parameters updates

µ̃t
k =

∑p αt
p,kxtp

∑p αt
p,k

Σ̃t
k =

∑p αt
p,kdiag{(xtp−µ̃t

k )2+rk}
∑p αt

p,k

I Model update

µ0
k = µ̃0

k

Σ0
k = Σ̃0

k
-
µt
k = (1−λ )µ

t−1
k + λ µ̃t

k

Σt
k = (1−λ )Σt−1

k + λ Σ̃t
k
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A-GAME: Appearance Module

I Base components:
I First frame (yp ∈ {0,1}):

α0
p,0 = 1−yp

α0
p,1 = yp

I Subsequent frames:

αt
p,0 = 1− ỹp(It ,θ t−1,Φ)

αt
p,1 = ỹp(It ,θ t−1,Φ)

Φ - network parameters

I Additional components

αt
p,2 = max(0,αt

p,0−p(z tp = 0|xtp,µt
0 ,Σ

t
0))

αt
p,3 = max(0,αt

p,1−p(z tp = 1|xtp,µt
1 ,Σ

t
1))

Posteriors evaluated using only the base components
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A-GAME: Appearance Module
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A-GAME: Mask-Propagation Module [12]

I Three convolutional layers

Wug et al. [12]
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A-GAME: Fusion Module

I Concatenate results of Appearance and Mask-Propagation
Modules

I 2 convolutional layers
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A-GAME: Upsampling Module

I Predicts a soft-segmentation mask
ŷp

I Coarse representation is
successively combined with
successively shallower features [9]

Pinheiro et al. [9]
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A-GAME: Predictor Coarse

I Generates a coarse soft-segmentation mask ỹp
I Will be used by the Appearance and Mask-Propagation

Modules in next timestep
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A-GAME: Predictor Final
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A-GAME: Multi-Object

I Run the model once per object

I Combine resulting soft-segmentations with
softmax-aggregation [12]

I Aggregated soft-segmentations will replace ỹp in the recurrent
connection

I Softmax-aggregation

yp,o - probability of object o at location p

yp,o = σ(logit(yp,o)) =
yp,o

1−yp,o
∑
O
i=1

yp,o
1−yp,o

Wug et al. [12]
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A-GAME: Training
Loss

I Training sample: video of n frames and the annotation for the
first frame

I Cross-entropy loss on the final mask

I Auxiliary loss for coarse segmentation ỹp
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A-GAME: Training
Datasets

I Datasets:
I DAVIS2017 [10]
I YouTube-VOS [13]
I SynthVOS

I Add 1-5 objects from MSRA10k [3] (salient objects) into
images from VOC2012 [4]

I Move objects across the image ⇒ synthetic video

Pont-Tuset et al. [10], Xu et al. [13], Cheng et al. [3], Everingham et al.
[4]
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A-GAME: Training
Steps

I Initial training
I 80 epochs
I All 3 datasets
I Half resolution images
I Batch: 4 sequences of 8 frames

I Finetuning
I 100 epochs
I DAVIS2017 YouTube-VOS
I Full resolution images
I Batch: 2 sequences of 14 frames
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A-GAME: Ablation study
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A-GAME: Quantitative results
YouTube-VOS
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A-GAME: Quantitative results
DAVIS2017
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A-GAME: Quantitative results
DAVIS2016
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A-GAME: Qualitative results
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COSNet
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COSNet

I Supervised method

I Unsupervised video object segmentation task

I Single object: primary object
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COSNet: Intuition

I Primary objects:
I distinguishable in an

individual frame (locally
salient)

I frequently appearing
throughout the video
sequence (globally
consistent)
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COSNet: Training & Testing
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COSNet: Architecture
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COSNet: Features Embedding Module

I Input: {Fa, Fb} ∈ RH ′×W ′×3

I Output: {Va, Vb} ∈ RH×W×C

I DeepLabv3 [2]

Chen et al. [2]
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COSNet: Co-Attention Module

I Input: {Va, Vb} ∈ RH×W×C

I Output: {Xa, Xb} ∈ RH×W×2C

I Xa = [Za,Va], Za - co-attention representation for frame a
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COSNet: Co-Attention Module

I Co-Attention mechanisms:
I Vanilla co-attention
I Symmetric co-attention
I Channel-wise co-attention

I Gated co-attention

fg (Za) = σ(wf Za +bf )) ∈ [0,1]WH

fg (Zb) = σ(wf Zb +bf )) ∈ [0,1]WH

-
Za = Za ∗ fg (Za)
Zb = Zb ∗ fg (Zb)
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COSNet: Co-Attention Module
Vanilla co-attention

I Affinity matrix

S = VT
b WVa ∈ R(WH)×(WH)

WC×C - weight matrix
Si ,j - similarity between location i in image b and location j in
image a

W = P−1DP, D - diagonal matrix

⇒ S = VT
b P−1DPVa

I Each location first undergoes linear transformation and then
we compute distances
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COSNet: Co-Attention Module
Symmetric co-attention

I Constraint W to be symmetric

⇒ PTP = I

⇒ S = (PVb)TD(PVa)

I Project Va and Vb into an othogonal common space

I Eliminate correlations between different channels
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COSNet: Co-Attention Module
Channel-wise co-attention

I Replace P by I

⇒W diagonal matrix ⇒W = DaDb, where Da and Db are
diagonal matrices

⇒ S = (DaVb)T (DbVa)

I Apply channel-wise weight

I Alleviate channel-wise redundancy
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COSNet: Co-Attention

I Normalize S row-wise and column-wise

Sc = softmax(S)

Sr = softmax(ST )

Za = VbSc = [Z
(1)
a ,Z

(2)
a , ...,Z

(WH)
a ] ∈ RC×(WH)

Z
(i)
a i-th column of Za

Z
(i)
a = Vb⊗Sc(i) = ∑

WH
j=1 V

(j)
b scij
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COSNet: Co-Attention Module
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COSNet: Segmentation Module

I Input: {Xa, Xb} ∈ RH×W×2C

I Output: {Ya, Yb} ∈ RH ′×W ′

I Multiple convolutional layers
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COSNet: Training

I Backbone trained for salient object segmentation (with an
additional convolutional layer for generating segmentations)

I COSNet trained with video segmentation data: pairs of
randomly selected video frames

I All in an iterative process

I LC (Y,O) =−∑x(1−η)ox log(yx) + η(1−ox)log(1−yx)

I O - ground truth

I Y - prediction

I η - foreground-background pixel ratio

I L = LC + λ |WWT − I| - to keep W symmetric
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COSNet: Training
Datasets

I Saliency datasets: MSRA10k [3] and DUT [14]

I Video object segmentation: DAVIS2016 [8]

Cheng et al. [3], Yang et al. [14], Perazzi et al. [8]
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COSNet: Testing

I Query frame Fa

I Reference frame set {Fbn}Nn=1

I Za← 1
N ∑

N
n=1 Zan ∗ fg (Zan)

I CRF refinement step
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COSNet: Ablation study
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COSNet: Ablation study
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COSNet: Quantitative results
DAVIS2016
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COSNet: Quantitative results
FBMS
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COSNet: Quantitative results
YouTube-Objects
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COSNet: Qualitative results
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Thank you!
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