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Figure 2: Illustration of the first four layers of an MSDNet with three scales. The horizontal direction cor-
responds to the layer direction (depth) of the network. The vertical direction corresponds to the scale of the
feature maps. Horizontal arrows indicate a regular convolution operation, whereas diagonal and vertical arrows
indicate a strided convolution operation. Classifiers only operate on feature maps at the coarsest scale. Connec-
tions across more than one layer are not drawn explicitly: they are implicit through recursive concatenations.

directly
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Figure 4: The output x; of layer £ at the s™ scale in a MSDNet. Herein, |..

.| denotes the concatenation
operator, hy(-) a regular convolution transformation, and Ay (-) a strided convolutional. Note that the outputs
of hy and hj have the same feature map size; their outputs are concatenated along the channel dimension.
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Figure 3: Relative accuracy of the intermediate classifier (/eft) and the final classifier (right) when introducing
a single intermediate classifier at different layers in a ResNet, DenseNet and MSDNet. All experiments were
performed on the CIFAR-100 dataset. Higher is better.

Figure 7: Accuracy (top-1) of budgeted batch classification models as a function of average computational
budget per image the on ImageNet (left) and CIFAR-100 (right) datasets. Higher is better.

Anytime prediction on ImageNet Anytime prediction on CIFAR-100

78 . 1 80 [ ;
76 | " . ! - |
74 - [ IARRRNRRRRRERE !E |||||||||||||||||| NN !
~ 72l !Illllglflllllﬁlllllllz | /_‘\70_
&O @1 I? e &C’
>, 70 - T T 1 &% :
2 C : = © -
= 68 B z i Fan : L
3 .é....‘..g 5 - ‘ e—e MSDNet
% 66 + -2 - % 0O O FractalNet
: 85 =8 ResNetM 8
64 + =  MSDNet - - @=® DenseNetM©
P s - Ensemble of ResNets (varying depth) 50 - :‘ : E“scmt’:c 0; ECSIT:C:S Eall Shalloiw) i
B ; - ki Btk '@ Ensemble of ResNets (varying dep
v+ Ensemble of DenseNets (vary ng depth) | @ '® Ensemble of DenseNets (varying depth)
60 1 1 1 1 1 1 45 - I 1 I T I T
0.0 0.4 0.6 0.8 1.0 1.2 1.4 0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 - : L
; %1010 : x 108
budget (in MUL-ADD) budget (in MUL-ADD) (b) Volcano

Figure 5: Accuracy (top-1) of anytime prediction models as a function of computational budget on the ImageNet
(left) and CIFAR-100 (right) datasets. Higher is better.



\)

| fHKMIEEAF R

CondConv

CondConv: Conditionally Parameterized
Convolutions for Efficient Inference

Brandon Yang*
Google Brain
bcyang@google . com

Quoc V. Le
Google Brain
qvl@google.com

Motivation:

"'E‘|'5('Z_|7EI'Jdz RBAZFS
Iﬂ%ﬁﬁé AL
, (BITEEFREAZE,

MITIHE
=S

IX—_I ,\_

Output(z) = o((a

Gabriel Bender
Google Brain
gbender@google.com

Jiquan Ngiam
Google Brain
jngiam@google.com

(ERARISFEZ
‘BE, {5 %ngw

1-Wi+...

+ a, - Wy) * )

r(z) = Sigmoid(GlobalAveragePool(x) R)

PREV LAYER OUTPUT |
ROUTEFN | | W, | W, |w,
COMBINE
|
CONV
BN |
'
'ReLU |
(a) CondConv: (a1 W1 + ...+ anWy) xx

Figure 1: @) Our CondConv layer architecture with n = 3 kernels vs. @
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(b) Mixture of Experts: a1 (Wi xx)+. ..+ an(Wy*x)

a mixture of experts

approach. By parameterizing the convolutional kernel conditionally on the input, CondConv is
mathematically equivalent to the mixture of experts approach, but requires only 1 convolution.
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Figure 2: On ImageNet validation, increasing the number of experts per layer of our CondConv-
MobileNetV1 models improves performance relative to inference cost compared to the MobileNetV1
frontier [38] across a spectrum of model sizes. Models with more experts per layer achieve mono-
tonically higher accuracy. We train CondConv models with {1, 2, 4, 8, 16, 32} experts at width
multipliers {0.25, 0.50, 0.75, 1.0}.
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Table 1: ImageNet validation accuracy and inference cost for our CondConv models on several
baseline model architectures. All models use 8 experts per CondConv layer. CondConv improves the
accuracy of all baseline architectures with small relative increase in inference cost (<10%).

Baseline? CondConv
MADDs (x10°%) Top-1(%)  MADDs (x10%) Top-1 (%)
MobileNetV1 (1.0x) 567 71.9 600 1.3.7
MobileNetV2 (1.0x) 301 71.6 329 74.6
MnasNet-Al 312 74.9 325 76.2
ResNet-50 4093 77.7 4213 78.6
EfficientNet-BO 391 17.2 413 78.3

Table 2: COCO object detection minival performance of our CondConv-MobileNetV1 SSD 300
architecture with 8 experts per layer. Mean average precision (mAP) reported with COCO primary
challenge metric (AP at IoU=0.50:0.05:0.95). CondConv improves mAP at all model sizes with small

relative increase in inference cost (<5%).

Baseline? CondConv
MADDs (><106) mAP MADDs (% 106) mAP
MobileNetV1 (0.5x) 352 14.4 363 18.0
MobileNetV1 (0.75x) 730 182 755 21.0
MobileNetV1(1.0x) 1230 20.3 1280 22.4
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Figure 6: Top 10 classes with highest mean routing weight for 4 different experts in the final CondConv
layer in our CondConv-MobileNetV1 (0.5x) model, as measured across the ImageNet validation set.
Expert 1 is most activated for wheeled vehicles; expert 2 is most activated for rectangular structures;
expert 3 is most activated for cylindrical household objects; expert 4 1s most activated for brown and
black dog breeds.



=iy 4
| HRXTIRTAH R
2 PEDEARTERE
BB URIETLE:
Searching for
Efficient Multi- Learning Dynamic
U-Net Deeplab V2 Scale Architecture Routing
MICCAI 2015 TPAMI 2017 NeurlPS 2018 CVPR 2020
Human Design Human Design NAS-based Dynamic
N\ N\ TN N\
= o o o o o o o =
PN " B
DeeplLab V3
FCN PSPNet Deeplab V3+ Auto-Deeplab
CVPR 2015 CVPR 2017 Arxiv 2017 CVPR 2019
Human Design Human Design ECCV 2018 NAS-based
Human Design




| 1EX RSt A [Emer-

Fully Convolutional Network

Fully Convolutional Networks for Semantic Segmentation
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Figure 2. Transforming fully connected layers into convolution
layers enables a classification net to output a heatmap. Adding

layers and a spatial loss (as in Figure 1) produces an efficient ma-
chine for end-to-end dense learning.
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Fully Convolutional Network

32x upsampled
image convl pooll conv2 pool2 convd  pool3  conv4 pool4 convd poold conv6-7  prediction (FCN-32s)

it

H
it

16x upsampled

2
s prediction (FCN-16s)
pool4 [ ‘
8x upsampled
4x conv7 prediction (FCN-8s)
2x poold \ \ [ " S

pool3 | | |

Figure 3. Our DAG nets learn to combine coarse, high layer information with fine, low layer information. Pooling and prediction layers are
shown as grids that reveal relative spatial coarseness, while intermediate layers are shown as vertical lines. First row (FCN-32s): Our single-
stream net, described in Section 4.1, upsamples stride 32 predictions back to pixels in a single step. Second row (FCN-16s): Combining
predictions from both the final layer and the poo14 layer, at stride 16, lets our net predict finer details, while retaining high-level semantic
information. Third row (FCN-8s): Additional predictions from pool 3, at stride 8, provide further precision.

T, QI MEGVII e

Table 2. Comparison of skip FCNs on a subset’ of PASCAL VOC
2011 segval. Learning is end-to-end, except for FCN-32s-fixed,
where only the last layer is fine-tuned. Note that FCN-32s is FCN-
VGG16, renamed to highlight stride.

pixel mean mean f.w.
acc. acc. IU U

FCN-32s-fixed | 83.0 59.7 454 72.0
FCN-32s | 89.1 73.3 594 814
FCN-16s | 90.0 75.7 62.4 83.0

FCN-8s | 90.3 75.9 62.7 83.2

Table 3. Our fully convolutional net gives a 20% relative improve-
ment over the state-of-the-art on the PASCAL VOC 2011 and 2012
test sets and reduces inference time.

mean IU mean IU inference
VOC2011 test VOC2012 test time
R-CNN [10] 479 - -
SDS [15] 52.6 51.6 ~ 50 s
FCN-8s 62.7 62.2 ~ 175 ms
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Rethinking Atrous Convolution for Semantic Image Segmentation
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Figure 2. Alternative architectures to capture multi-scale context.
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(b) Image Pooling

Figure 5. Parallel modules with atrous convolution (ASPP), augmented with image-level features.
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L =/ \.a 4 }a_ po J ﬁ& /\ :|:1; — the blue nodes represents a candidate network level architecture. Right: During the search, each cell is a densely connected
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DPC[©] / i Cityscapes 2600 | Seg Figure 3: The Auto-DeepLab architecture found by our Hierarchical Neural Architecture Search on Cityscapes. Gray dashed
Auto-DeepLab v v Cityscapes 3 Seg arrows show the connection with maximum /3 at each node. atr: atrous convolution. sep: depthwise-separable convolution.
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Learning Dynamic Routing for Semantic Segmentation
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Paper Code
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(a) Network architecture of large-scale input
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(b) Network architecture of small-scale input
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(¢) Network architecture of mixed-scale input

Figure 1. Given inputs with different scale distributions, the pro-
posed dynamic routing will choose corresponding forward paths.
For example, the architecture of large-scale instances 1(a) could
ignore low-level features. The small-scale objects 1(b) may de-
pend on low-level details as well as higher resolution. And the
mixed-scale things 1(c) would enjoy both connection patterns. Red
lines in diagrams denote the difference among them.
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Figure 2. The proposed dynamic routing framework for semantic segmentation. Left: The routing space with layer L and max down-
sampling rate 32. The beginning STEM and the final Upsample block are fixed for stability. Dashed lines denote alternative paths for
dynamic routing. Right: Dynamic routing process at the cell level. Given the summed input from the former layer, we first generate
activating weights using the Soft Conditional Gate. Paths with corresponding weights above zero are marked as activated, which would be
selected for feature transformation. More details about the network are elaborated in Sec. 3.4. Best viewed in color.
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(a) Network architecture modeled from FCN-32s [24]
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(¢) Network architecture modeled from DeepLabV3 [5]
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(e) Network architecture modeled from Auto-DeepLab [27]
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(b) Network architecture modeled from U-Net [2#]
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(d) Network architecture modeled from HRNetV?2 [32]
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Table 1. Comparisons with classic architectures on the Cityscapes val set. ‘Dynamic’ denotes the proposed dynamic routing. ‘A’, ‘B’, and
‘C’ represent different computational budgets in Sec. 4.4.3. ‘Common’ indicates the common connection pattern of corresponding dynamic
network. FLOPs 4,4, FLOPSAs44, and FLOPs ys;,, represent the Average, Maximum, and Minimum FLOPs of the network, respectively.
All of the architectures are sampled from the designed routing space and evaluated by ourself under the same setting.
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Method Dynamic Modeled from mloU(%) FLOPsA,4,(G) FLOPSp42(G) FLOPsp;,(G) Params(M)
X FCN-32s [24] 66.9 35.1 35:1 35.1 29
X DeepLabV3 [5] 67.0 42.5 42.5 42.5 3.7
Handerafted U-Net [28] 71.6 53.9 53.9 53.9 6.1
X HRNetV2 [32] 72.5 62.5 62.5 62.5 54
Searched X Auto-DeepLab [22 67.2 33:1 33.1 33.1 2D
Common-A X Dynamic-A 71.6 41.6 41.6 41.6 4.1
Common-B X Dynamic-B 73.0 D3/ 3.7 53.7 4.3
Common-C X Dynamic-C 73.2 57.1 57.1 57.1 4.5
Dynamic-A v Routing-Space 72.8 449 48.2 43.5 17.8
Dynamic-B v Routing-Space 73.8 58.7 63.5 56.8 17.8
Dynamic-C v Routing-Space 74.6 66.6 71.6 64.3 17.8

T, QI MEGVII e

Routing Space

(a) Network architecture of Common-A

Routing Space

(b) Network architecture of Common-B

Routing Space
------ -2 L1

Output

L

(¢) Network architecture of Common-C

Figure 4. Network architectures of Common-A, B, C, which are
extracted from Dynamic models with different budget constraints
in Tab. 1, are visualized in 4(a), 4(b), and 4(c), respectively.
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Table 4. Comparisons among different resource budgets on the

=115 Sl 1 LAY
celll’ggﬂ*ﬁlkﬁ"ﬁﬂg*g& Cityscapes val set. A2 and p denote the coefficients for budget
constraint in Sec. 3.3. Due to the data-dependent property of the
Table 2. Comparisons among different cell components on the dynamic routing, we report the average FLOPs here.
Cityscapes val set. ‘x2’ and ‘X3’ mean stacking 2 and 3 Method Xo/u mloU(%) FLOPS(G) Params(M)

SepConv3x 3, respectively. Due to the data-dependent property

of the dynamic routing, we report the average FLOPs here. Network-Fix - 74.5 103.1 15.3
Cell Operation ~ mloU(%) FLOPs(G) Params(M) Dynamic-A 0.8/0.1  72.8 44.9 17.8
Dynamic-B 0.5/0.1 73.8 58.7 17.8
BottleNeck [16] 73.7 1134.8 203.9 Dynamic-C 0.5/0.2 74.6 66.6 17.8
MBConv [29] 120 323.8 48.2 Dynamic-Raw  0.0/0.0  76.1 119.5 17.8
SepConv3x3 71.2 81.4 12.6
SepConv3x3 X2 76.1 119.5 17.8 .
— 1= |2 AAShdS
SepConv3x3 x3 752 153.8 22.9 AEhISGZ<AYSEIE
Table 5. Experiments with different settings on Cityscapes val set
with a single scale and no flipping. ‘ImageNet’ denotes ImageNet
I j; ngqzz;nlgalﬁﬁiam*g_l pre-training. ‘SDP’ indicates Scheduled Drop Path.
Table 3. Comparisons among different activation functions on the Method Iter(K)  ImageNet SDP  mloU(%)
Cityscapes val set. Due to the data-dependent property of the dy- Network-Fix 186 X X 74.5
namic routing, we report the average FLOPs here. Dynamic 186 X X 76.1
Activation mloU(%) FLOPs(G) Params(M) Network-Fix 379 X X 76.3
Fix 74.5 103.1 15.3 UynATiic il X A
Softmax 74.1 120.0 17.8 petworcix 3% g A
Sigmoid 75.9 120.0 17.8 y '
max (0, Tanh) 76.1 119.5 17.8 Network-Fix 186 4 X 75.8
Dynamic 186 v X 78.6
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Prediction of the mixed-scale input Ground Truth Network Architecture

(a) Network architecture of Dynamic-A

Input Routing Space Output
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(c) Network architecture of Dynamic-C

Input Routing Space Output

Prediction of the mixed-scale input Ground Truth Network Architecture
(d) Network architecture of Dynamic-Raw
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Table 6. Comparisons with previous works on the Cityscapes. mloU;.s; and mloU,,; denote performance on fest set and val set respec-
tively. Multi-scale and flipping strategy are used in fest set but dropped in val set. We report FLOPs with input size 1024 x 2048.

Method Backbone mloU;.(%) mloU,,; (%) FLOPs(G)
BiSenet [40] ResNet-18 77.7 74.8 98.3T
DeepLabV3 [5] ResNet-101-ASPP - 78.5 1778.7
Semantic FPN [19] ResNet-101-FPN - 77.7 500.0
DeepLabV3+ [6] Xception-71-ASPP - 79.6 1551.1
PSPNet [43] ResNet-101-PSP 78.4 79.7 2017.6
o Auto-DeepLab* [22]  Searched-F20-ASPP 79.9 79.7 333.3
TCIEEyscap;S*uvoc 2012 Auto-DeepLab* [22] Searched-F48-ASPP 80.4 80.3 695.0
%&?E J:m-l:l% Dynamic* Layer16 79.1 78.3 111.7
D i Layerl . : 119.4
EjJILJ\IX—_I Z_1 /J\ EIIJ.L_|_ ynamic ayerl6 79.7 78.6 9
Dynamic Layer33 80.0 79.2 242.3
HENER TNEE T Dynamic Layer33-PSP 80.7 79.7 270.0
SOTAjz 11/)\ E/J é:é.: ;K o 7:F 1i T estimated from corresponding settings
" training from scratch
] ERIEENIER (PSP
;I:Ei;&) A']'E H— L= IElE"El_ Table 7. Comparisons with previous works on the PASCAL VOC 2012. mIoUy.s; and mIoU,,; denote performance on fest set and val set
s 1e respectively. Multi-scale and flipping strategy are used in fest set but dropped in val set. We report FLOPs with input size 512 x 512.
Method Backbone mloU;.t(%) mloU,,; (%) FLOPs(G)
DeepLabV3 [5] MobileNet-ASPP - 75.3 14.3
DeepLabV3 [5] MobileNetV2-ASPP - 75.7 5.8
Auto-DeepLab [22]  Searched-F20-ASPP 82.5 78.3 41.71
Dynamic Layerl6 82.8 78.6 14.9
Dynamic Layer33 84.0 79.0 30.8

I estimated from corresponding settings
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