Graph-Based Global Reasoning
Networks, CVPR (2019)

Gee Ho Kim
Seoul National University



Introduction

» Relational reasoning between

to the left of the woman person holding a red bag?
holding a blue umbrella?
Answer: Yes Answer: No

(a) GT: Playing TV Game
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Introduction
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Coordinate Space

' Reasoning between Regions
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Relation reasoning

O
| v Q
» Global aggregation from a set of features
L . . N A
* Projection to an interaction space where v &

relational reasoning is computed
_ _ _ Interaction Space
= Reverse projection to coordinate space
projection ‘ l

reverse
projection

for down-stream tasks

Coordinate Space

Graph Reasoning Framework
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Global Reasoning (GloRe) Unit
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» GloRe unit projects features over coordinate space into interaction space (graph)
by project function (¢p(X) € RV*¢, vV € RX¢, B € RV*L)

= The projection function is formulated as a linear combination of original features
with learnable projection matrix (B)

* Node states (V) is obtained by global weighted-average pooling with B
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GloRe Unit

» 1x1, Conv
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(b) GCN(X) = Conv1D(ConvlD(X))T

» Treat V as nodes of a fully connected graph

* Reasoning on the graph by learning edge weights via graph convolution.
» Two-direction 1D convolution for implement graph convolution.
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GloRe Unit

»| 1x1,Conv | 9(X)
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» Reverse project from interaction space to coordinate space

= Revere Projection matrix D = BT

= Another convolution layer for migration of the information back to original space
forming a residual path
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GloRe Unit

» 1x1,Conv | §(X)
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= Simple global reasoning method by global weighted-average pooling and GCN
= Compatibility and Light-weight

» Residual nature
= Complementary to both shallow and deeper networks
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Results

* Image classification on ImageNet
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Method Res3 Res4 | GFLOPs #Params | Top-1
Baseline 4.0 25.6M | 76.2%
ResNet50 [ 1] GloRe (Ours) +3 52 30.5M | 78.4%
GloRe (Ours) | +2 +3 6.0 314M | 78.2%
Baseline 4.0 28. 1M | 77.2%

SE-ResNet50 [ ]
GloRe (Ours) +3 52 33.0M | 78.7%
Baseline 15.0 64.6M | 78.3%
ResNet200 [ 0] GloRe (Ours) +3 16.2 69.7M | 79.4%
GloRe (Ours) | +2 +3 16.9 70.6M | 79.7%
ResNeXt101 [17] Baseline 8.0 443M | 78.8%
(32 x 4) GloRe (Ours) | +2 +3 9.9 50.3M | 79.8%
DPN-98 [*] Baseline 11.7 61.7M | 79.8%
GloRe (Ours) | +2 +3 13.6 67. ™M | 80.2%
Baseline 16.0 79.5M | 80.1%

DPN-131 ["]

GloRe (Ours) | +2 +3 17.9 85.5M | 80.3%




Results

* Image segmentation on Cityscapes

J. Y. Choi. SNU

Method Backbone | IoUcla. 1iloUcla. IoU cat. 1iloU cat.
DeepLab-v2 [ ] ResNet101 70.4% 42.6% 86.4% 67.7%
PSPNet [ ‘0] ResNet101 78.4% 56.7% 90.6% 78.6%
PSANet [ ' ] ResNet101 80.1%

DenseASPP [ 7] ResNet101 | 80.6%

FCN + | GloRe unit | ResNet50 79.5% 60.3% 91.3% 81.5%
FCN + | GloRe unit | ResNetlO1 | 80.9% 62.2% 91.5% 82.1%
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Results

* Image classification on ImageNet
= Comparison with Non-local block [1]

= Non-local block

= Deliver long-range information
by pixel-wise self-attention
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[1] Wang et al., Non-local neural networks, In Computer Vision
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FLOPs (x 10%)

and Pattern Recognition (CVPR), 2018.
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Results

» Video action recognition on Kinetics-400
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Method Backbone Frames FLOPs | Clip Top-1 Video Top-1
I3D-RGB | '] Inception-vl 64 1079G - 71.1%
R(2+1)D-RGB [ V] ResNet-xx 32 1524 G - 72.0%
MF-Net [~] MF-Net 16 11.1G - 72.8%
S3D-G [ ] Inception-v1 64 714G - 74.7%
NL-Nets [ 1] ResNet-50 8 305G 67.12% 74.57%
GloRe (Ours) ResNet-50 8 280G 68.02% 75.12%
NL-Nets [ 1] ResNet-101 8 56.1G 68.48% 75.69 %
GloRe (Ours) ResNet-101 8 545G 68.78% 76.09 %
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Results

= Visualization of the learned projection weights

J. Y. Choi. SNU

13



Conclusion

» A novel global reasoning approach

= Projection of globally aggregated features over coordinate space into an interaction space
» Relation reasoning in the interaction space
» Distributed back to coordinate space

» Global Reasoning unit (GloRe unit)

* Performance boost for a wide range of backbones and various tasks
» Code Link: https://github.com/facebookresearch/GloRe.qgit

» Please refer Readme for training GloRe model on Kinetics.
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Final Report (code implementation,
additional experiments)

Gee Ho Kim
Seoul National University
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Global Reasoning (GloRe) Unit

PSSO 6(Y) num_in, num_mid = settings

num_state = (2 * num_mid)
num_node, = (1 * num_mid)

Projection Matrix Reverse Proj@ction Matrix

(stride) == (1,1):
Reduce Dim Node Extend Dim x_pooled = data
States :
i 1i 1D Lo Q m x_pooled = mx.symbol.Pooling( =data, =stride, =stride, =('%s_pooling' % name))

o(X) AgV (I-ApVW,

Interaction Space

X o(F x_state = BN_AC_Conv( =x_pooled, =num_state, =(1, 1), =(0, 0),
e X_state_reshaped = mx.symbol.reshape(x_state, =(0, 0, -1),

=num_node,
=(0, 0, -1),

= symbol_glore.py

= Dimension reduction K _thiai_reshaped = x_proj. Fesnaped
by BN_AC_Conv

x_n_state = mx.symbol.batch_dot( =x_state_reshaped, =x_proj_reshaped, =('%s_proi' % name)))
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Global Reasoning (GloRe) Unit

1x1, Conv ; ; :
X) num_in, num_mid settings

num_state = (2 * num_mid)
num_node, = (1 * num_mid)

Projection Matrix Reverse Proj@ction Matrix

(stride) == (1,1)
x_pooled = data

Extend Dim

Reduce Dim Node

States

1,1D Conv 1, 1D Conv I—> 14
AgV ((-AVW,

Interaction Space

x_pooled = mx.symbol.Pooling( =data, =stride, =stride, =("'%s_pooling' % name))

x_state = BN_AC_Conv( =x_pooled, =num_state, =(1, 1), =(0, 0),
X_state_reshaped = mx.symbol.reshape(x_state, =(0, 0, -1),

=num_node,
=(0, 0, -1),

» Generate projection matrix
by BN_AC Conv

X_rproi_reshaped = x_proj_reshaped

x_n_state = mx.symbol.batch_dot( =x_state_reshaped, =x_proj_reshaped, =('%s_proi' % name)))
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Global Reasoning (GloRe) Unit

num_in, num_mid settings
num_state = (2 * num_mid)
num_node = (1 * num_mid)

(stride) == (1,1):
x_pooled = data

» 1x1,Conv | 9(X) :
x_pooled = mx.symbol.Pooling( =data, = =stride, =stride, =("%s_pooling' % name))

Projection Matrix Reverse Proj@ction Matrix

X_state = BN_AC_Conv( =x_pooled, =num_state, (1, 1), =(0, 0),

Extend Dim x_state_reshaped = mx.symbol.reshape(x_state, =(0, 0, -1),

o] .o |
AgV (( —Ag)V)Wg

Interaction Space X_proi = BN_AC_Conv( =x_pooled, =num_node,
=(0, 0, -1),

Reduce Dim

Node

States
1x1, Conv -»@ >

V

1,1D Conv 1, 1D Conv

X_rproi_reshaped = x_proj_reshaped

X_n_state = mx.symbol.batch_dot( =X_state_reshaped, =X_proj_reshaped, =("%s_proj' % name))

J. Y. Choi. SNU 19



GloRe Unit

$ 1x1, Conv 0(X)
Projection Matrix B Reverse Projection Matrix
v S
Reduce Dim Node Extend Dim = 2 )
States Y = mx.symbol.transpose =x_n_rel 22,1 =("%s_GCN-G-permutel' % name)
P! 1x1, Conv » 1,1D Conv 1,1D Conv ®-b 1x1, Conv = BN_AC_Conv =x_n_rel _node =("'%s_GCN-G' % name
V Xx_n_rel = mx.symbol.transpose =x_n_rel 22,1 =("%s_GCN-G-permute2' % name)
$(X) AV (1-4,)V)
g ) . . o s
x_n_rel = mx.symbol.ElementWiseSum(*[x_n_state, x_n_rel %s_GCN-G_sum' % name
Interaction Space
X Xx_n_rel = BN_AC_Conv =x_n_rel =num_state '%s_GCN-GHW' % name

Xx_n_state_new = x_n_rel

= Construction of a fully-connected graph
= Two-directional 1D convolution for the implementation of graph convolution.
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GloRe Unit

I » 1x1, Conv
[k |9(X)
Projection Matflix

B Reverse Projection Matrix

v | l X_out = mx.symbol.batch_dot =x_n_state_new =x_rproj_reshaped
1L
Y

e i x_out = mx.symbol.reshape_like(x_out =x_state ' % name
1,1D Conv 1, 1D Conv I—V@—D[ 1x1, Conv I—

Ay I - Ag)V)Ivg

Interaction Space

= BN_AC_Conv =x_out =num_in

X
('D—’ = mx.symbol.ElementWiseSum(*[data, x_out

= Reverse Projection matrix D = BT
* BN_AC_Conv extends dimensions identical to X
* ElementWiseSum operates as residual connection.
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Experiments

* Fine-grained Image classification
= CUB200

» Fine-grained dataset
= 200 bird classes, 11,788 images
» Small-scale compare to ImageNet, Kinetics

= Experimental setting (train_classifier.py)

= Backbone
= Resnhet-18

Hyper-parameter
» The number of projection matrices = 16
» Channel reduction = 256 -> 256 (no reduction)

10 epochs training

Training, Test batch size = 32

Learning rate = 0.04

weight decay = 5e-4, momentum=0.9 (identical to a training protocol of CUB200)
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Results

» Fine-grained Image classification on CUB200
» Top-1 accuracy after 10 epochs training
» Res3, Res4 injection of GloRe unit after residual block 3 and 4

| Method | | Res3 | Res4 | #Params | _ Top-1

Baseline

(o)
(w/o GloRe) 11.28M 73.23%
ResNet18 GloRe 1 1 ean o anes
GloRe +1 11.53M Failure training

J. Y. Choi. SNU
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Results

. .
.
= Baseline: ResNet18 w/o GloRe unit — (Tran Ace)
.
(Test Acc.)
80 -
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60
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Results

= ResNet 18 with one GloRe unit =

80

learning/semisup_comblearn/internal_nois _intr: args 2 rat '——gpu-id=p"
r="/home/son. ombinato 60

10] LR: @.040000
| B A | Data: @.864 . al . T g . . 10
| e | | 2) Data: p

R R | . B.12 . )
| e b R | ( > : 9.093s : B.113s ; : SO : Loz ¢ : N

1@] LR: 0.040000
| R AR AR TR DG BR AR AR R HET |
| HEHRRARA AR ARAB ARV SHBHROBBBHEY |

18] LF D48 04

| A |
‘ R R R R R AR R R BB |

o4
o 4
£
(=}
(==}

10

10] LR: @.e40000
| A |
| # st e | ( ata: @ s

10] 1
‘r7Fr7F.Tr'l.Tr'l.TJa‘ﬂ#ﬂ#ﬂ}fﬂ}fﬂﬂﬂﬂﬂﬂﬂ}fﬂm‘ﬂ#ﬂ|
I I |

Top-1 accuracy

| 1@] LR: .
| AR AR R AR AR R R BRI | B P :

| RERARARARBRARBRARBBERBBRRBBRRBBEH | (Traln Loss)

(Test Loss)
18] LR: @. L

| RARARARARBRARBRARBRRRBRRBBRREBLE | : ) s . . A: 0:00:0 0 - WG 1901 N

| SRR A A | Data p q

[}
| R R0 | 7 : 0. ETA: @: .
| R 0 00 | a: a. atch: @ A : N

| 18] LR: @.040000
| AR R R R |
| BB AR |

Terminal log

o4
~
FS
(=]
(=]

10

J. Y. Choi. SNU



Discussion

* Performance degradation about 4% on CUB200
= Expect to capture discriminative features to classify fine-grained images
= But, injection of the propose module results in degradation on the benchmark.

= Addition of GloRe unit after fourth residual block of ResNet18 introduces huge loss, not trainable
despite learning rate tuning, unstable.

= Future Work

» Performance varying the number of projection matrices
» The paper does not specify the number of projection matrices for training.

» Injection of GloRe unit at early layers.
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Conclusion

* Code Link: https://github.com/snow12345/GCN_PROJECT.qgit

= Environment
= Pytorch 1.2+

» To train Resnet18 + GloRe on CUB200

= Python train_classifier.py —gpu-id=0 —seed=0 —dataset=cub200 —Ir=0.01 —pretrained
—epochs=10

J. Y. Choi. SNU
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