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Amanita muscaria

Amanita muscaria, commonly known as the fly
agaric or fly amanita, is a basidiomycete of the
genus Amanita. It is also a muscimol mushroom.
Native throughout the temperate and boreal regions
of the Northern Hemisphere, Amanita muscaria has
been unintentionally introduced to many countries in
the Southern Hemisphere, generally as a symbiont
with pine and birch plantations, and is now a true
cosmopolitan species. It associates with various
deciduous and coniferous trees.

https://en.wikipedia.org/wiki/Amanita_muscaria
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Few shot |learning (2-way 4 shot learning)
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Proposed Method
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Proposed Method

- Node feature update Node & 0IE
« TRANS: O|F 2| edge®l node feature2% i Transformation
H node feature update(1-hop) &
- Attention mechanismid} FAeH 22| 0|&
- CH4l, Edge featureZ &= Attention Of CHot
degree of contribution o

-------

vi = fo(D RV e 6n),
7 j

Similarities

Aggregation

(¢) Query Node Label Prediction (b-2) EGNN: Edge Feature Update

J. Y. Choi. SNU

https://www.kakaobrain.com/blog/112



Proposed Method

Edge feature update
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Proposed Method

(a) Graph Construction
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Proposed Method

(a) Graph Construction
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Ablation study
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« Graph Network
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« Edge network
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e train.py
» Set edge mask (to distinguish support and query edges)
= For semi-supervised setting, unlabeled data setting
= Load task data list
= Edge Initialization
» Encode data
= Predict edge logit
= Compute loss
» Update model
= Evaluation
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e train.py
» Set edge mask (to distinguish support and query edges)

train(

num supports = ti.arg.num ways train * Tr.arg.num shots train

num queries = tt.arg.num ways train *
num samples = num supports + num queries

support edge mask = torch.zeros(tt.arg.meta batch size, num samples, num samples).to(tt.arg.device)
support _edge mask[:, :num supports, :num supports] =

query edge mask = 1 - support edge mask

J. Y. Choi. SNU 27
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e train.py

= For semi-supervised setting, unlabeled data setting

range(tt.arg.num ways train):
evaluation maskl[:
({(c + 1) * tt.arg.num shots train - tt.arg.num unlabeled):(c + 1) * tt.arg.num shots train

:num_supports] =
evaluation mask[:, :num_supports
((c + 1) * tt.arg.num shots train - tt.arg.num unlabeled):(c + 1) * tt.arg.num shots train] =

J. Y. Choi. SNU
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e train.py
. Load task data list

range ( .qlobal step + tt.arg.train _iteration +

.optimizer.zero grad()

-:|I.|er_r data

query label] .data loader['train'].get task batchl =tt.arg.meta batch size
=tt.arg.num ways train
=tt.arg.num shots train
=iter + tt.arg.seed)

query datal
|HEF} label]
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e train.py
= Edge initialization
» 242 222 AO| edges [1,0] EE= A2 [0.50,5]2 x7|2t

11t_edge = full_edge.clone()
1it_edge[:, :, num_supports:
1it_edgel:, :, :, num_supports:]
1 range{num_queries):
init_edgel: num_supports + 1, num_supports + 1]

init edgel: num_supports + i, num_supports + i]

C range(tt.arg.num ways train):
11t edgel:, :, ((c+1) * tt.arg.num shots train - tt.arg.num unlabeled):(c+1} * tt.arg.num shots train, :num
1it edgel:, :, :num supports, ((c+l) * tt.arg.num shots train - tt.arg.num unlabeled):(c+1) * tt.arg.num sh
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e train.py

= Edge initialization

edge

= full edge.clone()

t edgel:, :, num supports:

it edgel:, :. :, num supports:)

J. Y. Choi.

range(num_queries):
edgel: num_supports + i, num supports + il
edgel: num_supports + i, num_supports + i]

range(tt.arg.num ways train):
t edgel:, :, ((c+1l) * tt.arg.num shots train - tt.arg.num unlabeled):(c+1) * tt.arg.num shots train, :num
- edgel:, :, :num supports, ((c+l) * tt.arg.num shots train - tt.arg.num unlabeled):(c+1) * tt.arg.num sh

SNU
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e train.py
= Encode data

.enc module.train()
.gnn_module. train()

full data = | .enc_module(data.squeeze(1)) data full data.chunk(full data.size(1)
full data = torch.stack(full data '

J. Y. Choi. SNU
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e train.py
= Predict edge logit

.gnn_module| =full data

num_supports. , num BUFﬁCFZEIi =

input edge feat * torch.ones|

input edge feat[: . num_su 5, «num_ SL

input edqe Teat = 1nput Edﬂ% epeat{num

=input node feat

J. Y. Choi. SNU
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* num_queries

SUpporcs

NUM_SUpports, .num EUﬁFCFZEt

=input edge feat)

num_queries

num_supports +

num_supports +

1

num_supports + }.tG:Zt.Hrg.dEHLCEE

ogit layer
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e train.py
= Compute loss

full edge loss layers = .edge lossi(( t 1, ( : 1) full logit layer full logit layers]

full edgel: ]
(1-full edg

query edge

C.arg.num_'wa?

gquery nod - layers . & yrch. : ! ) [1] L. long()).TL () query

total loss layers = query edge loss layers

]. Y. Choi. SNU 34



EGNN

= %S

—
(-
L.

e train.py
= Model update

total loss =

[]

1 rﬂuuhi:— arg.num layers

total loss += [total los

total loss += [total loss h, r-;-[- I.vie

total loss =

total loss.bac

.optimizer.s

torch.mean(t

ward(

step(

.adjust_learning_ratel( =

tt.log scalar(’
tt.log scalar(’
tt.log scalar(’
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tt.arg.lr

= .global step)

train/edge loss', query edge
train/edge_accr', query edge :
train/node accr', query node z
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e train.py

= Evaluation (for validation set)
= Validation set O CHSAM X0 d5 REHS MY
= UM stepX|'e A0 best modelS A& MET

tep % tt.arg.test

interval ==
='yal')

.global step)

.enc module.state dict()

.gnn_module.state dict()

.optimizer.state dict()

step)
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» D-mini N-5 K-1 U-0 L-3 B-40 T-True 2 &
= Data : mini-imagenet N: 5-way K: 1-shot
= U : unlabel 0%(fully-supervised)

= L : number of node, edge network is 3
= T : true = transductive setting

e Evaluation 21t M& 59.18% (==1} 2| SAD

(torch3) hyunjun@hyunijun:~/fewshot-egnn$ python3 eval.py --test model D-mini N-5 K-1 U-8 L-3 B-40 T-True
load pre-trained enc_nn done!

load pre-trained egnn done!

20000

Jhome /hyunjun/anaconda3/envs/torch3/1ib/python3.6/site-packages/torch/nn/functional.py:1351: UserWarning:

h.sigmoid instead.
warnings.warn("nn.functional.sigmoid is deprecated. Use torch.sigmoid instead.")

evaluation: total count=999, accuracy: mean=59.18%, std=8.63%, ci95=0.53%

]. Y. Choi. SNU 37
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e Reference :

« Kim, Jongmin, et al. "Edge-labeling graph neural network for few-shot learning." Proceed
ings of the IEEE Conference on Computer Vision and Pattern Recognition. 2019.
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