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Deep Learning limitation
requires lots of information

(ex: ImageNet)
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[2] Afrasiyabi A., Lalonde JF., Gagné C. (2020) Persistent Mixture Model Networks for Few-Shot Image Classification. Under Review.
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Stage 1: pretraining
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Stage 2: fine-tuning
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Stage 2: fine-tuning
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Detecting related bases
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Detecting related bases

feature extractor




Centroid alighment




Adversarial alignment
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Centroid alignment-vizualization

e rbh=0 e rb=1

(a) before alignment (b) after alignment



Experiments

Datasets

- Object recognition

e minilmageNet
e tieredlmageNet
e FC100

- Fine-grained classification
* CUB

- Cross-domain adaptation

e from minilmageNet to CUB

Backbones

- Conv4
- ResNet-18
- WRN-28-10



Experiments (5-shot/5-way)
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Closer look at prototypical network
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KR Allen et al. 2019



Model fitting spectrum
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Closer look at IMP

This is accomplished by
- DP-means inside the episo

KR Allen et al. 2019

Infinite Mixture Prototypes
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Infinite mixture prototypes (IMP)

Naive solution
k-mean on all the embedding examples

i-th class embedding

KR Allen et al. 2019
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(a) without PMM

Feature visualization (t-SNE on RN-18)
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(b) our PMM



Rty

P00 105 2L P S I P I S 0 0 ]
S R R A A R A R
it e e
pasta o SRR

T TS T T T
e e R
kehiiiiassaiiaicniaaaisiaindi]




INning

ial tra

-1N|

PMM

e T e o e e e o o]
feefa i R R A R A R ]
it e e
pasta o SRR

dq---—=—=—=—=—=—===-4d

[t

on

loss computat
in feature space

e T ST T
e e e
kehiiiassaiiianiaaaisidainni]




INning

ial tra

-1N|

PMM

e T e o e e e o o]
feefa i R R A R A R ]
it e e
pasta o SRR

dq---—=—=—=—=—=—===-4d

[t

on

loss computat
in feature space

e T ST T
e e e
kehiiiassaiiianiaaaisidainni]




iteration t

Closer look at initial training
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loss computation
in feature space



Closer look at initial training

iteration t+1

loss computation
in feature space



PMM-visualization

(a) after initial training




PMM-progressive following

training time (epoch)



PMM-visualization

(a) after initial training (b) after progressive following



PMM-validation accuracy dynamics
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(a) ResNet-12 (b) ResNet-18



minilmageNet

Conv4 ResNet-12

Method 1-shot 5-shot Method 1-shot 5-shot
Meta-LSTM [49] 43.44 55.31 DNS [56] 62.64 78.83
MatchingNett [65] 43.56 55.31 Var.FSL [ 78] 61.23 77.69
ProtoNet [57] 49 .42 68.20 MTL [58] 61.20 75.50
MAML [15] 48.07 63.15 SNAIL [40] 55.71 68.88
Relatl_onNet [59] 50.44 65.32 AdaResNet [47] 56.88 71.94
Baseline++ [0] 48‘24 66.43 TADAM [43] 58 50 76.70
(IMP [2] 49.60 68.10 |
3 . MetaOptNet [31] 62.64 78.63

os-Margin [ 1] 51.90 69.07 Simpl > 00 9.64
Neg-Margin [34] 52.84 70.41 Tlmll\)T et[[ ]] 21‘65 ’;626

apNe : :

(PMM (ours) 282 7067) Neg-Margin [3/] 6385 8157

|PMM (ours) 63.98 82.04 ]




tieredimageNet

ResNet-12
Method 1-shot S-shot
DNS [56] 66.22 82.79
MetaOptNet [ 1] 65.99 81.56
Simple [01] 69.74 84.41
TapNet [74] 63.08 80.26
Pos-Margin* [ 1] 68.02 83.99
| PMM (ours) 70.97 86.16

)




FC100

ResNet-12
Method 1-shot S-shot
TADAM [47] 40.1 56.1
MetaOptNet [ ] 41.1 55.5
ProtoNet! [57] 37.5 52.5
MTL [5¥] 43.6 554
| PMM (ours) 44.89 60.70

)




CUB and cross domain

CUB miniIN—CUB

1-shot S-shot S-shot

GNN-LFT? [62] 51.51 73.11 -
Robust-20 [1 1]  58.67 75.62 -
RelationNet* [59] 67.59 82.75 57.71
MAMLF [14] 68.42 83.47 51.34
ProtoNet* [57] 71.88 86.64 62.02
Baseline++ [0] 67.02 83.58 64.38
Pos-Margin [1]  71.37 85.74 64.93
Neg-Margin [34] 72.66 89.40 67.03
[ PMM (ours) 73.94 86.01 68.77

ftaken from [60]

“backbone is ResNet-10



PMM-Alignment Extension

a batch from base categories

-shot novel categories

ay, 1

Cnv('|W)

= PMM-Align. (ours)

RN-18

Method Backbone 1-shot S-shot
Cent. Align.” [1] RN-12 63.44 80.96
% PMM-Align. (ours) RN-12 64.38 82.45
=
'E Cent. Align.* [I]  RN-18  59.85 80.62
PMM-Align. (ours) RN-18 60.44 81.76
Cent. Align.” [1] RN-12 71.08 86.32
_% PMM-Align. (ours) RN-12 71.83 88.20
_% Cent. Align.* [1] RN-18 69.18 85.97
69.82 85.57




Current project

Self-PMM

under self-supervised learning framework
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(a) without PMM (b) our PMM



#proj-fewshot 7
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\ ! For a quick update ResNet12 without alignment gives amazing results wit

Thank you for
vour timel

[! Arman 624
@ up to now we reached to 79.26 (compared to ArcMax with ~76.62)

"%{ﬁl § Last reply 4 months ago

jf 6:49 PM
Let's cross fingers for alignment now ;)




Remaining components
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Examples of related bases

novel
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