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Few-shot learning Dense classification (DC) Effect of dense classification
annotated examples » Here, seen as collection of vectors [¢*)(x)]7_,, where ¢'¥)(x) represents spatial location k ~ Encourages correct classification at all spatial locations
» Take advantage of a large dataset of images from a variety |, Average pooling of losses at training, average pooling of predictions at testing > Implicit data augmentation Claccee
of base classes to learn a class independent embedding
» Use the few-shot data to adapt to novel classes disjoint feature (d) — class weights
from the base classes e HEE a @ Base
o
Contributions = O EERE OSSO
S
» Dense classification: Use local activations to better l O=nnz=0=0 oo
: . ove
learn an embedding function
» Implanting: Attach new neurons to a previously trained e —
network to learn new, task-specific features Dense classification study
> Impr?\_/e t_he priOr S_té_]te_Of_the_art on feW_ShOt Stage 1 training Support/query pooling at testing Novel
classification of minilmageNet and FC100 Support — GMP GAP
Queries — GMP DC GAP DC
First Iearning stage (base Classes) | Base classes | 63.55 £0.20 (7.17 =0.11 79.37 =0.09 (7.15 =0.11
Global average pooling Novel classes| 72.25 £0.13 70.71 £0.14 76.40 £0.13 73.28 +0.14
| | | Both classes 37.74 £0.07 38.65 0.05 56.25 +-0.10  54.80 4-0.09 Novel
» Goal: Learn a task-agnostic embedding function Base classes | 79.28 £0.10 80.67 -0.10 80.61 +0.10 80.70 --0.10
> Data: Large dataset in base class set ( Dense classification Novel classes 79.01 +£0.13 77.93 £0.13 78.55 +£0.13 78.95 +0.13
Embedd; £ i ¢ ( ) = Rd CNN I Both classes = 42.45 +0.07 57.98 +0.10 67.53 £+0.10 67.78 +0.10 GAP DC GAP DC
» Embedding function ¢y(x : oolin — .
Claseif 5 o ! . P ) 5 Rd Average 5-way 5'5hoél\é;lcljc_“rél'ci T” base, ”‘l)_ve/_ agzpl’_‘)tf’ Eléisses Ofm’”’lrl'?agENet with ResNet-12 Images overlaid with correct class activation maps [6] with models learned with
> ~lass] I_er vaW(X) o ([ST<¢9(X)’ Wj)]jzl)’ where w; C S0P TMAEPOOTNE, BAT. S0hdl aVETags POSInG global average pooling (GAP) or dense classification (DC)
the weights of class

» Best: DC at training, global average pooling (GAP) on support, DC on queries

> Similarity functlenAsT. scaled cosine similarity [2, 4] » DC allows integrating novel classes without forgetting the base ones Results
57 (X, y) =7 (X, ¥) | - - h -
: tho -shot 5-shot -shot
» Loss: softmax + cross-entropy, with 7 as a free parameter " ©
PY P | Implanting GAP 58.61 + 0.17 7640 + 0.13 80.76 + 0.1
. DC (ours) 62.563 + 0.19 78.95 + 0.13 82.66 £ 0.11
Second learning stage (novel classes) » Goal: Learn new features specific to the few-shot task using only few-shot data DC + WIDE 6173+ 019 7825+ 0.14 82.03 + 0.12
. . . DC + IMP (OUI’S) - 79.77 = 0.19 83.83 = 0.16
» Implants: Additional convolution kernels trained on few-shot examples
Goal: Classify queries of novel classes C’ disjoint from C - - MAML 1] V1S 03U 00 '
> oodl. y 9 J » Base network frozen during this stage N [5 49.42 + 0.78  68.20 £ 0.66 :
. - . / ' N N
> Data.. .k’ Iébeled images per novel class: k-shot c’-way » Implant features and base network features concatenated ;WF 2] 55.45 + 0.7  73.00 + 0.6 :
ClaSS|flcat|On N [3] 56.50 = 0.4 74.20 = 0.2 78.60 == 0.4
_ o (%) TADAM (3] 58.50 76.70 80.80
» Novel class WelghtS. prototypes [5] from labeled examples ."I 9,5 Average 5-way novel-class accuracy on minilmageNet with ResNet-12. GAP: global average pooling;
~—_ | | - }4 —1 % ey WIDE: last residual block widened by 16 channels; IMP: last residual block implanted by 16 channels.
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