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Introduction Methodology

Problems Statements: 1} B Ll - W Distributional Signatures : Few-shot Image Classification
Many computer vision tasks can L]
D(X4, X
be recognized as a set-to-set 0.5 f/ ® (X, X2)
matching problem. "3 = {dr(,lfi)n(xu) = |x1,; — X2, |, m(xz 1) %2, = X1,j,| ‘ vk € |K], Vi, Vj}
Learning effective set 0 )
representations requires training )E; Probabilistic Modeling :
feature extractors with a loss 051 ‘_,5- O from Distr. 1
thaF d'TeCt'V optimizes Inter-set %o ,,‘."}'r . ::32 EEH p(Pr =P | X1, X)) = z z P(Pr =P q dmin | X1, X7) Fig 4. Visual matching results by (left) our GPS and (right) DeepEMD.
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Our approach can improve | z z (Op(P- = P, | a)n(d 0 X ) Method minilmageNet tieredlmageNet
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Probabilistic Modeling with Mixture of Models based on KNN: PWD 6397+077 T877+037 70.69+-097 83 880 34
S SWD 63.15+0.76 78.46+0.41 69.7240.93 83.02+0.33
| © [ Tegwor | —Dai s p(Pr =P, | Xy, X3) _ GSWD 63.66+0.72 78.92+0.47 70.25+0.86 83.62+0.31
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1 ° J neianoer | | ° O znd neere T — - Gumbel: 313 NN X Z z,p dmm(xl,i)i Ok, ms Bk,m) + Z p (dmm(xz,j)i Ok, mo Bk,m) HyperCD 63.63+0.65 79.78+0.73 70.58+0.81 84.27+0.48
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I e A L Tab.1 Results of 5-way (%) on minilmageNet and tieredimageNet datasets.
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Fig2. lllustration of (a-b) samples from the same/different distributions, and (c)
data fitting with Gumbel prior distributions for 1st, 2nd, 3rd smallest distance

distributions between two 2D point sets. Fig 3. Graphical model for computing the conditional probability

Pseudocode for GPS :
Motivation:
We model minimum-distance distributions between point sets using def Gumbel Fit(dis,a,b):
Gumbel distributions. i * i
We borrow NLP’s distributional similarity concept to enhance matching. m111_d1s T a ¥ idlﬂdi** o
We demonstrate better performance while keeping linear complexity like ;m: :KEI'LE?I%ETI:_EQS 31 t))

Chamfer Distance. i
retfurn sim

N _ . S def Set_Similarity (X1,X2,al,a2,bl,b2):
The probability density function (PDF) of a Gumbel distribution:

1 X — D = distance_matrix (X1,X2)
— _ _ — sim0 = Gumbel _Fit(D.min(0),al ,bl)
p(x) o exp( (y T exp( y))) T o siml = Gumbel Fit(D.min(1),a2,b2) Fig 5. Row-1: Inputs of incomplete point clouds. Row-2: Outputs of Seedformer

return sim0 + siml with CD. Row-3: Outputs of Seedformer with GPS. Row-4: Ground truth.
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