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Meta-learning

Meta-learning involves learning from a set of tasks in order to
acquire knowledge and generalize to new tasks.

Tianjun Ke, Haoqun Cao, Zenan Ling, Feng Zhou RUC, HUST

Revisiting Logistic-softmax Likelihood in Bayesian Meta-learning for Few-shot Classi�cation 4 / 27



Introduction Method Experiments Conclusion

Gaussian Process (GP) Classi�cation

A GP is a probability distribution over functions, wheref (x)
evaluated at a set of inputs have a joint Gaussian distribution. In
the context of aC-class classi�cation problem, separate GP latent
functionsf f cgC

c=1 are employed to model the logits for each class.
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Deep Kernel

Deep Kernel combines kernel methods and neural networks,
extending traditional covariance functions by integrating a deep
architecture into the base kernel formulation. The deep kernel is
de�ned as

k(x; x0 j � ; w ) = k0(gw (x); gw (x0) j � );

wherek0 represents the base kernel with parameters� and g is a
deep neural network parametrized byw.
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Motivation

1. The widely used softmax likelihood does not lead to conjugacy
for GPs, making posterior inference intractable in classi�cation.

2. While being conditional conjugate, the logistic-softmax
function tends to exhibit an inherent lack of con�dence.

3. Most GP-based meta-learning models employ Gibbs sampling
for posterior inference, which can be computationally
demanding for convergence.
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De�nition of Logistic-softmax with Temperature

We de�ne the logistic-softmax function with temperature as:

p(y = k j fn ) =
� (f k

n =� )
P C

c=1 � (f c
n=� )

;

where we assumeC classes,f c
n = f c(xn ), fn = [ f 1

n ; : : : ; f C
n ]> ,

k 2 [C] := f 1; : : : ; Cg, � is the temperature parameter and� (�) is
the logistic function.
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Limiting Behavior

Although reminiscent of the softmax likelihood with temperature,
the logistic-softmax likelihood displays distinct limiting behavior.

Limiting Behavior

Denote the logistic-softmax function with temperature asLS(fn ; � ).
De�ne I := f i : f i

n > 0g � [C], we have

lim � ! 0+ LS(fn ; � ) =

8
>><

>>:

ec� ; if max
c2 [C]

f c
n < 0 and c� = argmax

c2 [C]
f c

n

1
jI j

X

c2 I

ec; if max
c2 [C]

f c
n > 0

whereec 2 RC is the one-hot vector with a1 in its c-th coordinate.
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Comparison of Logistic-softmax and Softmax with Temperature

We present several results demonstrating that logistic-softmax
surpasses softmax as a versatile categorical likelihood function
theoretically.

Pointwise Convergence

For all fn 2 RC , � 2 R n f 0g and C0 2 R, we have

lim
C0! + 1

LS(fn � C0; � ) = S( fn ; � ) = S( fn � C0; � );

whereS(fn ; � ) denotes the softmax function with temperature.
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Comparison of Logistic-softmax and Softmax with Temperature

Larger Size of Data Modelling Distribution Family

Assume the logitsf c � GP (a; kc), wherea is the mean function
and kc is the kernel function for each classc 2 [C]. Denote
y = [ y1; : : : ; yN ]> as the random label vector ofN given points.
Supposea 2 A and kc 2 K , whereA and K are two function
classes. De�neF (` j A ; K ) as the family of the marginal
distribution p(y jX ; a; kc) induced bya 2 A and kc 2 K on given
points X 2 RN � p with a likelihood functioǹ . Under mild
condition onA , we have

F (S j A ; K ) = F (S j K ):

Furthermore, we have
F (S j A ; K ) � F (LS j K ):
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Comparison of Logistic-softmax and Softmax with Temperature

Figure: Plot ofp(y = 1 jf ) wheref 3 clamped to� 100. We provide
separate zoom-in plots of softmax and logistic-softmax in the 2nd row. In
the upper-right area (where allf 1 and f 2 are greater than0), the
logistic-softmax function exhibits unique probability patterns that
softmax cannot model. In the bottom-left area (where allf 1 and f 2 are
smaller than0), logistic-softmax accurately approximates softmax.
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