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What is few-shot learning?

Setting: predict the class membership of data points in a query set Q given
a few labeled points in a support set S. Query and support can be grouped
in a task T={S,Q}. Shot: number of datapoints per class. Way: number of
classes.

Training and evaluation: tasks sampled from a meta-training (base
classes) or a meta-evaluation (unseen classes) dataset.
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Bayesian hierarchical methods

Setting: those methods define a set of task-common parameters (shared)
and a set of task-specific parameters. Differentiable versions (e.g. MAML,
Finn et al. 2017) use two optimization loops (inner and outer) to find those
parameters. This is the probabilistic graphical model (regression):
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Problem: a full Bayesian treatment is cumbersome, because it is necessary
to manage two level of inference. In differentiable methods (e.g. MAML)
learning is unstable due to the two loops and the need of higher-order
derivatives.

Proposed solution: we do a full integral of the task specific parameters,
and optimize only for the cross-task parameters (ML-Il). We do this
implicitly using Gaussian processes by trasfering a deep kernel across
tasks
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Deep Kernel Transfer (DKT)

Algorithm 1 Deep Kernel Transfer (DKT) in the few-shot setting,
pseudocode for train and test functions.

Require: D = {7,})_, train dataset and 7. = {S., Q. } test task.

Require: 6 kernel hyperparameters and ¢ neural network weights.
Require: «, 3: step size hyperparameters for the optimizers.

1: function TRAIN(D, o, f3, 0, @)

2 while not done do

3 Sample task 7 = {5, 9} ~ D

4: Assign T «+~Vxe SUQ and 7Y« Vye SUQ
S: L=—logp(T|T".0,6)

6 Update 6 «— 0 — aV,;L and ¢ < ¢ — BV L

7 end while

8 return 6, ¢

9: end function

10: function TEST(T, 6, ¢)

11:  Assign T}« VxeS., T. «VyeS,, and x, «x€ Q,
12: return p(y,|x., 75, 77,6, ¢)

13: end function

Regression

Training: maximize the marginal likelihood over kernel and network
parameters given a single task
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Inference: the predictive distribution for unseen tasks is given in a
closed form

Eff.] =k (K+aI)y,
cov(f,) = k., — k., (K+ o’I) " 'k..

Classification

Training: consists of maximizing the marginal likelihood given by the
sum of the marginals for each one of the C individual class outputs,
treating classification as a regression problem

C
logp(y[x, 6, ¢) = D logp(y.|x, 0, ¢).
o=

Inference: over a new point is done by selecting the output with the
highest probability, after passing each predictive mean through a
Sigmoid function

c, = argmax, (Cf (mc(x*)))

Yuw

G
-
-

ROGGRY

THE UNIVERSITY 3
of EDINBURGH

.NEURAL INFORMATION

52 , PROCESSING SYSTEMS

Experiments: regression

Method in-range  out-of-range 4
Periodic functions 2
ADKL 0.14 - 0
R2-D2 0.46 - 2
ALPaCA 0.14 £ 0.09 5.92 £ 0.11 @
Feature Transfer/1 2944+ 016 6.13£0.76
Feature Transfer/100 2.67+0.15 6.94 +0.97
MAML (1 step) 2.76 + 0.06 8.45+0.25
DKBaseline + RBF 285+1.14 3.65+1.63 Q
DKBaseline + Spectral 2.08 +2.31 4.11 £1.92 i
DKT -+ RBF (ours) 138+ 0.03 261 +0.16 :
DKT + Spectral (ours) 0.08 - 0.06 0.10 + 0.06

Left: quantitative results; Right: qualitative comparison
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in-range
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Head pose trajectory

Feature Transfer/1
Feature Transfer/100
MAML (1 step)

DKT + RBF (ours)
DKT + Spectral (ours)

0.25 + 0.04
0.22 £ 0.03
0.21 + 0.01
0.12 £ 0.04
0.10 + 0.01

0.20 + 0.01
0.18 + 0.01
0.18 + 0.02
0.14 + 0.03
0.11 + 0.02

Feature Transfer / 100

DKT + RBF Kernel

MAML (1 step)

DKT + Spectral Kernel

Left: quantitative results; Right: uncertainty estimation given a corrupted input.

Experiments: classification

Method

mini-ImageNet

ML-LSTM 43.44 + o077
SNAIL 45.10
Method cuB Omni—>EMNIST  ImgNet—>CUB IMAML-HE 49.30 + 188
Feature Transfer 461 9 :i: 0.64 6422 ﬂ: 1.24 3277 ﬂ: 0.35 LLAMA 4940 + 1.83
Baseline++ 61.75 £ 095 56.84 4+ 091 39.19 + 0.12 VERSA 48.53 - 154
MatchingNet 60.19 4+ 102 75.01 209 36.98 + 0.06 Amortized VI 44.13 + 178
ProtoNet 52.52 + 190 72.04 4+ 082 33.27 + 1.09 Meta-Midure 49.60 =+ 150
MAML 56.11 += 069 72.68 &= 185 34.01 £ 1.25 SimpleShot 49.69 =+ o.19
RelationNet 62.52 4+ 034 75.62 &= 100 37.13 £ 0.20 Feature Transfer 39.51 + 023
DKT + Linear (ours) 60.23 + 076 75.97 + 070 38.72 + 042 Baseline + 47.15 + o0.49
DKT + CosSim (ours)  63.37 + 019 73.06 + 236 40.22 + o0.54 MatchingNet 48.25 + o065
DKT + BNCosSim (ours) 62.96 + 062 75.40 + 1.10 40.14 + 0.18 ProtoNet 4419 = 1.30
MAML 45.39 4= 0.49
Left table: mean accuracy on CUB and cross-domain settings; RelationNet 48.76 & 0.17
Right table: mean accuracy on Mini-ImageNet. DKT + CosSim (ours)  48.64 =+ 0.45
DKT + BNCosSim (ours) 49.73 =+ 0.07
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