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TL;DR. We propose a meta-learning algorithm to generate a target model from which we distill

the knowledge to the meta-model, forming a virtuous cycle of improvements =) _ = RXe
arXiv Github
Introduction SIMT: Self-improving Momentum Target Experimental Results
Meta-learning We propose Self-improving Momentum Target (SiMT) Main results. SIMT shows the effectiveness for three parts:

(1) few-shot regression, (2) few-shot classification, and
(3) meta-reinforcement learning.  See the paper for other results

 Extracting and utilizing the knowledge from the

distribution of tasks to better solve a relevant task Perturbed solver Pdrop

Meta-model @ Task-specific solver @

( (
| mini-ImageNet tiered-ImageNet

To learn a meta-model, one (1) adapt an appropriate solver Dropout Model Method lshot  5-shot lshot  5-shot
I I I MAML [10] 47334045 63.274+0.14 50.19+021 66.05+0.19
120; eac_h taSk Wlth thte glven Support set and (2) evaluate Wlth L L MAML [10] + SiMT 51.49+0.18 68.74+0.12 52.51+021 69.58+0.11
d)d glven query SIS ANIL [36] 47.71+047 63.134+043 49.574+0.04 66.34+0.28
(b) a target model - recent|y shown effectiveness Temporal o Convé [55] ANIL [36] + SiMT 50.81+0.56 67.99+0.19 51.66+0.26 68.88--0.08
ensemble Self-i : “ Distillation MetaSGD [31] 50.66+0.18 65.55+£054 52.48+122  71.06-0.20

eir-improving process .

Meta-model (1) Task-1 solver (2) Task-1 target (teacher) MetaSGD [31] + SIMT  51.70+0.80 69.13+140 52.98+0.07 71.46-+0.12
( ( ) A g g R ProtoNet [45] 47974029 65.16+067 51.90+055 71.5140.25
ProtoNet [45] + SIMT 51.25+0.55 68.71+035 53.254+0.27 72.69-+0.27
- MAML [10] 52.66+060 68.69+033 57.32+0.59 73.784+0.27
8 || MAML [10] + SIMT 56.28+0.63 72.01+026 59.72+0.22 74.40+0.90
(1) L J 8 L 8 y ANIL [36] | 51.804+0.59 68.384+020 57.52+068 73.50+0.35

. . . ] 18+0. 75. :
Task-2 solver Task-2 target (teacher) Momentum network Hmoment Momentum target ¢moment ResNet-12 [34] ANIL [0+ SIMT >444£027 69984066  S8.18£031 75595050
. \ (2) \ MetaSGD [31] 54.95+0.11 70.65+043 58974089 76.3740.11
S T ﬂ ‘ MetaSGD [31] + SIMT  55.724+096 74.01+0.79 61.03+0.05 78.04+0.48
° . I ProtoNet [45] 52.84+021 68.354+029 61.164+0.17 79.9440.20
Momelztum tta rgekt.t anerﬁt‘éﬂg th_e _ta I‘IQE’E nc1|0|d6| from the ProtoNet [45] + SIMT ~ 55.84+0.57 72454032 62.01:042 81.8210.12

] ) ] ) momentum network to teach the original mode

« Self-improving process: Improving the meta-model

Comparison with other target models [1,2]
recursively improves the momentum network

Q. How can we train target models for every task...?

mini-ImageNet tiered-ImageNet

- This suffers from computation and storage burden! - (+) Asymmetricity: preventing the momentum target and

Method 1-shot 5-shot 1-shot 5-shot

; | the solver from becoming too similar, stabilizes the trainin MAML [10] 47331045 63274014 50.194021  66.05+0.
[A. Lets generate target models from a better meta Iearner.] 9 ' J MAML [10]+ Bootstrap [16] 48,6840 68455040 49341025 68842037
MAML [10] + SIMT 51.49+0.18 68.74+0.12 52.51+0.21 69.58+0.11
ANIL [36] 47.771+047 63.13+043 49.57+0.04 66.34+0.28

& Tem oral Ensemble I i . . ANIL [36] + Bootstrap [16]  47.74+044  65.164004 48.854034  66.09+0.
P Flexibility of SiMT. SiMT can be used over various backbone ANIL[36] + SIMT 50815086 67.99:019 51665026 68.88.+008

We find that the temporal ensemble of the meta-model is a meta-learning methods, including gradient- and model-based.

mini-ImageNet tiered-ImageNet

1-shot train cost

better meta-learner, i.e., a better adaptation performance Method (GPUhours)  {oshor s<hot [shot < shot
_ . . MAML [10]* 1.31 58.84+025 74.62+038 63.02+030 67.2640.32
Meta-model Momentum network (1 )‘) £(¢drop7 Q) + A £tea€h(¢drop7 ¢target7 Q> MAML [10] + Lu et al. [32] - 5%" 5.04 59.144033  75.774029 64.524030 68.39+034
r \ Temporal r ) MAML [10] + Lu et al. [32] - 10%™ 8.32 60.06+035 76.34+042  65.23+045 70.0240.33
ensemble \ ' l \ ' ’ MAML [10] + SiMT 1.64 62.054:039 78774045 63.914032 77.43+047
Hmoment N T - Hmoment + (]- - 77) ) (9

Learning from the guery set Learning from the momentum target
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