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1 Overview

In this document, we first supplement the implementation details. We then
present additional experimental results of reinforcement learning and cross-domain
few-shot classification. Finally, we compare the proposed DropGrad regulariza-
tion algorithm with the simulated annealing methods.

2 Implementation Details

Few-Shot Classification. We use the implementation from [1] to train and
evaluate MAML [2] on few-shot classification tasks.1 In the meanwhile, we mod-
ify the same implementation for MetaSGD [3] by ourselves. We verify our imple-
mentation by evaluating the MetaSGD model using Conv4, which is the same
backbone network adopted in the original paper. The 5-way 5-shot classification
results on the mini-ImageNet dataset [4] reported by our implementation and
the original paper are 65.31 ± 0.66% and 64.03 ± 0.94%, respectively.

To train both the MAML and MetaSGD models, we keep the default settings
in the original implementation by [1]. We apply the Adam [5] optimizer with the
learning rate of 0.001. The mini-batch size is set to be 4. We train the model
with 400 epochs and do not apply the learning rate decay strategy.

Online Object Tracking. We conduct experiments of online object tracking
based on the PyTorch implementation by [6]. For MetaSDNet, the first three
convolutional layers of VGG-16 are used as the feature extractor. During meta-
training, the last three fully-connected layers are randomly initialized. We only
update the last three fully-connected layers in the first 5,000 iterations, and
then train the entire network for the remaining iterations. We adopt the Adam
optimizer [5] with an initial learning rate of 10−4, and decrease the learning
rate to 10−5 after 10, 000 iterations. In total, we train the network for 15, 000
iterations. For MetaCREST, we use the Adam optimizer with a learning rate of
10−6, and train the model for 10, 000 iterations.

? Equal contribution
1 https://github.com/wyharveychen/CloserLookFewShot
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3 Reinforcement Learning

We adopt the few-shot reinforcement learning (RL) setting as in [2], which aims
to make the system adapt to new experiences and learn the corresponding pol-
icy quickly with limited prior experience (i.e., trajectories). In this setting, the
support set Ds contains few trajectories and the corresponding rewards, while
the query set Dq is formed by a set of new trajectories sampled from the run-
ning policy. We conduct the experiment with the locomotion tasks simulated
by the MuJoCo [7] simulator. Two environments are considered in this exper-
iment: HalfCheetah robot and Ant robot with forward/backward movement,
i.e., HalfCheetah-Dir and Ant-Dir.

Implementation Details. We adopt the MAML-TPRO [2] framework as the
baseline method. Since the rewards are usually not differentiable, policy gradients
are calculated for adapting the RL models to new experiences in both inner- and
outer-loop optimization. For applying the proposed DropGrad scheme in the RL
framework, we augment the policy gradients calculated according to rewards in
the support set during the inner-loop optimization. We use a public PyTorch
implementation with the default hyper-parameter settings in the experiments.2

Reinforcement Learning Results. In Figure 1, we present the rewards after
the model is optimized with the few trajectories, i.e., in each iteration we per-
form a one-step policy gradient update for the inner-loop optimization. In both
environments, the training process with the proposed DropGrad regularization
method converges to favorable rewards compared to the original training with-
out the proposed regularization. This improvement could be attributed to the
uncertainty on gradients that provides a better exploration of the policy.

4 Cross-Domain Few-Shot Classification

In Figure 2, Figure 3 and Figure 4, we provide more results of the class acti-
vation maps (CAMs) [8] for the cross-domain few-shot classification task. The
meta-training and meta-testing steps are conducted on the mini-ImageNet and
CUB datasets, respectively. We apply the DropGrad scheme on the MAML,
MetaSGD, and MetaSGD* approaches. The results show that models trained
with the proposed DropGrad regularization focus on more discriminative re-
gions.

5 Comparison to Simulated Annealing

The proposed DropGrad algorithm is also related to simulated annealing (SA) [9].
While conceptually similar to a certain extent, the goals and formulations are
significantly different. SA modulates gradients by exploring uncertain solutions

2 https://github.com/tristandeleu/pytorch-maml-rl

https://github.com/tristandeleu/pytorch-maml-rl
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Fig. 1. Few-shot reinforcement learning results. Two settings, HalfCheetah-Dir
(left) and Ant-Dir (right), are considered in our experiments using the MAML-TPRO
framework. We show the reward curves after the model is updated with the few tra-
jectories and both rewards converge favorably against the original training.

to escape from the local minimum during the training stage. On the other hand,
our DropGrad method drops the inner gradient to introduce uncertainty in the
forward pass of the gradient-based meta-learning framework.
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Fig. 2. Class activation maps (CAMs) for cross-domain 5-shot classification.
The mini-ImageNet and CUB datasets are used for the meta-training and meta-testing
steps, respectively. Models trained with the proposed DropGrad (the third row for each
example) focus more on the objects than the original models (the second row for each
example).
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American pipit Black throated blue warbler Blue headed vireo Brown creeper Cerulean warblerBrown pelican
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Glaucous winged gull Great grey shrike Hooded oriole House wren Louisiana waterthrushKentucky warbler
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Nashville warbler Nighthawk Painted bunting Pied billed grebe Summer tanagerSeaside sparrow
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Fig. 3. Class activation maps (CAMs) for cross-domain 5-shot classification.
The mini-ImageNet and CUB datasets are used for the meta-training and meta-testing
steps, respectively. Models trained with the proposed DropGrad (the third row for each
example) focus more on the objects than the original models (the second row for each
example).
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American pipit Barn swallow Cerulean warbler Common tern Green tailed towheeGreen kingfisher

Fig. 4. Class activation maps (CAMs) for cross-domain 5-shot classification.
The mini-ImageNet and CUB datasets are used for the meta-training and meta-testing
steps, respectively. Models trained with the proposed DropGrad (the third row for each
example) focus more on the objects than the original models (the second row for each
example).


