Few-Shot Learning with Localization in Realistic Settings
(Supplementary Materials)

Note: Code for the models and main results of the paper are available at https://github.com/daviswer/fewshotlocal.

1. Additional Results
1.1. Ablation Study

Top-1 and top-5 mean and per-class accuracies are given below. Three-digit model names indicate the presence or absence
of batch folding, localization, and covariance pooling, in that order. For example, ‘101’ indicates a model with batch folding
and covariance pooling, but no localization. Because two versions of localization exist, we use ‘0’ to indicate no localization,
‘1’ for few-shot localization, and ‘2’ for unsupervised localization. A “*’ indicates a model presented in the main paper.

Top-1 Accuracy Top-5 Accuracy
Model Mean Per-Class Mean Per-Class
000* 16.07 £ .19 17.55 £ .19 42.10 £ .21 41.98 £+ .18
100* 20.04 £ .04 20.81 + .08 47.86 £+ .31 46.57 + .23

010 21.55 £ .09 22.37 £ .08 50.20 £ .08 48.70 £ .08
001 24.31 £ .48 24.64 £ .39 53.29 £+ .76 51.09 £+ .63
020 24.32 £ .15 24.68 £ .81 53.16 £ .89 51.44 £ .94

021 25.60 £1.02 25.514+.90 54.66 £ 1.07 52.04+ .91
110* 26.25 £+ .05 26.29 £ .04 55.43 £+ .09 53.01 &+ .08

011 27.46 £ .15 26.39 £ .14 56.37 £+ .17 52.37 £ .17
120% 28.75 £ .13 28.39 £ .15 57.90 £ .24 55.27 £ .37
101 31.06 £ .61 29.07 £ .53 60.41 £ .67 55.50 4 .62

121* 32.74 4+ .13 30.52 £+ .13 61.32 £ .14 56.62 £+ .16
111* 35.52 £ .05 31.69 £+ .06 63.76 £ .09 57.33 £ .10

Between any two models with different numbers of features, the one with more always outperforms the one with less,
regardless of combination. Thus batch folding, localization, and covariance pooling consistently and independently improve
performance on meta-iNat.

1.2. Learning Without Forgetting

We evaluate the ability of our prototype-styled classifiers to adapt to new concepts without forgetting old ones. We
combine the evaluation and representation sets of meta-iNat into a single, larger dataset and provide accuracy numbers
for prototype-styled classifiers. Softmax classifiers are ignored, as they cannot handle old and new concepts simultaneously
without completely replacing the topmost fully-connected layer. While accuracy decreases overall (we are now distinguishing
between 1135 categories rather than 227), batch folding, few-shot localization, and covariance pooling still lead to significant
improvements. For logistical reasons, we run only one trial in all settings, though we still evaluate four independently trained
models for each.

Top-1 Accuracy Top-5 Accuracy
Model Mean Per-Class Mean Per-Class
Baseline 6.64 £+ .06 7.37 + .08 21.08 + .13 21.08 £ .19
Batch Folding 8.87 + .13 9.35 + .14 25.92 + .20 25.13 £ .16
BF + few-shot localization 13.22 + .04 13.11 + .07 33.54 £+ .12 31.60 £+ .12

BF + fsL + covariance pooling ~ 20.69 4 .16 17.44 £+ .13 43.70 £ .23 37.17 £ .33

2. Network Architectures

Our learner architectures mimic the original prototypical networks. Networks contain four 64-channel 3 x 3 convolutional
layers, with Batchnorm, ReLU, and 2 x 2 max-pooling in between. This is followed by Batchnorm and 10 x 10 global
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average-pooling, for a 64-dimensional feature vector. Unlike prototypical networks, which flatten the feature map to a
6400-dimensional vector, we use average pooling to eliminate spatial priors on uncentered, uncropped images. Softmax
classifier models use a fully-connected layer on top of the feature vector; prototype classifiers use the feature vector directly.
Localization and covariance pooling models replace average-pooling layers with the appropriate algorithm(s).

Models based on ResNet50 use the first two stages of a ResNet50 model, pretrained on ImageNet, to produce 28 x 28
feature maps with 512 channels. Learned layers consist of 2 X 2 max-pooling, followed by 3 x 3 convolution with 128
channels, Batchnorm, ReLLU, a second 3 x 3 convolution with 64 channels, and Batchnorm. The resulting 14 x 14 feature
maps are localized, average pooled, or covariance pooled as appropriate. As in the original setting, softmax classifiers use an
additional fully-connected layer, while prototype architectures use the pooled embeddings directly.

3. Training and Implementation Details
3.1. Training

We train meta-iNat models via SGD with Adam, using an initial learning rate of 10~ and dividing by two every epoch.
Each epoch consists of 10 passes over the representation set, with five epochs in total. For mini-ImageNet, we lengthen each
epoch to 28 passes, to account for the smaller representation set.

In both settings we unit-normalize input color channels. We use random horizontal flipping but no other data augmentation.
Because bounding boxes are downsized to very small resolutions (e.g. 10 x 10), we use 4 x 4 average-pooling before
downsampling, as a fast approximation for anti-aliasing.

3.2. Batch Sampling

While mini-ImageNet uses random batch sampling with replacement during training and testing, meta-iNat uses a different
sampling procedure for each. During each training iteration, classes are sampled without replacement: so long as classes
have sufficient remaining images to create a batch, they are sampled proportionately to the number of available images they
contain. This ensures that differently-sized classes occur at constant, representative rates throughout the entire sampling
process. Images are then selected from the sampled classes, and those images are subsequently unavailable for further
training until the next pass over the dataset.

During testing, we wish to evaluate classification accuracy for relatively large numbers of classes and images. For suffi-
ciently high values, it becomes impossible to process the sampled datasets as single batches in computer memory. Category
sizes also vary so widely that it no longer makes sense to use constant sample sizes. Rather than attempt to evaluate a given
network on a large number of large and complicated datasets, we instead impose a single reference/query split over the
evaluation set.

Evaluation consists of one pass over the reference images followed by one pass over the query images. During the
reference pass, each category is split into manageable batches, and the class centroid is computed from a running total of
the embedding vectors. The query pass is divided the same way, and the pre-computed centroids are used to make class
predictions. When localization is used, we run 10 trials where different 10% subsets of the reference images are randomly
selected to receive bounding box annotations.

The above applies to prototype-styled classifiers, which require representation and query sets for a limited selection of
classes in every batch. For straightforward softmax classifiers, we instead use random sampling without replacement, and a
batch size of 128. Annealing schedule is as above.






