Supplementary Materials for Exemplar VAE:
Linking Generative Models, Nearest Neighbor
Retrieval, and Data Augmentation

A Exemplar VAE samples
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Figure 1: Random samples drawn from Exemplar VAEs trained on different datasets.

34th Conference on Neural Information Processing Systems (NeurIPS 2020), Vancouver, Canada.



B Exemplar conditioned samples
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Figure 2: Given the input exemplar on the top left of each plate, 11 exemplar conditioned samples using

Exemplar VAE are generated and shown.



C Retrieval Augmented Training
Algorithm 1

Input: Training dataset X = fxngh_,
Define Cache:
initialize cache = []
insert(i; ¢): insert value ¢ with index i into cache
update(i; c): update the value of index i to €
KNN(c): return indices of kNNs of € in cache
for n in f1;:::;Ngdo Cache:insert(n; (Xn))

sl ' to obtain a set of M exemplar indices
i=  (Xi); (i)
N(0; 14, d,)

i+ 1=

Z=
KNN = Cache:kNN( i)\

for j in kl\{y do ;= (Xj)

m(z) = ﬁ j2KNN N(zj j; ?)

ELBO=logp (Xjz) logN(zj ;; i)+logr(z)
Gradient ascend on ELBO to update , ,and 2
Cache:update(i; ;)

for j in kNN do Cache:update(j, ;)

D Number of Active Dimensions in the Latent Space

The problem of posterior collapse [2, 5], resulting in a number of inactive dimensions in the latent
space of a VAE. We investigate this phenomena by counting the number of active dimensions based
on a metric proposed by Burda et. al [3]. This metric computes the variance of the mean of the
latent encoding of the data points in each dimension of the latent space, Var(  (X)j), where X is
sampled from the dataset. If the computed variance is above a certain threshold, then that dimension
is considered active. The proposed threshold by [[1]] is 0:01 and we use the same value. We observe
that the Exemplar VAE has the largest number of active dimensions in all cases except one. In the
case of ConvHVAE on MNIST and Fashion MNIST, the gap between Exemplar VAE and other
methods is more considerable.

Number of active dimensions out of 40
Model Dynamic MNIST Fashion MNIST  Omniglot

VAE w/ Gaussian prior 24:0 0:63 26:0 1:1 35:2 0:4

VAE w/ Vampprior 27:6 1:36 35:25 1:3 40:0 0:0
Exemplar VAE 29:4 0:49 36:0 1:41 40:0 0:0

HVAE w/ Gaussian prior 15:0 0:63 12:4 08 24:8 1:83
HVAE w/ VampPrior 20:4 0:49 23:2 1:47 39:0 0:89
Exemplar HVAE 21:6 0:49 28:6 08 38:6 15
ConvHVAE w/ Gaussian prior 19:8 2:93 15:4 2:65 39:2 16
ConvHVAE w/ VampPrior 19:0 1:55 19:25 0:83 39:8 0:4
Exemplar ConvHVAE 25:8 3:66 33:6 7:86 40:0 0:0

Table 1: The number of active dimensions computed based on a metric proposed by Burda et. al [3]].
This metric considers a latent dimension active if the variance of its mean over the dataset is higher
than 0:01. For hierarchical architectures the reported number is for the z, which is the highest
stochastic layer.
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