
Introduction
•	 We	explore	combining	encodings	between	pairs	of	examples	to	
produce	novel	data	points	and	improve	autoencoder	training.

•	 Encodings	are	combined	via	a	mixing function,	such	that	the	resulting	
decoded	mix	is	trained	to	fool	an	adversarial	discriminator.

•	 The	key	proposal	in	our	work	is	the	mixing function,	which	determines	
how	pairs	of	examples	are	to	be	mixed.

Autoencoders	can	be	improved	by	learning	to	mix	their	encodings.	These	mixed	
encodings	are	trained	adversarially	to	decode	into	realistic	examples.
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Key	idea:	autoencoders	infer	latent	variables,	of	which	there	are	exponentially many	combinations.	
We	can	sample	novel	combinations	by	randomly	mixing	variables	from	pairs	of	encoded	examples.	
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Qualitative results (Zappos shoes)
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Figure 7: Interpolations between two images using the mixup technique (Equation 4). For each
image, from top to bottom, the rows denote: (a) linearly interpolating in pixel space; (b) AE+GAN;
(c) ACAI (Berthelot et al., 2019); and (d) AMR (λ = 50,β = 50).

15

Qualitative results (learning mixing)

We	train	linear	classifiers	(for	supervised	classification	tasks)	on	top	of	
the	encodings	predicted	by	our	autoencoder.
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•	 Mix	via	convex,	discrete, or	learned	combinations:

•			convex:	α	○ h1	+	(1-α)	○ h2,	α	~	Uniform(0,1)

•			discrete:	m ○ h1	+	(1-m)	○ h2,	m	~	Bernoulli(p)

•			learned:	m ○ h1	+	(1-m)	○ h2,

    m	learned	via	deep	embedding	(MLP)	of	labels	(y1,	y2)	
	
	
	
	
	
	

•	 We	propose	mixing	between	two	or more	encodings	(we	denote	
the	number	of	encodings	we	mix	between	to	be	‘k’).

•	 The	resulting	mix	is	trained	to	decode	into	a	realistic	looking	
image	(using	an	adversarial	discriminator).
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Quantitative results (downstream tasks)
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Figure 11: Interpolations between two images using the Bernoulli mixup technique (Equation 5).
Each row is AMR (λ = 50,β = 1).
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Conclusion
•	 Mixup	with	k	>	2	generally	performs	the	best.

•	 Experiments	on	maximising	disentanglement	with	DSprite	dataset	(not	
shown)	indicate	that	Bernoulli	mixup	may	be	beneficial	in	this	regard,	
but	further	exploration	is	needed.

•	 Empirical	work;	theroretical	analysis	would	be	interesting.

Examples	in	3D	latent	space	(red	=	real	points,	blue	=	interpolated,		
k	=	number	of	examples	to	mix	at	a	time)

{male, makeup, lipstick} {male, makeup, lipstick}

Related work
‘ACAI’ (Berthelot et al)

•	 Mixup	with	k=2	is	used,	and	the	discriminator	tries	to	predict	the	mixing	
coefficient	α.	Generator	tries	to	fool	it	with	predicting	α=0.

•	 Performance	evaluated	on	downstream	tasks.

‘GAIA’ (Sainberg et al)

•	 A	Gaussian-based	interpolation	function	between	pairs	of	examples	
(k=2)	is	used.	

•	 Authors	explore	supervised	mixing	using	vector	arithmetic	on	latent	
codes.

StyleGAN (Karras et al)

•	 Mixing	is	done	between	latent	codes	to	improve	GAN	performance	
during	training.
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* autoencoder: reconstruct x1, x2

there has been some interest in leveraging concepts from evolution and biology in deep learning,
for instance meta-learning (Bengio et al., 1991), dropout (as previously mentioned), biologically
plausible deep learning (Bengio et al., 2015) and evolutionary strategies for reinforcement learning
(Such et al., 2017; Salimans et al., 2017).

4 Results

In this section we evaluate the classification accuracy of AMR on various datasetss by training a
linear classifier on the latent features of the unsupervised variant of the model. We also measure
evaluate our model on a disentanglement task, which is also unsupervised. Finally, we demonstrate
some qualitative results.

4.1 Classification of learned features

One way to evaluate the usefulness of the representation learned is to evaluate its performance on
some downstream tasks. Similar to what was done in ACAI, we modify our training procedure by
attaching a linear classification network to the output of the encoder and train it in unison with the
other objectives. The classifier does not contribute any gradients back into the auto-encoder, so
it simply acts as a probe (Alain & Bengio, 2016) whose accuracy can be monitored over time to
quantify the usefulness of the representation learned by the encoder.

We employ the following datasets for classification: MNIST (Deng, 2012), KMNIST (Clanuwat et al.,
2018), and SVHN (Netzer et al., 2011). We perform three runs for each experiment, and from each
run we collect the highest accuracy on the validation set over the entire course of training, from which
we compute the mean and standard deviation. Hyperparameter tuning on  was performed manually
(this essentially controls the trade-off between the reconstruction and adversarial losses), and we
experimented with a reasonable range of values (i.e. {2, 5, 10, 20, 50}. We experiment with three
mixing functions: mixup (Equation 4), Bernoulli mixup (Equation 5)3, and the various higher-order
versions with k > 2 (see Section 2.1). The number of epochs we trained for is dependent on the
dataset (since some datasets converged faster than others) and we indicate this in each table’s caption.

In Table 1 we show results on relatively simple datasets – MNIST, KMNIST, and SVHN – with
an encoding dimension of dh = 32 (more concretely, a bottleneck of two feature maps of spatial
dimension 4⇥ 4). In Table 2 we explore the effect of data ablation on SVHN with the same encoding
dimension but randomly retaining 1k, 5k, 10k, and 20k examples in the training set, to examine the
efficacy of AMR in the low-data setting. Lastly, in Table 3 we evaluate AMR in a higher dimensional
setting, trying out SVHN with dh = 256 (i.e., a spatial dimension of 16⇥ 4⇥ 4) and CIFAR10 with
dh = 256 and dh = 1024 (a spatial dimension of 64 ⇥ 4 ⇥ 4). These encoding dimensions were
chosen so as to conform to ACAI’s experimental setup.

Table 1: Classification accuracy results when training a linear classifier probe on top of the auto-
encoder’s encoder output (whose length is 32). Each experiment was run thrice. († = results taken
from the original paper). AE+GAN = baseline auto-encoder (Equation 2); AMR = adversarial
mixup resynthesis (ours); ACAI = adversarially constrained auto-encoder interpolation (Berthelot
et al., 2019))

Method Mix k MNIST () KMNIST () SVHN ()

AE+GAN - - 97.52 ± 0.29 (5) 76.18 ± 1.79 (10) 37.01 ± 2.22 (5)

AMR
convex 2 98.01 ± 0.10 (10) 80.39 ± 3.11 (10) 43.98 ± 3.05 (10)

discrete 2 97.76 ± 0.58 (10) 81.54 ± 3.46 (10) 38.31 ± 2.68 (10)
convex 3 97.61 ± 0.15 (20) 77.20 ± 0.43 (10) 47.34 ± 3.79 (10)

ACAI convex 2 98.66 ± 0.36 (2) 84.67 ± 1.16 (10) 34.74 ± 1.12 (2)

ACAI† convex 2 98.25 ± 0.11 (N/A) - (N/A) 34.47 ± 1.14 (N/A)

3Due to time / resource constraints, we were unable to explore Bernoulli mixup as exhaustively as mixup,
and therefore we have not shown k > 3 results for this algorithm
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In terms of training hyperparameters, we used ADAM (Kingma & Ba, 2014) with a learning rate
of 104, β1 = 0.5 and β2 = 0.99 and an L2 weight decay of 105. For architectural details, please
consult the README file in the code repository.4

Table 2: Classification accuracy results on SVHN (encoder length 256) and CIFAR10 (lengths 256
and 1024). These configurations were trained for 4k, 3k, and 8k epochs, respectively. († = results
from original paper.)

Method Mix k SVHN (256) () CIFAR10 (256) () CIFAR10 (1024) ()

AE+GAN - - 59.00 ± 0.12 (5) 53.08 ± 0.28 (50) 59.93 ± 0.60 (50)

AMR

convex 2 71.51 ± 1.35 (5) 54.24 ± 0.42 (50) 60.80 ± 0.79 (50)
discrete 2 58.64 ± 2.18 (10) 52.40 ± 0.51 (50) 59.81 ± 0.56 (50)
convex 3 73.33 ± 3.23 (5) 54.94 ± 0.37 (50) 61.68 ± 0.67 (50)
convex 4 74.69 ± 1.11 (5) 54.68 ± 0.33 (50) 61.72 ± 0.20 (50)
convex 6 73.85 ± 0.84 (5) 52.95 ± 0.92 (50) 60.34 ± 0.82 (50)
convex 8 75.71 ± 1.29 (5) 53.07 ± 1.04 (50) 59.75 ± 1.04 (50)

ACAI convex 2 68.64 ± 1.50 (2) 50.06 ± 1.33 (20) 57.42 ± 1.29 (20)

ACAI† convex 2 85.14 ± 0.20 (N/A) 52.77 ± 0.45 (N/A) 63.99 ± 0.47 (N/A)

4.2 Disentanglement

Lastly, we run experiments on the DSprite (Matthey et al., 2017) dataset, a 2D sprite dataset whose
images are generated with six known (ground truth) latent factors. Latent encodings produced by
autoencoders trained on this dataset can be used in conjunction a disentanglement metric (see Higgins
et al. (2017); Kim & Mnih (2018)), which measures the extent to which the learned encodings are
able to recover the ground truth latent factors. These results are shown in Table 3. We can see that for
the AMR methods, Bernoulli mixing performs the best, especially the triplet formulation. β-VAE
performs the best overall, and this may be in part due to the fact that the prior distribution on the
latent encoding is an independent Gaussian, which may encourage those variables to behave more
independently.

Table 3: Results on DSprite using the disentanglement metric proposed in Kim & Mnih (2018). For
β-VAE (Higgins et al., 2017), we show the results corresponding to the best-performing β values.
For AMR, λ = 1 since this performed the best.

Method Mix k Accuracy

VAE(β = 100) - - 68.00 ± 3.89
AE+GAN - - 45.12 ± 2.68

AMR

mixup 2 49.00 ± 6.72
Bern 2 53.00 ± 1.59

mixup 3 51.13 ± 4.95
Bern 3 56.00 ± 0.91

4.3 Qualitative results (unsupervised)

Due to space constraints, we show qualitative results in the supplementary material. We compare
interpolations (between our technique, ACAI, AE+GAN, and pixel-space interpolation) on three
datasets: SVHN (Netzer et al., 2011), CelebA (Liu et al., 2015), and Zappos shoes (Yu & Grauman,
2014, 2017). It can be easily seen that AMR produces realistic-looking mixes with significantly less
‘ghosting’ or ‘artifacting’ as exhibited in the baselines. This supplementary also explains an extra

4The architectures we used were based off a public PyTorch reimplementation of ACAI, which may not be
exactly the same as the original implemented in TensorFlow. See the anonymized Github link for more details.
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