
FARM: Family of AutoRegressive Models

Mihir Patel
Department of Mathematics

Stanford University
mihirp@stanford.edu

Vinjai Vale
Department of Computer Science

Stanford University
vinjai@stanford.edu

Eric Frankel
Department of Computer Science

Stanford University
ericsf@stanford.edu

Abstract

A major fallacy of autoregressive models is their dependence on ordering. For
domains like images, where there are no natural orderings, models like MADE and
PixelCNN are intractable in scenarios with partial or reordered evidence despite
having success on generative tasks for full images with raster orderings. We
propose a new method, FARM, for improved image completion by learning a
Family of AutoRegressive Models with different orderings1. We provide various
techniques to help FARM converge, including weight sharing and using generalized
Jensen-Shannon Divergence (JSD) to force different orderings to yield the same
distribution. We demonstrate the potential for this approach in image inpainting,
showing FARM outperforms a single ordering. We also show how FARM can be
used for fast sub-linear sampling.

1 Introduction

Generative modelling tasks, whereby we wish to generate new content such as images or text, is an
important problem space with many recent breakthroughs. Autoregressive models have emerged as a
successful approach to the challenge of generative modeling. At their core, autoregressive models
approach the problem of understanding a joint distribution by using the chain rule to factor it as the
product of ordered conditionals. For some ordering, we see can model each subsequent conditional
to generate the parameters of an appropriate distribution:

pθi (xi|x<i) = Dist (fi (x1, x2, . . . , xi−1)) .

With the advent of highly successful deep learning methods which exploit large neural networks,
autoregressive models have become considerably more expressive and powerful. In particular, works
such as MADE [1] and PixelCNN [2], along with subsequent variants, have proven to be extremely
successful. More modern approaches which combine autoregressive models with other techniques
have shown state of the art results from Parallel Wavenet [3] for speech synthesis to VQ-VAE-2 [4]
for image generation.

However, an important limitation of autoregressive models is O(n) sampling. As each value in
the ordering is dependent on all prior ones, we must go through this ordering sequentially. This
limitation is considered intrinsic to the approach, and as best as the authors can tell, there have been
no successful attempts to mitigate this by investigating ways to trade off sample quality for faster
sampling.

1The code for this paper can be found at www.github.com/esfrankel/farm.
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Additionally, a key fallacy of this approach is its dependence on ordering. In domains such as images,
where there is no natural ordering, the standard approach has been to pick some simple contiguous
one such as a raster ordering, which starts at the top left and descends down in rows. This becomes
problematic when we look at tasks such as image inpainting, otherwise known as image completion,
where we wish to fill in a missing part of an image. Normally, we would use Bayes’ rule to condition
on all the evidence and fill in the missing part using our model. However, due to the number of
possible values a pixel can take on, Bayes’ rule is intractable and we are only able to use evidence
which comes before the point which we want to fill in given our ordering. As an example, if the top
half of an image is occluded, a standard raster ordering is unable to use the bottom half to fill in the
top. This problem exists in all domains, but becomes especially problematic in images where data
has no natural ordering as opposed to text, where we could learn a forward and backward ordering.

To combat these problems, we explore learning FARM, a Family of AutoRegressive Models. This
family of models is able to exploit more evidence than a single ordering for challenges like image
infilling, and gives the first autoregressive approach to sub-linear sampling. In this work, we first
show various ways in which existing models, namely MADE and PixelCNN++, can be adapted
to learn ensembles. In particular, we look at ways to efficiently learn multiple orderings, which is
generally intractable as there are n! possibilities, and propose methods to ensure the distributions
learned by multiple orderings are similar. We complement this with theoretical results showing a
distinct tradeoff between expressivity of each ordering and the cohesiveness of the ensemble. We
then provide experimental results on the challenge of image inpainting, showing FARM is able to
outperform the current approach of raster ordering. Lastly, we show a way to achieve sub-linear
sampling using this family.

To summarize our contributions are:

1. We propose ways to effectively learn FARM on existing autoregressive models, exploring
ways improve tractability and ensemble cohesiveness.

2. We provide some theoretical insight into our approach, exploring limitations and tradeoffs
between tractability and ensemble cohesivness.

3. We show adding FARM to existing methods gives better results for image inpainting.

4. We provide the first method for sublinear sampling with minimal performance degradation.

2 Related Works

To the best of the authors’ knowledge, this is the first work to explore learning a family of autoregres-
sive models (FARM) with multiple orderings. The same goes for achieving sublinear inference time.
For this section, we will focus on the models models which we adapt with FARM along with brief
mentions of learning multiple orderings we were able to find in the literature. We will also discuss
the image inpainting problem and sublinear sampling.

2.1 MADE

Masked Autoencoder for Distribution Estimation (MADE) [1] included an experiment that demon-
strated that learning a handful of randomly generated orderings and connectivity masks as a form of
regularization led to an increase the model’s performance. However, the idea of multiple orderings
was only touched upon. MADE’s simultaneous simplicity and good statistical performance make it
an ideal baseline and starting point for our experiments with FARM.

2.2 PixelCNN and Variants

2.2.1 PixelCNN

PixelCNN [2] represents one of the first attempts to use autoregressive models on images. In this
approach, convolutional layers are used with causal masks. These causal masks are convolutions
which have 0s in all entries to the right or below the current pixel, ensuring each pixel is only
dependent on the rows above it and what is to the left of it. PixelCNN was shown to be more
computationally tractable than other variants and started further research in this area.
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2.2.2 PixelCNN++

PixelCNN++ [5] improved on the vanilla version by making changes in the distribution used to model
pixel values among other changes. This bag of tricks led to state of the art performance at the time.
For this work, we will use PixelCNN++.

2.3 Image Inpainting

Image inpainting is a well-known computer vision task that alters or fills in missing pixels of an
image. The primary difficulty of image inpainting is the process of generating pixel values that are
contextually similar to the existing nearby pixels; as a result, inpainting and completion tasks are
often used to assess generative models as a qualitative manner for assessing how well they learned the
underlying distribution. Both PixelCNN [2] and PixelRNN [6] used inpainting tasks to demonstrate
both the effectiveness and diversity of their models.

2.4 Sublinear Sampling

This is the first work showing sublinear sampling with autoregressive models. All existing works
[1, 2, 5] referenced in this paper and to our best knowledge, the literature as a whole, emphasize the
linear nature of sampling.

3 FARM + MADE

We trained FARM variants of deep MADE architectures which learn several different orderings
over the input pixels. In order to learn several orderings, we change the enumeration in the initial
layer. This means the weight masks can be held constant and only the initial mask must be changed.
We explore only simple variations of row raster orderings for now – alternate types of orderings,
including diagonal and partially-random orderings, would be interesting future work. We treat these
FARM+MADE models as ensembles over the several different orderings. Fig 1 shows two of the
orderings we test in our experiments and how they can jointly be used to condition on more evidence
when sampling a new pixel.

Figure 1: FARM + MADE with 2 orderings. This allows for conditioning on all available evidence.

We run experiments on a binarized version of the MNIST dataset [7]. As MNIST is fairly simple and
well-studied, it serves as an ideal starting point to prove the effectiveness of the FARM approach on
MADE before moving onto more complex models like PixelCNN++.

The model is trained with the standard MADE loss (i.e. negative log-likelihood or binary cross-
entropy) modified to run over k orderings. Here the training data x = (x1, . . . , xm) is an m-
dimensional vector, θ represents the parameters of the MADE, and π1, . . . , πk are the k orderings.

LMADE(θ;π1, . . . , πk) =

Ex∼p(x)

[
1

km

k∑
i=1

m∑
d=1

−xd log(p(xd | θ, πi))− (1− xd) log(1− p(xd | θ, πi))

]
(1)

There are two ways this can be implemented in practice. The standard approach is Monte Carlo
sampling where each minibatch x is fed through the network with a single specific ordering πi.
As we progress through the dataset in a single epoch, we periodically rotate out the ordering and
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recompute the connectivity mask. Because we only recompute the connectivity mask once every
several minibatches, the training process is a bit faster. This approach corresponds to training each
model variant in the FARM ensemble separately, and is similar to the training procedure implemented
in the original MADE paper.

On the other hand, at inference time we wish to leverage the ensemble nature of FARM with an
averaging-over-experts approach. In particular, we wish for the k different model variants to output
roughly similar joint distributions. So instead of running each minibatch through only one ordering,
we instead introduce a method to train the model variants together by running each minibatch through
every ordering. However, rather than naively averaging the output distributions and using the average
for the binary cross-entropy loss, we instead perform a weighted average:

x̂d =

k∑
i=1

p(xd | θ, πi) · wi,d, (2)

where wi,d is a weight proportional to the amount of evidence (number of pixels) used by the model
variant with the ith ordering in predicting the dth pixel, and

∑k
i=1 wi,d = 1 for each d. Then we

compute the loss as

LFARM+MADE(θ;π1, . . . , πk) = Ex∼p(x)

[
1

m

m∑
d=1

−xd log(x̂d)− (1− xd) log(1− x̂d)

]
. (3)

The reason that the weighting step is important is that some model variants will have much less avail-
able evidence than others in predicting a particular pixel, due to the different orderings. Computing
the loss on the average would effectively “dumb down” the capability of the model variants with
more evidence, because the quality of the average is limited by the expressivity of the model variants
with little to no available evidence. Using the weighted average instead allows the loss to penalize
mistakes in models with more available evidence more than mistakes in models with less available
evidence and leads to significantly better sampling output than training with an unweighted average.

Note that another way to think about this second approach to the MADE loss as opposed to the first
is that the Monte Carlo sampling is performed after swapping the two summations in Equation 1.

3.1 Weight Sharing

One of the advantages of using the deep MADE architecture for the multi-ordering ensemble is that it
naturally involves weight-sharing across the models in the ensemble. Rather than having to learn
k different sets of model parameters for k orderings, we only need to learn a single set of model
parameters and train over each of the k orderings by modifying the connectivity mask on the very
first layer of the MADE. This comes with a tradeoff. Because we are limited by the expressivity of
the model, we can only train on a handful of orderings on a model with fixed size before the it begins
underfitting.

3.2 Generalized Jensen-Shannon Divergence

We also explore the idea of using an additional loss term based on Kullback-Leibler divergence to
encourage the different model variants in the ensemble to converge to the same distribution. The loss
is mathematically similar to the generalized form of the Jensen-Shannon Divergence, which is:

LKL =
1

km

m∑
d=1

k∑
i=1

DKL

p(xd|θ, πi)
∣∣∣∣∣
∣∣∣∣∣1k

k∑
j=1

p(xd|θ, πj)

 . (4)

However, for the same reasons given previously, we will use a weighted version instead. This will
appropriately penalize model variants based on how much evidence they have available to them, in
order to prevent pushing high-evidence orderings and low-evidence orderings directly together and
limiting expressivity. Here x̂d and wi,d are the from Equation 2:

LKL =
1

m

m∑
d=1

k∑
i=1

wi,d · DKL (p(xd|θ, πi)||x̂d) . (5)
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Figure 2: An example of an occlusion test on 25 images. Left: original; middle: occlusions inpainted
by MADE (k = 1); right: occlusions inpainted by FARM+MADE (k = 8).

3.3 Theoretical Analysis of System

For a truly optimal model ensemble, we should learn all k = m! orderings. This is effectively set
learning, where our ensemble can compute the probability for any single pixel conditioned on any
subset of the other pixels. However, for virtually all practical purposes, m! is far too high to explicitly
learn that many orderings. Instead, we seek a middle ground. We demonstrate that learning only a
handful of orderings is enough to observe tangible improvement in image inpainting tasks.

The FARM+MADE ensemble loss and the KL loss are both aimed at getting the model variants
to converge their distributions, but they do so in two slightly different ways. The FARM+MADE
loss encourages the weighted average of the distributions to approach the target, while the KL loss
encourages the distributions to each approach the weighted average. Theoretically, employing both
could help to improve the quality of sampled output.

3.4 Experiment 1: Image Inpainting

We report the results of testing variants of MADE on image inpainting tasks. There are three
categories of inpainting tasks that are tested: the best case for FARM (i.e. occlusions are in the
upper left), the average case (i.e. occlusions can be anywhere in the image), and the worst case (i.e.
occlusions are in the bottom right). All occlusions are randomly rectangles. Every model is a MADE
with two hidden layers, each with 1000 nodes. In each of the three cases, the models are evaluated on
100 randomly generated occlusions composed with 100 test set images each. We measure both the
L2 reconstruction loss per pixel of sampled output and the negative log-likelihood per pixel of the
distributions provided by the models on the occluded regions only. We also investigated the various
loss functions discussed in the theoretical section. Specifically, we tested FARM+MADE with the
standard MADE loss, the FARM+MADE ensemble loss to train the model variants together, and the
FARM+MADE loss with the KL loss to encourage similar distributions. The results are reported in
Table 1. A visualization of the inpainting results can be seen in Figure 2.

Best Case Average Case Worst Case
L2 ↓ NLL ↓ L2 ↓ NLL ↓ L2 ↓ NLL ↓

MADE (k = 1) baseline 0.0920 0.2611 0.1493 0.3461 0.0832 0.2373
FARM + MADE (k = 2) 0.0657 0.1609 0.1339 0.2849 0.0835 0.2139
FARM + MADE (k = 4) 0.0642 0.1433 0.1325 0.2617 0.0805 0.1843
FARM + MADE (k = 8) 0.0641 0.1390 0.1340 0.2589 0.0810 0.1798

FARM + MADE (k = 2) + FARM loss 0.0684 0.1591 0.1397 0.2958 0.0865 0.2313
FARM + MADE (k = 4) + FARM loss 0.0702 0.1570 0.1466 0.3024 0.0886 0.2153
FARM + MADE (k = 8) + FARM loss 0.0733 0.1854 0.1578 0.3506 0.0963 0.2515

FARM + MADE (k = 2) + FARM loss + KL 0.0682 0.1572 0.1402 0.2930 0.0865 0.2281
FARM + MADE (k = 4) + FARM loss + KL 0.0687 0.1597 0.1456 0.2991 0.0898 0.2107
FARM + MADE (k = 8) + FARM loss + KL 0.0734 0.1761 0.1567 0.3394 0.0966 0.2482

Table 1: Results for image inpainting. Arrows indicate objective.
We see FARM outperforms the baseline in every case.

We see that a family of 8 orderings significantly outperforms a single-ordering MADE. Interestingly,
the addition of the FARM loss and the KL loss make the ensemble slightly worse than the standard
MADE loss, although they still improve upon the baseline single-ordering MADE. We theorize that
this could be linked to the weak expressivity of MADE as a small, two-layer network, because the
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extra losses create a burden to match distributions that can only be optimized by sacrificing the quality
of the output. The same ideas could prove useful for a more complex model, such as PixelCNN++.

3.5 Experiment 2: Faster Sampling

Normally, autoregressive models generate sequentially, meaning in this case each pixel is generated
conditioned on the pixels that were generated prior. However, using multiple orderings and the
conditional independence assumptions that each comes with, we can fill in several pixels during
one step; with eight orderings, for example, eight pixels can be filled in at once. This method can
theoretically lead to sub-linear time generation of a new image, with the optimal orderings used
dependent on the dimensions of the image.

Note that generation with multiple orderings will inevitably reduce performance; indeed, the indepen-
dence assumptions used for generation from each ordering will fail, as inferences are made using
orderings on data that was not present the step before. However, if the hypothesis spaces created from
learning these orderings are sufficiently overlapping (i.e. have low KL divergence), then the quality
of the generated images will not be as bad, since the predictions for each of the orderings will be
roughly similar.

Table 2: Visualizations of image sampling.

Table 2 shows that generation using FARM will significantly decrease sampling time when multiple
orderings, particularly variants on raster scans, are used for sampling. These speed improvements
occur close to the optimal sub-linear amount; however, optimal sub-linearity is not fully achieved.
This is likely due to suboptimal selection of the orderings to generate from, as a truly efficient ordering
would take advantage of the diagonal, which these orderings do not. Nonetheless, these sub-linear
time improvements emphasize the degree to which multiple orderings can improve sampling time
needed.

Likewise, Table 2 also demonstrates the decrease in generated image quality that sampling from
multiple orderings causes - as the number of orderings used to sample from increases, the lower the
Inception Score (using Inception trained on MNIST rather than CIFAR). In particular, there are large
drops between using 1 and 2 orderings and using 4 and 5 orderings. We hypothesize that this occurs
due to an increasing number of “collisions” that occur between the different orderings being sampled
from, as well as the similar structures that occur between different digits in MNIST (e.g. the stem of
a 7 is similar to the stem of a 9).

However, our results show that despite lower sample quality using multiple orderings, we can attain
a sampling time that is not necessarily O(n). Indeed, assuming conditional independence between
pixels that are far away from each other allows us to attain sub-linear sampling times that are close to
the theoretical optimum. Moreover, better performance could be attained by training FARM+MADE
using a KL-style loss function for longer amounts of time, which would bring each ordering’s
hypothesis space closer to one another, or by using more optimal orderings (i.e. that could take
advantage of the diagonal).
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4 FARM + PixelCNN++

We now look at adapting FARM to PixelCNN++, a more recent method which has variants that are
still actively used. We repeat a similar process as with MADE using this model except now on the
CIFAR dataset as PixelCNN related results are reported on this benchmark as opposed to MNIST
due to its greater expressivity.

In our formulation, we train two different versions with the causal masks as in Fig. 3. Due to the long
and expensive training procedure, we were unable to explore more masks.

Figure 3: PixelCNN++ causal masks. The left is the canonical version.

4.1 Weight Sharing

Weight sharing is very important in FARM to provide a computationally inexpensive training proce-
dure. For PixelCNN++, we propose learning a standard convolutional kernel with the exception that
the center value is 0. During train time, for each batch a causal mask is passed as a parameter and
the network is accordingly masked. In this setup, the two trained masks from above would share the
same weights in the top left region.

Unfortunately, as training each variant of PixelCNN++ takes several days on a P100, we were unable
to afford experimenting with this after training the baseline and running an experiment with JSD
loss. Additionally, the implementation for this becomes quite tricky, as PixelCNN and PixelCNN++
actually use two convolutional kernels to effectively simulate the one on the top. This is used to
remove a blind spot in the receptive field as detailed in [2]. The implementation also doesn’t mask
the kernels, but rather does padding and shifting. These changes mean weight sharing demands a
near complete rewrite of the model.

4.2 Jensen-Shannon Divergence

We again attempted to use a Jensen-Shannon Divergence loss in order to push the two causal mask
models together to a similar distribution. As a result, the new loss function was:

LJSD(θ;π1, π2) = LPixelCNN++(θ;π1, π2) + JSD(p(x | θ, π1) ‖ p(x | θ, π2)) (6)

where pθ(x|π1) and pθ(x|π2) are the output distributions from each causal mask on input x. Note
that the latter term is equivalent to the unweighted loss in Equation 5.

In order to measure the impact of this term, we first train two versions with the masks from Fig 3 and
achieve losses of 3.05, 3.05 respectively on the test set. Note that this is slightly higher than what
is reported in the paper for the first mask as we were unable to fully train it to convergence due to
budgetary restrictions. When training with the loss term, we see losses of 3.31 and 3.30 respectively
on the test set using the standard loss without the JSD term. When looking into why we have worse
results, part of it might be because the JSD term dominated too much, and forcing the orderings
together restricted their expressivity. With more resources, we still might get better results if we
massage this parameter.

4.3 Theoretical Analysis of System

The weight sharing scheme described in this section is distinctly different from in FARM + MADE.
While the previous case showed learning all orderings isn’t possible, in this case learning all orderings
is feasible. If we follow the training procedure described, we are essentially learning a standard
convolutional filter with the exception that the center pixel must be 0. The restriction to causal masks
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might serve as a form of regularization which is akin to dropout in a convolutional setting. In fact,
the original MADE paper [1] references how attempting to learn multiple orderings might serve as
a form of regularization. This might also be a particularly useful given that PixelCNN++ [5] uses
regularization and shows without it the model overfits.

Once again, we see that the JSD term we used in the loss function is unweighted, so it is problematic
in cases where one of the masks has a lot of evidence but the other has little, This scenario forces the
“smart” mask to perform worse as the “dumb” mask is unable to give better results given a lack of
evidence. This, in conjunction with poorly tuned parameters, might be the restricting factor in better
results, and is something we would like to explore given more funding. In particular, again we think
weighting the parts of the JSD based on how much evidence they have is a good approach. While we
were able to realize this and rerun experiments for MADE, due to training time and cost limitations,
this was not possible for PixelCNN++.

4.4 Experiment 1: Image Inpainting

We now apply our system to the task of image inpainting. In this setup, we take a batch of 16 images
from the CIFAR dataset and 0 out part of the image. In order to fill this image, we sample using the
standard canonical mask as a baseline, and use FARM as our method where we use the mask with the
most amount of evidence or a weighted mean of both masks when possible. For example, if FARM
decides the canonical mask is better, in the first pixel of every row since the rotated mask can be used,
the distributions of both are combined to sample that pixel.

We split this into two challenges: best case and average case. Best case is when the occlusion is in
the top right, so the canonical mask only has minimal information from the top row of pixels but the
rotated mask has information from the entire side. The average case is a random occlusion in the
middle of the image. Note that in this case, we don’t do a worst case category as then FARM and the
baseline use the canonical mask. As we don’t do weight sharing, we expect the exact same results as
opposed to MADE where weight sharing might mess with the canonical approach. For each case, we
run 15 batches to get a total of 240 images.

Best Case Average Case
Bits/Dim ↓ Inception Score ↑ Bits/Dim ↓ Inception Score ↑

PixelCNN++ 15.53 6.10 11.61 7.21
FARM + PixelCNN++ 14.95 6.62 11.50 7.24

Table 3: Results for image inpainting. Arrows indicate objective. We see FARM outperforms the
baseline in all cases.

The results in Table 3 show FARM clearly outperforms the baseline. While the margin is more
significant in the best case, it still holds true for the average case. Note that we only primarily
care about bits per dimension as log likelihood is tractable, but inception score is provided for
completeness. Note that bits per dimension is simply scaled log likelihood and used to be consistent
with the literature [2] [5].

We also provide a few cherry picked visualizations showing the improvement in Table 4. In general,
we see that the traditional ordering often fails when it is unable to accurately understand the local
texture in the occlusion, which FARM is able to better detect due to more information. This can be
seen in the top two rows and the left image in the bottom row. By contrast, the few cases where the
traditional method beats FARM, which means FARM chooses the sideways ordering even though the
canonical ordering performs better, is generally when the occlusion blocks something which is more
semantic, making the image inpainting challenge harder. This can be seen in the images of the moose
in the bottom right.

4.5 Experiment 2: Faster Sampling

Traditional sampling methods fill in images with autoregressive models by filling in the next available
pixel. However, due to conditional independence assumptions made in the orderings, we can often fill
in more than one pixel. This becomes even more prominent when we have two orderings, where we
can use each ordering to fill in a few pixels at once. In particular, we can perform very fast sampling
by sampling the entire diagonal at once at each step and obtaining O(

√
n) sampling.
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Table 4: Visualizations of image completion.

The proposed sampling procedure using two orderings actually makes a few more additional inde-
pendence assumptions than just those by local connectivity as it limits the receptive field slightly.
However, PixelCNN++ [5] found limiting the receptive field did not have a huge impact on perfor-
mance, so we conclude this assumption is safe to make. It is important to keep in mind the level of this
assumption can be changed to produce a tradeoff between speed and quality. Due to computational
limitations in sampling a sufficient amount of images to evaluate quality, we only take two extremes,
but with more resource one could identify the curve and pick an optimal point based on needs.

Inference Time ↓ Inception Score ↑
PixelCNN++ 192.57 ± .75s 3.95

FARM + PixelCNN++ 28.92 ± .18s 3.79

Table 5: Results for faster inference. Arrows indicate objective. We see clear tradeoffs.

Table 5 shows faster FARM sampling results in a massive performance gain, cutting sampling time for
about 3.5 minutes to half a minute. In addition, while there is a drop in Inception Score as expected
due to limited receptive fields, the drop is surprisingly small.

Table 6: Visualizations of image sampling.

When looking at visualizations, which were randomly selected, we see far worse and inconsistent
texture in the faster generated samples. As such, we hypothesize the Inception Score does not drop a
huge amount because it is already so low and the classifier can barely tell what anything is.
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While the results show this fast sampling is worse, the key finding is that sampling autoregressive
models in images is not strictly O(n). By assuming certain conditional independence, which is
very reasonable given that pixels on opposite sides are likely lowly correlated, we can get sub-linear
sampling, an astounding property that isn’t otherwise generally true or feasible for domains like
text. Due to computational limitations, we were not able to generate a full tradeoff curve, but there
might be a better point that is considerably faster with little degradation. Also, we provide one
sampling strategy is sublinear, but it is easy to see that there are many, and there could be several that
outperform the provided one.

5 Conclusion

In this work, we sought to learn FARM, a Family of AutoRegressive Models, as a means to overcome
limitations in generative autoregressive models: dependence on a fixed ordering and O(n) sampling
times. We first detailed methods of effectively learning FARM and the ways in which it could
improve on existing models’ tractability and ensemble cohesiveness, including weight sharing and
new loss functions. We also provided some theoretical insight into these structures, such as discussing
how MADE weight sharing is akin to set learning but PixelCNN++ weight sharing is more like
regularization. These insights highlighted some of the tradeoffs between train time, coheseviness,
performance, and speed.

We then performed experiments training families of MADE and PixelCNN++ trained on MNIST and
CIFAR-10 respectively, assessing both on image inpainting tasks as well as sampling time and quality
versus the number of orderings. In particular, we demonstrated that using FARM with MADE or
PixelCNN++ gave (1) better results for image inpainting over the standalone model and (2) provided
the first method of sub-linear time sampling for autoregressive models with some performance
tradeoff.

6 Future Work

In this work, we provide an interesting exploration into a relatively untouched area of autoregressive
models. As much of this work is driven by intuition which we seek to verify through experiments,
there are many tests we proposed and ran to better understand how FARM might work. Unfortunately,
one limitation to this work was the level of funding. Along with the base $150 given to the three group
members, we requested an additional $100 and were able to scrounge up another $200 from other
sources. This was quickly exhausted due to the long and expensive training time for PixelCNN++
and the slow time to generate sufficient images for evaluation of sample quality.

With more funding, there are many more experiments we would like to run. The biggest are in
PixelCNN++, which was extremely difficult to play around with due to long training times. We
would like to firstly implement the weight sharing idea, which we think would really improve the
computational feasability of the system. We would also like to try the weighted JSD term along with
some hyperparameter tuning for weighting this term.

When it comes to inpainting, we would like to combine the faster sampling and image inpainting
experiments. We believe this would result in a smaller performance degradation than sampling the
entire image, as in the latter there needs to be much more care in ensuring the various masks are
consistent to each other based on less evidence. Unfortunately, the cost of sampling enough times
was too high to run it for this work.

More broadly, we believe it would be interesting to explore this approach in PixelSNAIL. This variant
requires even more resources to train, but it uses attention to capture more global structure, which
could be helpful in keeping the masks consistent. It could also help FARM outperform the baseline
as increasing the amount of evidence with FARM generally results in more evidence which is far
away, which is more impactful in this variant.

Lastly, we think using FARM with a modified VQ-VAE-2 might be useful for image inpainting that
challenges state of the art methods. This requires some reformulation in getting an encoder that
preserves which region is occluded in the latent space, but seems to be promising.
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