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This Talk

• Autoregressive Models
powerful models, but trouble with marginal inference

• Any-Order Autoregressive Models (AO-ARMs)
can do marginal inference, but have some inefficiencies

• MAC: our proposed improvement of AO-ARMs
address these inefficiencies!
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Autoregressive Models
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Autoregressive Models

joint
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compute likelihood 
at a single point



But sometimes we have partial evidence

Pertsch et al.

Image

Language

Planning
Bayesian Optimization

Neiswanger et al.

Probabilistic Programming

Wu et al.

Difficulty: The evidence subset
is different for each query!

and more…
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Autoregressive Models

marginal

𝑒: subset of variables
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Autoregressive Models

marginal

𝑒: subset of variables
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high-dimensional
integration over 

missing variables



Autoregressive Models

If 𝑒 is a prefix of the orderingmarginal

𝑒: subset of variables
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Autoregressive Models
Forward Ordering

1, 2, 3, 4

1,2 1,2,3

1,2,3,4
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∅
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Any-Order Autoregressive Models
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Any-Order Autoregressive Models
AO-ARMs
for inference on partial evidence
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Current AO-ARMs

A deep and tractable density estimator [Uria et al. 2014]

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
[Devlin et al. 2018]
XLNet: Generalized Autoregressive Pretraining for Language Understanding [Yang 
et al. 2019]

Arbitrary Conditional Distributions with Energy [Strauss et al. 2021]

Autoregressive Diffusion Models [Hoogeboom et al. 2022]
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language

language

continuous

text/image

earliest

http://proceedings.mlr.press/v32/uria14.pdf
https://arxiv.org/abs/1810.04805
https://arxiv.org/pdf/1906.08237.pdf
https://arxiv.org/pdf/2102.04426.pdf
https://arxiv.org/pdf/2110.02037.pdf
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Two Autoregressive Models
Forward Ordering
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Any-Order Autoregressive Model
Forward Ordering
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4, 3, 2, 1
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… every ordering! How do we reduce redundancy 
when using all orders?

Problem
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MAC: Mask-Tuned 
Arbitrary Conditional Model
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MAC: Mask-Tuned 
Arbitrary Conditional Model
our proposal
for improving AO-ARMs
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MAC: an improved version of AO-ARMs

We reduce redundancy,
making learning easier.

SOTA likelihoods among
arbitrary conditional models!
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MAC: an improved version of AO-ARMs

We reduce redundancy,
making learning easier.

SOTA likelihoods among
arbitrary conditional models!

joint marginal

ARDM (3000 epochs) 1.48 1.12

MAC (3000 epochs) 1.40 1.09

Text8 dataset (bpd, lower is better)
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AO-ARM as a Binary Lattice

44
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AO-ARM as a Binary Lattice
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AO-ARM as a Binary Lattice
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Prior Work’s Training Routine

1,3

1,4

1,2

2,4

2,3

3,4

1,2,3

1,2,4

2,3,4

1,3,4

1,2,3,4

1

2

4
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∅

joint

1. sample an order

2, 3, 1, 4

2. then train (maximize log-ll)
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Prior Work’s Inference Routine

1. sample a compatible order

4, 1

2. then evaluate

1,3

1,4

1,2

2,4

2,3

3,4

1,2,3

1,2,4

2,3,4

1,3,4

1,2,3,4
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2

4

3

∅

51



Prior Work’s Inference Routine

1. sample a compatible order

1, 3, 4

2. then evaluate

1,3

1,4

1,2

2,4

2,3

3,4

1,2,3

1,2,4

2,3,4

1,3,4

1,2,3,4

1

2

4

3

∅
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𝑝(𝑥"|𝑥∅)

AO-ARM as a Binary Lattice

All univariate conditionals (edges) 
learned with a single
weight-tied neural network

model

Input 𝒙

Mask 𝑒
𝑝(𝑥&|𝒙')
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AO-ARM as a Binary Lattice

All univariate conditionals (edges) 
learned with a single
weight-tied neural network

model

Input 𝒙

Mask 𝑒
𝑝(𝑥&|𝒙')

capacity limited!
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Improvement 1: Reduce Redundancy
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∅For each node, we only need 
one path from ∅
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Improvement 1: Reduce Redundancy

1,3
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2,3
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1,2,3

1,2,4

2,3,4

1,3,4
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4
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∅For each node, we only need 
one path from ∅

Only need the red edges!
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Improvement 2: Weight by Frequency
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∅At inference time, we evaluate
the red paths to answer queries
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Improvement 2: Weight by Frequency
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2,3,4
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1,2,3,4
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∅Some edges will be 
evaluated more frequently!

Thick edges carry 
‘’more descendants’’
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Input 𝒙

Mask 𝑒
𝑝(𝑥&|𝒙')

capacity limited!
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Mask 𝑒
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MAC

model

Input 𝒙

Mask 𝑒
𝑝(𝑥&|𝒙')

capacity limited!

Reduces redundancy

Trains on ‘’important’’ edges

Helps with limited capacity
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model

Input 𝒙

Mask 𝑒
𝑝(𝑥&|𝒙')

capacity limited!

Reduces redundancy

Trains on ‘’important’’ edges

Helps with limited capacity
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MAC

model

Input 𝒙

Mask 𝑒
𝑝(𝑥&|𝒙')

capacity limited!

Reduces redundancy

Trains on ‘’important’’ edges

Helps with limited capacity
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𝛼#

𝛼$



Ablations
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Ablations
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Ablations
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Ablations
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Text8 character modeling

joint marginal

ARDM (3000 epochs) 1.48 1.12

MAC (3000 epochs) 1.40 1.09

Text8 dataset (bpd, lower is better)

74



Text8 character modeling

joint marginal

OA-Transformer 1.64

D3PM 1.47

ARDM (14000 epochs) 1.43

ARDM (3000 epochs) 1.48 1.12

MAC (3000 epochs) 1.40 1.09

Text8 dataset (bpd, lower is better)

Transformer:  1.35
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Text8 character modeling
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Text8 character modeling
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Text8 character modeling
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ImageNet32

joint marginal

ARDM (16 epochs) 3.60 2.10

MAC (16 epochs) 3.58 2.08

ImageNet32 dataset (bpd, lower is better)

Image Transformer:  3.77

79



ImageNet32
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ImageNet32
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ImageNet32
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CIFAR10

joint marginal

ARDM (1200 epochs) 2.86 1.84

MAC (1200 epochs) 2.81 1.81

CIFAR10 dataset (bpd, lower is better) w/ rotation, flipping
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CIFAR10

joint marginal

D3PM 3.44

ARDM (3000 epochs) 2.69

ARDM (1200 epochs) 2.86 1.84

MAC (1200 epochs) 2.81 1.81

CIFAR10 dataset (bpd, lower is better) w/ rotation, flipping

Sparse Transformer:  2.56
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CIFAR10
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CIFAR10
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CIFAR10
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Continuous Tabular Benchmarks

power gas hepmass miniboone bsds

SPFlow -0.12 4.81 -13.38 -9.85 -8.15

ACFlow 0.42 10.13 -11.58 -10.36 19.60

ACE 0.58 12.20 -10.72 -7.94 20.31

MAC 0.61 13.02 -10.69 -7.76 20.33

Marginal log-likelihood on continuous tabular datasets (higher is better)
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Shared-Autonomy

action dim: 9

FrankaKitchen
Kitchen-mixed0
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Shared-Autonomy

action dim: 9

BC

proxy 
operator

FrankaKitchen
Kitchen-mixed0
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Shared-Autonomy

action dim: 9

BC

proxy 
operator

FrankaKitchen
Kitchen-mixed0
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Shared-Autonomy

BC

assistive
conditional

policy

action dim: 9

BC

proxy 
operator

FrankaKitchen
Kitchen-mixed0
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Shared-Autonomy FrankaKitchen
Kitchen-mixed0

MAC

assistive
conditional

policy

action dim: 9

BC

proxy 
operator
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Shared-Autonomy

MAC

assistive
conditional

policy

action dim: 9

BC

proxy 
operator

FrankaKitchen
Kitchen-mixed0

Reward

BC 1.81 ± 0.08

MAC 2.00 ± 0.05
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Shared-Autonomy

MAC

assistive
conditional

policy

action dim: 9

BC

proxy 
operator

Reward

BC 1.81 ± 0.08

MAC 2.00 ± 0.05

Full autonomy
IBC:  2.15 ± 0.06

FrankaKitchen
Kitchen-mixed0
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Just a few lines

96



Just a few lines
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Takeaways
AO-ARMs are SOTA for arbitrary conditional modeling

But AO-ARMs try to learn too much 
à redundancy à worse performance due to finite capacity

MAC learns just enough to support arbitrary conditionals
à less redundancy à better asymptotic performanc
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https://arxiv.org/abs/2205.13554


