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Imitation Learning
Optimize desired behavior
Learn from demonstrations

(Variational) Inference
Inference in probabilistic models
Phrased as optimization

(General) Imitation Learning vs Behavioral Cloning
(Ignoring regularization for brevity.)

Behavioral Cloning (Supervised Learning):
argmin! E(s,a*)~P*L(a*,"!(s))

argmin! Es~P(s|!)L("*(s),"!(s))

P*

(s,a*)

P0

s "!

Training Loss

Distribution depends on rollout.
P(s|!) = state distribution of "!

Distribution provided exogenously

(General) Imitation Learning:
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Learning to Infer

(a) Variational EM (b) Standard Inference Model (c) Iterative Inference Model

Figure 2. Plate notation for a latent variable model (solid lines) with each inference scheme (dashed lines). ✓ refers to the generative
model (decoder) parameters. r�L denotes the gradients of the ELBO w.r.t. the distribution parameters, �, of the approximate posterior,
q(z|x). Iterative inference models learn to perform approximate inference optimization by using these gradients and a set of inference
model (encoder) parameters, �. See Figure ?? for a similar set of diagrams with unrolled computational graphs.

(approximate) derivative calculations onto the iterative in-
ference model. Again dropping the superscript (i), one
possible set-up is formulated as follows:

µq,t+1 = f
µq

t ("x,t, "z,t,µq,t;�), (10)

�2
q,t+1 = f

�2
q

t ("x,t, "z,t,�
2
q,t;�), (11)

where, in the case of a Gaussian output density, the stochas-
tic error terms are defined as

"x,t ⌘ E✏t [(x�µt,x)/�
2
x], "z,t ⌘ E✏t [(µq,t+�q,t�✏t�µp)/�

2
p].

This encoding scheme resembles the approach taken in
DRAW ((Gregor et al., 2015)), where reconstruction er-
rors, x � µt,x, are iteratively encoded. However, DRAW
and later variants ((Gregor et al., 2016)) do not explicitly
account for latent errors, "z,t, or approximate posterior es-
timates. If possible, these terms must instead be implicitly
handled by the inference model’s hidden states. In Section
5.2, we demonstrate that iterative inference models of this
form do indeed learn to infer. Unlike gradient encoding iter-
ative inference models, these error encoding models do not
require gradients at test time and they empirically perform
well even with few inference iterations.

4.2. Relationship to Conventional Variational
Auto-Encoders

Under a certain set of assumptions, single-iteration itera-
tive inference models of the derivative approximating form
proposed in Section 4.1 are equivalent to standard infer-
ence models, as used in conventional VAEs. Specifically,
assuming:

1. the initial approximate posterior estimate is a global
constant: N (z;µq,0, diag�2

q,0),

2. the prior is a global constant: N (z;µp, diag�2
p),

3. we are in the limit of infinite samples of the initial
auxiliary variable ✏0,

then the initial approximate posterior estimate (µq,0,�2
q,0)

and initial latent error ("z,0) are constants and the initial
observation error ("x,0) is a constant affine transformation
of the observation (x). When the inference model is a neural
network, then encoding x or an affine transformation of x
is equivalent (assuming the inputs are properly normalized).
Therefore, eqs. 10 and 11 simplify to that of a standard
inference model, eq. 4. From this perspective, standard
inference models can be interpreted as single-step optimiza-
tion models that learn to approximate derivatives at a single
latent point. In the following section, we consider the case
in which the second assumption is violated; iterative infer-
ence models naturally handle this case, whereas standard
inference models do not.

4.3. Extension: Inference in Hierarchical Latent
Variable Models

Hierarchical latent variable models contain higher level la-
tent variables that provide empirical priors on lower level
variables; p✓(z) is thus observation-dependent (see Figure
?? in Appendix ??). The approximate posterior gradients
for an intermediate level in a hierarchical latent Gaussian
model (see Appendix ??) take a similar form as eqs. 8
and 9, comprising bottom-up errors from lower variables
and top-down errors from higher variables. Iterative infer-
ence models encode both of these errors, either directly or
through the gradient. However, standard inference models,
which map x and lower latent variables to each level of la-
tent variables, can only approximate bottom-up information.
Lacking top-down prior information, these models must
either use a less expressive prior or output poor approxi-
mate posterior estimates. (Sønderby et al., 2016) identified
this phenomenon, proposing a “top-down inference” tech-
nique. Iterative inference models formalize and extend this
technique.

Probabilistic Imitation Learning

Learning to Infer

←
→



• Find function from input space X to output space Y

such that the prediction error is low **

Microsoft announced today that they 
acquired Apple for the amount equal to the 
gross national product of Switzerland. 
Microsoft officials stated that they first 
wanted to buy Switzerland, but eventually 
were turned off by the mountains and the 
snowy winters…

x

y
1GATACAACCTATCCCCGTATATATATTCTA

TGGGTATAGTATTAAATCAATACAACCTAT
CCCCGTATATATATTCTATGGGTATAGTAT
TAAATCAATACAACCTATCCCCGTATATAT
ATTCTATGGGTATAGTATTAAATCAGATAC
AACCTATCCCCGTATATATATTCTATGGGT
ATAGTATTAAATCACATTTA

x

y
-1

x

y
7.3

Warm Up: Supervised Learning

** error can also be probabilistic (e.g., log likelihood)



Imitation Learning

• Input:
– Sequence of contexts/states: 

• Predict:
– Sequence of actions

• Learn Using:
– Sequences of demonstrated actions

h

s
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Example: Basketball Player Trajectories

• ! = location of players & ball
• " = next location of player

• Goal: learn ℎ(!) → "

Generating Long-term Trajectories Using Deep

Hierarchical Networks

Stephan Zheng

Caltech
stzheng@caltech.edu

Yisong Yue

Caltech
yyue@caltech.edu

Patrick Lucey

STATS
plucey@stats.com

Abstract

We study the problem of modeling spatiotemporal trajectories over long time
horizons using expert demonstrations. For instance, in sports, agents often choose
action sequences with long-term goals in mind, such as achieving a certain strategic
position. Conventional policy learning approaches, such as those based on Markov
decision processes, generally fail at learning cohesive long-term behavior in such
high-dimensional state spaces, and are only effective when fairly myopic decision-
making yields the desired behavior. The key difficulty is that conventional models
are “single-scale” and only learn a single state-action policy. We instead propose a
hierarchical policy class that automatically reasons about both long-term and short-
term goals, which we instantiate as a hierarchical neural network. We showcase our
approach in a case study on learning to imitate demonstrated basketball trajectories,
and show that it generates significantly more realistic trajectories compared to
non-hierarchical baselines as judged by professional sports analysts.

1 Introduction

Figure 1: The player (green)

has two macro-goals: 1)

pass the ball (orange) and

2) move to the basket.

Modeling long-term behavior is a key challenge in many learning prob-
lems that require complex decision-making. Consider a sports player
determining a movement trajectory to achieve a certain strategic position.
The space of such trajectories is prohibitively large, and precludes conven-
tional approaches, such as those based on simple Markovian dynamics.

Many decision problems can be naturally modeled as requiring high-level,
long-term macro-goals, which span time horizons much longer than the
timescale of low-level micro-actions (cf. He et al. [8], Hausknecht and
Stone [7]). A natural example for such macro-micro behavior occurs in
spatiotemporal games, such as basketball where players execute complex
trajectories. The micro-actions of each agent are to move around the
court and, if they have the ball, dribble, pass or shoot the ball. These
micro-actions operate at the centisecond scale, whereas their macro-goals,
such as "maneuver behind these 2 defenders towards the basket", span
multiple seconds. Figure 1 depicts an example from a professional basketball game, where the player
must make a sequence of movements (micro-actions) in order to reach a specific location on the
basketball court (macro-goal).

Intuitively, agents need to trade-off between short-term and long-term behavior: often sequences of
individually reasonable micro-actions do not form a cohesive trajectory towards a macro-goal. For
instance, in Figure 1 the player (green) takes a highly non-linear trajectory towards his macro-goal of
positioning near the basket. As such, conventional approaches are not well suited for these settings,
as they generally use a single (low-level) state-action policy, which is only successful when myopic
or short-term decision-making leads to the desired behavior.

30th Conference on Neural Information Processing Systems (NIPS 2016), Barcelona, Spain.



Example: Learning to Optimize
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• " = next location
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Fig. 7. Comparison of held-out video of the reference speaker compared with AAM reference model rendered predictions. Predicted mouth regions are
rendered onto the original face for visual comparison.
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“I like to speak in movie quotes”
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Fig. 8. Animation is transferred from the shape component of the AAM to CG characters using rig-space retargeting. (a) Reference video of the input speech
(unseen speaker). (b) Visualization of the predicted animation as AAM. (c) The corresponding rig-space retargeted animation on a selection of face rigs.

Long Short-Term Memory Networks. LSTMs are a memory-based
extension of recurrent neural networks, and were recently applied
to learning photorealistic speech animation [Fan et al. 2015], which
demonstrated some modest improvements over basic HMMs using
a small dataset. We follow the basic setup of [Fan et al. 2015], and
trained an LSTM network [Bastien et al. 2012] on the KB-2k dataset.

We use three hidden layers, a fully-connected layer, and two LSTM
layers.We experimented with 100 to 3000 hidden units for each layer,
finding 500 achieves the best performance. Mini-batch size was 10,
and to prevent overfitting we use dropout with 50% probability
[Srivastava et al. 2014].

ACM Transactions on Graphics, Vol. 36, No. 4, Article 93. Publication date: July 2017.
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Latent Variable Models
(Segue to Variational Inference)



Variational Inference
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3Inference = Optimization



Stochastic Variational Inference

E.g., Hoffman et al., 2013



Amortized Variational Inference

E.g., VAEs [Rezende et al., 2014] [Kingma & Welling, 2014]



Background: Risk-Aware Path Planning

Finds a control sequence that minimizes the expected value of

a cost function

While limiting the probability of crashing into obstacles over

the planning horizon (chance constraint)

Demonstration of Risk
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Coordinated Learning

Infer Latent Roles

Hierarchical Behaviors

Generative Behavior 

Learning to Optimize

Learn to Infer

Outline For Today

Probabilistic Imitation Learning
Learning to Infer

←
→



Data-Driven Ghosting using Deep Imitation Learning
Hoang Le, Peter Carr, Yisong Yue, Patrick Lucey.  SSAC 2017

Our Approach



Naïve Baseline



State Representation

Data-Driven Ghosting using Deep Imitation Learning
Hoang Le, Peter Carr, Yisong Yue, Patrick Lucey.  SSAC 2017



But Who Plays Which Role?

• All we get are trajectories!
– Don’t know which belongs to which role.

• Need to solve a permutation problem
– Naïve baseline ignores this!



Coordination Model
Hoang

Le

z z

… …

Mixture of Gaussians HMM 

Coordinated Multi-Agent Imitation Learning
Hoang Le, Yisong Yue, Peter Carr, Patrick Lucey.  ICML 2017

Single-Agent Policies



Learning Algorithm
Hoang

Le

Coordinated Multi-Agent Imitation Learning
Hoang Le, Yisong Yue, Peter Carr, Patrick Lucey.  ICML 2017

Standard Imitation Learning

Stochastic Variational Inference



Learned Roles

LB

LCB

LMF



Coordinated vs Uncoordinated
B 

E 
T 

T 
E 

R

Coordinated Multi-Agent Imitation Learning
Hoang Le, Yisong Yue, Peter Carr, Patrick Lucey.  ICML 2017



Background: Risk-Aware Path Planning

Finds a control sequence that minimizes the expected value of

a cost function

While limiting the probability of crashing into obstacles over

the planning horizon (chance constraint)

Demonstration of Risk

3 / 32
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Strategy vs Tactics

• Long-term Goal:
– Curl around basket

• Tactics
– Drive left w/ ball
– Pass ball
– Cut towards basket

Generating Long-term Trajectories Using Deep

Hierarchical Networks

Stephan Zheng

Caltech
stzheng@caltech.edu

Yisong Yue

Caltech
yyue@caltech.edu

Patrick Lucey

STATS
plucey@stats.com

Abstract

We study the problem of modeling spatiotemporal trajectories over long time
horizons using expert demonstrations. For instance, in sports, agents often choose
action sequences with long-term goals in mind, such as achieving a certain strategic
position. Conventional policy learning approaches, such as those based on Markov
decision processes, generally fail at learning cohesive long-term behavior in such
high-dimensional state spaces, and are only effective when fairly myopic decision-
making yields the desired behavior. The key difficulty is that conventional models
are “single-scale” and only learn a single state-action policy. We instead propose a
hierarchical policy class that automatically reasons about both long-term and short-
term goals, which we instantiate as a hierarchical neural network. We showcase our
approach in a case study on learning to imitate demonstrated basketball trajectories,
and show that it generates significantly more realistic trajectories compared to
non-hierarchical baselines as judged by professional sports analysts.

1 Introduction

Figure 1: The player (green)

has two macro-goals: 1)

pass the ball (orange) and

2) move to the basket.

Modeling long-term behavior is a key challenge in many learning prob-
lems that require complex decision-making. Consider a sports player
determining a movement trajectory to achieve a certain strategic position.
The space of such trajectories is prohibitively large, and precludes conven-
tional approaches, such as those based on simple Markovian dynamics.

Many decision problems can be naturally modeled as requiring high-level,
long-term macro-goals, which span time horizons much longer than the
timescale of low-level micro-actions (cf. He et al. [8], Hausknecht and
Stone [7]). A natural example for such macro-micro behavior occurs in
spatiotemporal games, such as basketball where players execute complex
trajectories. The micro-actions of each agent are to move around the
court and, if they have the ball, dribble, pass or shoot the ball. These
micro-actions operate at the centisecond scale, whereas their macro-goals,
such as "maneuver behind these 2 defenders towards the basket", span
multiple seconds. Figure 1 depicts an example from a professional basketball game, where the player
must make a sequence of movements (micro-actions) in order to reach a specific location on the
basketball court (macro-goal).

Intuitively, agents need to trade-off between short-term and long-term behavior: often sequences of
individually reasonable micro-actions do not form a cohesive trajectory towards a macro-goal. For
instance, in Figure 1 the player (green) takes a highly non-linear trajectory towards his macro-goal of
positioning near the basket. As such, conventional approaches are not well suited for these settings,
as they generally use a single (low-level) state-action policy, which is only successful when myopic
or short-term decision-making leads to the desired behavior.

30th Conference on Neural Information Processing Systems (NIPS 2016), Barcelona, Spain.

Stephan
Zheng

Eric
Zhan



Generative + Hierarchical 
Imitation Learning

• Generative Imitation Learning
– No single “correct” action

• Hierarchical
– Predictions at multiple resolutions

MAGnet: Generating Long-Term Multi-agent Trajectories
Eric Zhan, Stephan Zheng, Yisong Yue

Caltech

Problem

How can we learn models to generate multi-agent trajectories over long time

horizons that also generalize well?

• Individual behavior is complex and multi-modal.

• Team coordination is coherent over long time horizons.

• Space of joint trajectories is exponentially large.

Our Solution

• We propose MAGnet, a flexible model class with a hierarchal latent structure

that can jointly represent long-term (macro) and short-term (micro) temporal

dependencies.

• MAGnet finds compact and e�cient representations of coordination that are

also semantically meaningful and allow agents to behave sensibly over long

time frames.

• We instantiate MAGnet with variational RNNs (VRNN) and train it using

variational methods and weak labels for long-term goals.

MAGnet: Multi-Agent Goal-driven Network

Goal: to learn p(x
1

ÆT , . . . , x
N
ÆT ), the joint distribution of N agents, where each agent

travels along a trajectory of length T : x
i
ÆT = (x

i
1
, . . . , x

i
T ).

• e.g. N = 5 basketball players on o�ense moving for T = 50 frames.

We factorize the joint distribution as:

p(xÆT ) =

TY

t=1

p(xt | x<t) =

TY

t=1

NY

i=1

p(x
i
t | x<t), (1)

and model the conditional probabilities using stochastic recurrent units (VRNN) and

introduce macro-goal latent variables mt:

p(x
i
t | x<t) = gi(h

i
t, z

i
t, mt) and h

i
t+1

= fi(x
i
t, h

i
t, z

i
t), (2)

where macro-goals are determined by:

p(mt | m<t) = gm(h
m
t , z

m
t , xt≠1) and h

m
t+1

= fm(mt, h
m
t , z

m
t ), (3)

and we maximize the variational lower bound for macro-goals (eq.(4)) and the data:

Eq(zm
ÆT |mÆT )

2

4
TX

t=1

≠KL
�
q(z

m
t | mÆt, z

m
<t)Îp(z

m
t | m<t, z

m
<t)

�
+ log p(mt | z

m
Æt, m<t)

3

5(4)

VRNN MAGnet

VRNN

VRNN

agents

During training we use weak labels m̂t = (m̂
1

t , . . . , m̂
N
t ), where m̂

i
t is the next location

in which player i is stationary. We can think of these macro-goals as capturing the

long-term intents of players.

Conclusions

• Multi-agents trajectories generated from MAGnet are much more realistic and

avoid common problems exhibited by state-of-the-art non-hierarchal models.

• MAGnet captures the distribution of the data and its generated macro-goals

are semantically meaningful and lead to more direct individual behavior as well

as long-term coordinated intent.

Basketball Rollouts: MAGnet vs. Baseline

50-frame rollouts starting from the black dots, with 10 frames of burn-in (dark shading).

More rollouts and videos at https://ezhan94.github.io/ .

Ground Truth Ground Truth

MAGnet MAGnet

Baseline VRNN Baseline VRNN

• Baseline: Players move in the wrong direction, out of bounds, and not cohesively.

• MAGnet: Generated macro-goals guide players to stay in bounds and they reveal

team formations that the players want to execute.

• Left: The green player takes di�erent paths towards the same macro-goals in 15

rollouts, which suggests that MAGnet captures the distribution of the data.

• Right: Macro-goals are manually fixed to guide the green player towards the

basket and then to the bottom-left corner.

Ongoing and Future Work

• Exploring more probabilistic structures, such as flexible priors and backwards

recognition networks during inference.

• Learning MAGnet without full supervision of weak macro-goal labels.

Generating Long-term Trajectories using Deep Hierarchical Networks
Stephan Zheng, Yisong Yue, Patrick Lucey.  NIPS 2016
Generative Multi-Agent Behavioral Cloning
Eric Zhan, Stephan Zheng, Yisong Yue, Long Sha, Patrick Lucey. (under review)

Macro-goals

(a) VRNN (b) Our model
Figure 3: Depicting VRNN and our model.
Circles are stochastic and diamonds are de-
terministic. macro-intent gt is shared across
agents. In principle, any generative model
can be used in our framework.

Hierarchical learning. We can jointly learn our
agent and macro-intent policies by maximizing the
VRNN objective from Eq (6) conditioned on the
shared gt variables. However, we found in prac-
tice that this does not lead to the model learning
meaningful macro-intents. Instead, we train the agent
and macro-intent policies independently, where the
macro-intent policy is learned via supervised learn-
ing by maximizing the log-likelihood of macro-intent
labels.

One can collect macro-intent labels for training in a
variety of ways. While having expert labels is ideal,
we show that it is straightforward to generate weak
labels using simple heuristics. This allows us to in-
corporate domain knowledge into the model. For in-
stance, setting macro-intents to be areas on the court
in basketball incorporates the idea that players aim to
set up specific formations. Similar techniques have
been employed in other weak supervision settings,
e.g., Ratner et al. [2016, 2018].

5 Experiments

We first apply our approach on generating offensive team basketball gameplay (team with possession
of the ball), and then on a synthetic Boids model dataset. We present both quantitative and qualitative
experimental results. Our quantitative results include a user study comparison with professional sports
analysts, who significantly preferred basketball rollouts generated from our approach to standard
baselines. Examples from the user study and videos of rollouts are in the supplementary material.
Our qualitative results demonstrate the ability of our approach to generate high-quality rollouts under
various conditions. An interactive demo is available at http://basketball-ai.com/.

5.1 Experimental Setup for Basketball

Training data. Each demonstration in our data contains trajectories of K = 5 players on the left
half-court, recorded for T = 50 timesteps at 6 Hz. The offensive team has possession of the ball
for the entire sequence. xkt are the coordinates of player k at time t on the court (50⇥ 94 feet). We
normalize and mean-shift the data. Players are ordered based on their relative positions, similar to the
role assignment in Lucey et al. [2013]. Overall, there are 107,146 training and 13,845 test examples.

For simplicity, we ignore the defensive players to focus on capturing the coordination of the offensive
team. In addition, the defense is usually reactionary whereas the offense takes the initiative and tends
to have more multimodal behavior. In principle, we can provide the defensive positions as conditional
input for our model and update the defensive positions using methods such as Le et al. [2017]. We
also ignore the ball since the ball dynamics are difficult to learn (e.g. oscillations indicate dribbling
while straight lines indicate passing). We leave the task of modeling the ball for future work.

Weak macro-intent labels. We extract weak macro-intent labels ĝk
t for each player k as done in

Zheng et al. [2016]. We segment the left half-court into a 10 ⇥ 9 grid of 5ft ⇥5ft cells. The weak
macro-intent ĝkt at time t is a 1-hot encoding of dimension 90 of the next cell in which player k is
stationary (speed kxk

t+1 � xkt k2 below a threshold). The shared macro-intent gt is the concatenation
of individual macro-intents. Macro-intents change slowly over time relative to player positions (see
Figure 2). Figure 4 shows the distribution of extracted weak macro-intent labels for each player.

Model details. We model each latent variable zkt as a multivariate Gaussian with diagonal covari-
ance of dimension 16. All policies are implemented with memory-less 2-layer fully-connected neural
networks with a hidden layer of size 200. Our agent-policies sample from a multivariate Gaussian
with diagonal covariance while our macro-intent policies sample from a multinomial distribution over
the macro-intents. All hidden states (hg,t, h1

t , . . . hK
t ) are modeled with 200 2-layer GRU memory

5

VRNN 
[Chung et al., 2015]



(a) Left: Ground truth trajectories from test set with
weak macro-goal labels (boxes). Players reach their
macro-goals along non-linear paths (green, purple).
Right: Baseline rollout of representative quality. Com-
mon problems include players moving in the wrong
direction (red) or out of bounds (purple, yellow, green).
Players do not move cohesively as a team.

(b) Left: Rollout from MAGnet with the same burn-in
as in (a). All players remain in bounds. The green
player corrects its trajectory, whereas in (a) it goes off
in the wrong direction. Right: Rollout from the left
shown with its generated macro-goals. The locations
of the macro-goals suggest that the players want to set
up a formation along the 3-point line.

(c) More rollouts from MAGnet. Left: Macro-goal
generation is stable and changes only a few times per
rollout. Players often reach their macro-goals at some
point in their trajectories. Right: Rare failure case:
the green player moves out of bounds despite macro-
goals generated in bounds. This is likely due to an
under-representation of starting states in the data.

(d) Blue trajectories are ground truth. Left: The green
player takes different paths towards the same macro-
goals in 15 rollouts, suggesting that MAGnet captures
the variability of the data. Right: Macro-goals are
manually fixed to guide the green player towards the
basket and then the bottom-left, demonstrating that
macro-goals cab control state predictions in rollouts.

Figure 2: 50-frame rollouts starting from the black dots. A 10-frame burn-in period is applied for all
rollouts (unless otherwise stated as ground truth), marked by dark shading on the trajectories.

Details of Models. We combine MAGnet with VRRNs by modeling the conditional distributions
of the agents and macro-goals in Eq. (5) as separate VRNNs. The baseline is a VRNN whose decoder
splits into 5 separate decoders, one for each player, conditioned on the same latent variable zt. We use
memory-less 2-layer fully-connected networks for priors, encoders, and decoders, and 2-layer GRU
memory cells for hidden states. Both models have a latent space dimension of 80 (40 for macro-goals
and 8 per agent in MAGnet), and are also conditioned on the previous positions of the players. We
use a learning rate of 0.0005 and compare models that achieve the best log-likelihood on the test set.

Results. Both models achieve comparable quantitative performance (log-likelihood ⇠ 2350 nats
per test sequence), but rollouts from MAGnet are of significantly higher quality3, shown and analyzed
in Figure 2.4 For instance, trajectories generated by MAGnet are much more realistic and cohesive as
a team, whereas frequent problems exhibited by the baseline involve players moving in the wrong
direction or out of bounds. Furthermore, we observe that: 1) macro-goals allow us to interpret each
player’s long-term goals and how they change over time (Figures 2b, 2c); 2) macro-goals influence a
player’s trajectory (Figure 2d); and 3) MAGnet captures the variability of the data (Figure 2d).

Future work. Our results suggest several directions for further investigation: 1) developing a
better theoretical understanding of the optimal hierarchical latent structure; 2) learning MAGnet
without weak macro-goal supervision; 3) validating MAGnet on other modalities and domains; and
4) exploring more probabilistic structures such that the model generalizes better with more agents
(e.g. with the ball and defensive players), deeper hierarchies, and over longer time horizons.

3Higher log-likelihoods do not necessarily indicate higher quality of generated samples [Theis et al., 2015].
4More rollouts can be viewed at https://ezhan94.github.io.
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Future work. Our results suggest several directions for further investigation: 1) developing a
better theoretical understanding of the optimal hierarchical latent structure; 2) learning MAGnet
without weak macro-goal supervision; 3) validating MAGnet on other modalities and domains; and
4) exploring more probabilistic structures such that the model generalizes better with more agents
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http://basketball-ai.com/

http://basketball-ai.com/


User Study 
(14 Professional Sports Analysts, 25 scenarios)

Joint VRNN

Ties

Losses

Independent VRNNs

Wins 
Every

Comparison

Figure 4: Distribution of weak macro-intent labels extracted for each player from the training data.
Color intensity corresponds to frequency of macro-intent label. Players are ordered by their relative
positions on the court, which can be seen from the macro-intents.

MODEL BASKETBALL BOIDS
RNN-GAUSS 1931 2414
VRNN-SINGLE � 2302 � 2417
VRNN-INDEP � 2360 � 2385
OURS � 2362 � 2428

Table 1: Average log-likelihoods per test se-
quence. ”�” indicates ELBO of log-likelihood.
Our hierarchical model achieves higher log-
likelihoods than baselines for both datasets.

VS. MODEL WIN/TIE/LOSS AVG GAIN
VS. VRNN-SINGLE 25/0/0 0.57
VS. VRNN-INDEP 15/4/6 0.23

Table 2: Basketball preference study results.
Win/Tie/Loss indicates how often our model is
preferred over baselines (25 comparisons per
baseline). Gain is computed by scoring +1 when
our model is preferred and -1 otherwise. Results
are 98% significant using a one-sample t-test.

cells each. We maximize the log-likelihood/ELBO with stochastic gradient descent using the Adam
optimizer Kingma and Ba [2014] and a learning rate of 0.0001.

Baselines. We compare our approach with 3 baselines that do not use a hierarchy of macro-intents:

1. RNN-gauss: RNN without latent variables using 900 2-layer GRU cells for the hidden state.
2. VRNN-single: VRNN in which we concatenate all player positions together (K = 1) with

900 2-layer GRU cells for the hidden state and a 80-dimensional latent variable.
3. VRNN-indep: VRNN for each agent with 250 2-layer GRU cells for the hidden states and

16-dimensional latent variables. We also provide the previous positions of all players as
conditional input for each policy, so Eq. (5) becomes pk✓(xkt |x<t) = 'k(zkt , hk

t�1, xt�1).

5.2 Quantitative Evaluation for Basketball

Log-likelihood. Table 1 reports the average log-likelihoods on the test data. Our approach out-
performs RNN-gauss and VRNN-single and is comparable with VRNN-indep. However, higher
log-likelihoods do not necessarily indicate higher quality of generated samples Theis et al. [2015]. As
such, we also conduct a human preference study to assess the relative quality of generated rollouts.

Human preference study. We recruited 14 professional sports analysts as judges to compare the
quality of rollouts. Each comparison animates two rollouts, one from our model and another from a
baseline. Both rollouts are burned-in for 10 timesteps with the same ground-truth states from the test
set, and then generated for the next 40 timesteps. Judges decide which of the two rollouts looks more
realistic. Example comparisons are in the supplementary material.

Table 2 shows the results from the preference study. We tested our model against two baselines,
VRNN-single and VRNN-indep, with 25 comparisons for each. All judges preferred our model over
the baselines with 98% statistical significance. These results suggest that our model generates rollouts
of significantly higher quality than the baselines.

5.3 Qualitative Evaluation of Generated Rollouts for Basketball

We next conduct a qualitative visual inspection of rollouts. Figure 5 shows rollouts generated from
VRNN-single, VRNN-indep, and our model by sampling states for 40 timesteps after an initial burn-in
period of 10 timesteps with ground-truth states from the test set. An interactive demo to generate
more rollouts from our hierarchical model can be found at: http://basketball-ai.com/.
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Heatmap of Macro-Goals per Role:
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Activity Labels

Learning recurrent representations for hierarchical behavior modeling
Eyrun Eyolfsdottir, Kristin Branson, Yisong Yue, Pietro Perona, ICLR 2017



Background: Risk-Aware Path Planning

Finds a control sequence that minimizes the expected value of

a cost function

While limiting the probability of crashing into obstacles over

the planning horizon (chance constraint)

Demonstration of Risk

3 / 32
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Coordinated Learning

Infer Latent Roles

Hierarchical Behaviors

Generative Behavior 

Learning to Optimize

Learn to Infer

Outline For Today

Probabilistic Imitation Learning
Learning to Infer

←
→



Optimization as Sequential Decision Making

• Many solvers are sequential:
– Greedy
– Search heuristics
– Gradient Descent

• Can view as solver as “agent”
– State = intermediate solution
– Find a state with high reward (solution)



Contextual Submodular Maximization
• Training set: (", $%)
• Greedily maximize $% using only "
• Learning Policies for Contextual Submodular Prediction [ICML 2013]

Learning to Search
• Training set: "=MILP, ,=solution/search−trace
• Find , (or better solution)
• Learning to Search via Retrospective Imitation [under review]

Learning to Infer
• Training set: "=data/model, ==likelihood
• Iteratively optimize L (generalizes VAEs)
• Iterative Amortized Inference [ICML 2018]

Stephane Ross

Jialin Song

Joe Marino

Optimization as Sequential Decision Making



Contextual Submodular Maximization
• Training set: (", $%)
• Greedily maximize $% using only "
• Learning Policies for Contextual Submodular Prediction [ICML 2013]

Learning to Search
• Training set: "=MILP, ,=solution/search−trace
• Find , (or better solution)
• Learning to Search via Retrospective Imitation [under review]

Learning to Infer
• Training set: "=data/model, ==likelihood
• Iteratively optimize L (generalizes VAEs)
• Iterative Amortized Inference [ICML 2018]
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Joe Marino

Optimization as Sequential Decision Making



Variational Inference
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Figure 7. ELBO for standard and iterative inference models on
MNIST for (a) additional inference iterations during training and
(b) additional samples. Iterative inference models improve signifi-
cantly with both quantities. Lines do not imply interpolation.

Additional approximate posterior samples provide more pre-
cise gradient and error estimates, potentially allowing an
iterative inference model to output improved updates. To
verify this, we trained standard and iterative inference mod-
els on MNIST using 1, 5, 10, and 20 approximate posterior
samples. Iterative inference models were trained by encod-
ing the data (x) and approximate posterior gradients (r�L)
for 5 iterations. Results are shown in Figure 7b. Iterative in-
ference models improve by more than 1 nat with additional
samples, further widening the improvement over similar
standard inference models.

5.3. Comparison with Standard Inference Models

We now provide a quantitative performance comparison be-
tween standard and iterative inference models on MNIST,
CIFAR-10, and RCV1. Inference model architectures are
identical across each comparison, with the exception of in-
put parameters. Details are found in Appendix C.7. Table
1 contains estimated marginal log-likelihood performance
on MNIST and CIFAR-10. Table 2 contains estimated per-
plexity on RCV12. In each case, iterative inference models
outperform standard inference models. This holds for both

2Perplexity re-weights log-likelihood by document length.

Table 1. Negative log likelihood on MNIST (in nats) and CIFAR-
10 (in bits/input dim.) for standard and iterative inference models.

� log p(x)

MNIST
Single-Level

Standard 84.14± 0.02
Iterative 83.84± 0.05

Hierarchical
Standard 82.63± 0.01
Iterative 82.457± 0.001

CIFAR-10
Single-Level

Standard 5.823± 0.001
Iterative 5.64± 0.03

Hierarchical
Standard 5.565± 0.002
Iterative 5.456± 0.005

Table 2. Perplexity on RCV1 for standard and iterative inference
models.

Perplexity 
RCV1

Krishnan et al. (2018) 331
Standard 323± 3 377.4± 0.5
Iterative 285.0± 0.1 314± 1

single-level and hierarchical models. We observe larger
improvements on the high-dimensional RCV1 data set, con-
sistent with (Krishnan et al., 2018). Because the generative
model architectures are kept fixed, performance improve-
ments demonstrate improvements in inference optimization.

6. Conclusion
We have proposed iterative inference models, which learn to
refine inference estimates by encoding approximate poste-
rior gradients or errors. These models generalize and extend
standard inference models, and by naturally accounting for
priors during inference, these models provide insight and
justification for top-down inference. Through empirical
evaluations, we have demonstrated that iterative inference
models learn to perform variational inference optimization,
with advantages over current inference techniques shown
on several benchmark data sets. However, this comes with
the limitation of requiring additional computation over sim-
ilar standard inference models. While we discussed the
relevance of iterative inference models to hierarchical la-
tent variable models, sequential latent variable models also
contain empirical priors. In future work, we hope to ap-
ply iterative inference models to the online filtering setting,
where fewer inference iterations, and thus less additional
computation, may be required at each time step.
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Background: Risk-Aware Path Planning

Finds a control sequence that minimizes the expected value of

a cost function

While limiting the probability of crashing into obstacles over

the planning horizon (chance constraint)

Demonstration of Risk
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