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Reinforcement Learning (RL)

Goal: maximize   
𝔼 ∑ 𝛾$𝑅$&'(

$)*
0 ≤ 𝛾 ≤ 1		fixed, known

𝜃 ∈ Θ	 unknown

𝑋$&' = 𝑓5 𝑋$, 𝐴$,𝑊$
𝑌$&' = 𝑔5 𝑋$, 𝐴$,𝑊$
𝑅$&' = 𝑟5(𝑋$, 𝐴$,𝑊$)

𝑌$&', 𝑅$&'

𝐴$
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Reinforcement learning is a learning paradigm concerned with learning to control a system so 
as to maximize a numerical performance measure that expresses a long-term objective. What 
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given to the learner about the learner’s predictions. Further, the predictions may have long 
term effects through influencing the future state of the controlled system. Thus, time plays a 
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Motto in machine learning & RL:

minimal modeling

maximum computation



Recent successes

● Atari

● AlphaGo/Alpha Zero

● Frontiers
○ OpenAI Five: Dota-2 agents

■ Capture the flag (Deepmind)
○ Google Brain & X: 

vision-based grasping

cosm of the larger robotic manipulation problem, providing a challenging and practically applicable
model problem for experimenting with generalization and diverse object interaction.

Much of the existing work on robotic grasping decomposes the task into a sensing, planning, and
acting stage: the robot first perceives the scene and identifies suitable grasp locations, then plans a
path to those locations [5, 6, 7, 8]. This stands in contrast to the kinds of grasping behaviors observed
in humans and animals, where the grasp is a dynamical process that tightly interleaves sensing and
control at every stage [9, 10]. This kind of dynamic closed-loop grasping is likely to be much more
robust to unpredictable object physics, limited sensory information (e.g., monocular camera inputs
instead of depth), and imprecise actuation. A closed-loop grasping system trained for long-horizon
success can also perform intelligent pre-grasping manipulations, such as pushing or repositioning
objects for an easier grasp. However, a major challenge with closed-loop grasp control is that the
sensorimotor loop must be closed on the visual modality, which is very difficult to utilize effectively
with standard optimal control methods in novel settings.

Figure 2: Close-up of a robot cell in our setup (left) and
about 1000 visually and physically diverse training ob-
jects (right). Each cell (left) consists of a KUKA LBR
IIWA arm with a two-finger gripper and an over-the-
shoulder RGB camera.

We study how off-policy deep reinforcement
learning can acquire closed-loop dynamic vi-
sual grasping strategies, using entirely self-
supervised data collection, so as to generalize
to previously unseen objects at test time. The
value of low-level end-effector movements is
predicted directly from raw camera observa-
tions, and the entire system is trained using
grasp attempts in the real world. While the prin-
ciples of deep reinforcement learning have been
known for decades [11, 12], operationalizing
them in a practical robotic learning algorithm
that can generalize to new objects requires a
stable and scalable algorithm and large datasets,
as well as careful system design.

The implementation in our experiments makes
very simple assumptions: observations come
from a monocular RGB camera located over
the shoulder (see Fig. 2), and actions consist
of end-effector Cartesian motion and gripper
opening and closing commands. The reinforce-
ment learning algorithm receives a binary re-

ward for lifting an object successfully, and no other reward shaping. This general set of assumptions
makes the method feasible to deploy at large scale, allowing us to collect 580k grasp attempts on 7
real robotic systems. Unlike most reinforcement learning tasks in the literature [13, 14], the primary
challenge in this task is not just to maximize reward, but to generalize effectively to previously un-
seen objects. This requires a very diverse set of objects during training. To make maximal use of
this diverse dataset, we propose an off-policy training method based on a continuous-action gener-
alization of Q-learning, which we call QT-Opt (Q-function Targets via Optimization). Unlike other
continuous action Q-learning methods [15, 16], which are often unstable due to actor-critic insta-
bility [17, 18], QT-Opt dispenses with the need to train an explicit actor, instead using stochastic
optimization over the critic to select actions and target values. We show that even fully off-policy
training can outperform strong baselines based on prior work, while a moderate amount of on-policy
finetuning can improve performance to a success rate of 96% on challenging, previously unseen ob-
jects.

Our experimental evaluation demonstrates the effectiveness of this approach both quantitatively and
qualitatively. We show that our method attains a high success rate across a range of objects not
seen during training, and our qualitative experiments show that this high success rate is due to the
system adopting a variety of strategies that would be infeasible without closed-loop vision-based
control: the learned policies exhibit corrective behaviors, regrasping, probing motions to ascertain
the best grasp, non-prehensile repositioning of objects, and other features that are feasible only when
grasping is formulated as a dynamic, closed-loop process.
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Look ma! No preprocessing!
● 𝑌$: last 4 frames, so 𝑋$ = 𝑌$
● 𝐴$: joystick + button
● 𝑅$: sign of score change
● Episodes: Life loss/minutes

𝑋$&' = 𝑓5 𝑋$, 𝐴$,𝑊$
𝑌$&' = 𝑔5 𝑋$, 𝐴$,𝑊$
𝑅$&' = 𝑟5(𝑋$, 𝐴$,𝑊$)

𝑌$&', 𝑅$&'

𝐴$

Single RL algorithm learning to play 49 
Atari games @ human level or beyond
● RL + Vision can be made to work using 

deep convnets
● Minimal prior, large compute is powerful

https://deepmind.com/research/dqn/

V. Mnih et al.,
2015
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Rainbow DQN – 31 / 42 9 / 42 10 / 42 7 / 42 41 / 42 32 / 42 24 / 42
DQfD 11 / 42 – 7 / 42 11 / 42 2 / 42 40 / 42 25 / 42 13 / 42

Ape-X DQN 34 / 42 35 / 42 – 28 / 42 15 / 42 40 / 42 31 / 42 31 / 42

Ape-X DQfD 32 / 42 39 / 42 15 / 42 – 9 / 42 40 / 42 39 / 42 32 / 42
Ape-X DQfD (deeper) 36 / 42 40 / 42 28 / 42 33 / 42 – 42 / 42 40 / 42 34 / 42

Table 1: The table shows on which fraction of the tested games one approach performs at least as
well as the other. The scores used for the comparison are using the no-op starts regime. As described
in Sec. 4.1, we compare the agents’ scores to the scores obtained by an average human player and an
expert player. Ape-X DQfD (deeper) out-performs the average human on 40 of 42 games.

No-op starts Human starts
Mean Median Mean Median

Algorithm 42 Games 57 Games 42 Games 57 Games 42 Games 57 Games 42 Games 57 Games

Rainbow DQN 1022% 874% 231% 231% 897% 776% 159% 153%
DQfD 364% – 113% – – – – –

Ape-X DQN 1770% 1695% 421% 434% 1651% 1591% 354% 358%

Ape-X DQfD 1536% – 339% – 1461% – 302% –
Ape-X DQfD (deeper) 2346% – 702% – 2028% – 547% –

Table 2: The table shows the human-normalized performance of our algorithm and the baselines.
For each game, we normalize the score as alg. score�random score

avg. human score�random score ⇥ 100 and then aggregate over
all games (mean or median). Because we only have demonstrations on 42 out of the 57 games, we
report the performances on 42 games and also 57 games for baselines not using demonstrations.

4.1 Benchmark results

We compare our approach to Ape-X DQN [8], on which our actor-learner architecture is based,
DQfD [7], which introduced the expert replay buffer and the imitation loss, and Rainbow DQN [6],
which combines all major DQN extensions from the literature into a single algorithm. Note that the
scores reported in [8] were obtained by running 360 actors. Due to resource constraints, we limit
the number of actors to 128 for all Ape-X DQfD experiments. Besides comparing our performance
to other RL agents, we are also interested in comparing our scores to a human player. Because our
demonstrations were gathered from an expert player, the expert scores are mostly better than the level
of human performance reported in the literature [13, 22]. Hence, we treat the historical human scores
as the performance of an average human and the scores of our expert as expert performance.

We first analyse the performance of the standard dueling DQN architecture [22] that is also used by
the baselines. We report the scores as Ape-X DQfD in Tables 1 and 2. We designed the algorithm
to achieve higher consistency over a broad range of games and the scores shown in Table 1 reflect
that goal. Whereas previous approaches outperformed an average human on at most 32 out of 42
games, Ape-X DQfD with the standard dueling architecture achieves a new state-of-the-art result
of 39 out of 42 games. This means we significantly improve the performance on the tails of the
distribution of scores over the games. When looking at this performance in the context of the median
human-normalized scores reported in Table 2, we see that we significantly increase the set of games
where we learn good policies at the expense of achieving lower peak scores on some games.

One of the significant changes in our experimental setup is moving from a discount factor of � = 0.99

to � = 0.999. Jiang et al. [10] argue that this increases the complexity of the learning problem and,
thus, requires a bigger hypothesis space. Hence, in addition to the standard architecture, we also
evaluated a slightly wider (i.e., double the number of convolutional kernels) and deeper (one extra
fully connected layer) network architecture (see Fig. 8). With the deeper architecture, our algorithm
outperforms an average human on 40 out of 42 games. Furthermore, it is the first deep RL algorithm
to learn non-trivial policies on all games including sparse reward games such as MONTEZUMA’S
REVENGE, PRIVATE EYE, and PITFALL!. For example, we achieve 3997 points in PITFALL!, which
is below the 6464 points of an average human but far above any baseline. Finally, with a median
human-normalized score of 702% and exceeding every baseline on at least 2

3 of the games, we
demonstrate strong peak performance and consistency over the entire benchmark.

6

Ape-X DQfD
with expert data

https://arxiv.org/abs/1805.11593

Observe and Look Further:
Achieving Consistent Performance on Atari

Tobias Pohlen1, Bilal Piot1, Todd Hester1, Mohammad Gheshlaghi Azar1, Dan Horgan1,
David Budden1, Gabriel Barth-Maron1, Hado van Hasselt1, John Quan1, Mel Večerík1,

Matteo Hessel1, Rémi Munos1, and Olivier Pietquin2

1DeepMind, {pohlen, piot, toddhester, mazar, horgan, budden, gabirelbm, hado,

johnquan, vec, mtthss, munos}@google.com

2Google Brain, pietquin@google.com

Abstract

Despite significant advances in the field of deep Reinforcement Learning (RL),
today’s algorithms still fail to learn human-level policies consistently over a set of
diverse tasks such as Atari 2600 games. We identify three key challenges that any
algorithm needs to master in order to perform well on all games: processing diverse
reward distributions, reasoning over long time horizons, and exploring efficiently.
In this paper, we propose an algorithm that addresses each of these challenges and
is able to learn human-level policies on nearly all Atari games. A new transformed
Bellman operator allows our algorithm to process rewards of varying densities
and scales; an auxiliary temporal consistency loss allows us to train stably using a
discount factor of � = 0.999 (instead of � = 0.99) extending the effective planning
horizon by an order of magnitude; and we ease the exploration problem by using
human demonstrations that guide the agent towards rewarding states. When tested
on a set of 42 Atari games, our algorithm exceeds the performance of an average
human on 40 games using a common set of hyper parameters. Furthermore, it is
the first deep RL algorithm to solve the first level of MONTEZUMA’S REVENGE.

1 Introduction

In recent years, significant advances in the field of deep Reinforcement Learning (RL) have led to
artificial agents that are able to reach human-level control on a wide array of tasks such as some Atari
2600 games [2]. In many of the Atari games, these agents learn control policies that far exceed the
capabilities of an average human player [5, 6, 8]. However, learning human-level policies consistently
across the entire set of games remains an open problem.

We argue that an algorithm needs to overcome three key challenges in order to perform well on
all Atari games. The first challenge is processing diverse reward distributions. An algorithm must
learn stably regardless of reward density and scale. Mnih et al. [13] showed that clipping rewards
to the canonical interval [�1, 1] is one way to achieve stability. However, this clipping operation
may change the set of optimal policies. For example, the agent no longer differentiates between
striking a single pin or all ten pins in BOWLING. Hence, optimizing the unaltered reward signal in a
stable manner is crucial to achieving consistent performance across games. The second challenge
is reasoning over long time horizons, which means the algorithm should be able to choose actions
in anticipation of rewards that might be far away. For example, in MONTEZUMA’S REVENGE,
individual rewards might be separated by several hundred time steps. In the standard �-discounted
RL setting, this means the algorithm should be able to handle discount factors close to 1. The third
and final challenge is efficient exploration of the MDP. An algorithm that explores efficiently is able
to discover long trajectories with a high cumulative reward in a reasonable amount of time even if

Preprint. Work in progress.
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https://arxiv.org/pdf/1710.02298.pdf

Rainbow: Combining Improvements in Deep Reinforcement Learning

Matteo Hessel
DeepMind

Joseph Modayil
DeepMind

Hado van Hasselt
DeepMind

Tom Schaul
DeepMind

Georg Ostrovski
DeepMind

Will Dabney
DeepMind

Dan Horgan
DeepMind

Bilal Piot
DeepMind

Mohammad Azar
DeepMind

David Silver
DeepMind

Abstract

The deep reinforcement learning community has made sev-
eral independent improvements to the DQN algorithm. How-
ever, it is unclear which of these extensions are complemen-
tary and can be fruitfully combined. This paper examines
six extensions to the DQN algorithm and empirically studies
their combination. Our experiments show that the combina-
tion provides state-of-the-art performance on the Atari 2600
benchmark, both in terms of data efficiency and final perfor-
mance. We also provide results from a detailed ablation study
that shows the contribution of each component to overall per-
formance.

Introduction
The many recent successes in scaling reinforcement learn-
ing (RL) to complex sequential decision-making problems
were kick-started by the Deep Q-Networks algorithm (DQN;
Mnih et al. 2013, 2015). Its combination of Q-learning with
convolutional neural networks and experience replay en-
abled it to learn, from raw pixels, how to play many Atari
games at human-level performance. Since then, many exten-
sions have been proposed that enhance its speed or stability.

Double DQN (DDQN; van Hasselt, Guez, and Silver
2016) addresses an overestimation bias of Q-learning (van
Hasselt 2010), by decoupling selection and evaluation of
the bootstrap action. Prioritized experience replay (Schaul
et al. 2015) improves data efficiency, by replaying more of-
ten transitions from which there is more to learn. The du-
eling network architecture (Wang et al. 2016) helps to gen-
eralize across actions by separately representing state val-
ues and action advantages. Learning from multi-step boot-
strap targets (Sutton 1988; Sutton and Barto 1998), as used
in A3C (Mnih et al. 2016), shifts the bias-variance trade-
off and helps to propagate newly observed rewards faster to
earlier visited states. Distributional Q-learning (Bellemare,
Dabney, and Munos 2017) learns a categorical distribution
of discounted returns, instead of estimating the mean. Noisy
DQN (Fortunato et al. 2017) uses stochastic network layers
for exploration. This list is, of course, far from exhaustive.

Each of these algorithms enables substantial performance
improvements in isolation. Since they do so by addressing

Copyright c� 2018, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Median human-normalized performance across
57 Atari games. We compare our integrated agent (rainbow-
colored) to DQN (grey) and six published baselines. Note
that we match DQN’s best performance after 7M frames,
surpass any baseline within 44M frames, and reach sub-
stantially improved final performance. Curves are smoothed
with a moving average over 5 points.

radically different issues, and since they build on a shared
framework, they could plausibly be combined. In some cases
this has been done: Prioritized DDQN and Dueling DDQN
both use double Q-learning, and Dueling DDQN was also
combined with prioritized experience replay. In this paper
we propose to study an agent that combines all the afore-
mentioned ingredients. We show how these different ideas
can be integrated, and that they are indeed largely com-
plementary. In fact, their combination results in new state-
of-the-art results on the benchmark suite of 57 Atari 2600
games from the Arcade Learning Environment (Bellemare et
al. 2013), both in terms of data efficiency and of final perfor-
mance. Finally we show results from ablation studies to help
understand the contributions of the different components.
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Rainbow DQN
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Abstract

The deep reinforcement learning community has made sev-

eral independent improvements to the DQN algorithm. How-

ever, it is unclear which of these extensions are complemen-

tary and can be fruitfully combined. This paper examines

six extensions to the DQN algorithm and empirically studies

their combination. Our experiments show that the combina-

tion provides state-of-the-art performance on the Atari 2600

benchmark, both in terms of data efficiency and final perfor-

mance. We also provide results from a detailed ablation study

that shows the contribution of each component to overall per-

formance.
Introduction

The many recent successes in scaling reinforcement learn-

ing (RL) to complex sequential decision-making problems

were kick-started by the Deep Q-Networks algorithm (DQN;

Mnih et al. 2013, 2015). Its combination of Q-learning with

convolutional neural networks and experience replay en-

abled it to learn, from raw pixels, how to play many Atari

games at human-level performance. Since then, many exten-

sions have been proposed that enhance its speed or stability.

Double DQN
(DDQN; van Hasselt, Guez, and Silver

2016) addresses an overestimation bias of Q-learning (van

Hasselt 2010), by decoupling selection and evaluation of

the bootstrap action. Prioritized experience replay (Schaul

et al. 2015) improves data efficiency, by replaying more of-

ten transitions from which there is more to learn. The du-

eling network architecture (Wang et al. 2016) helps to gen-

eralize across actions by separately representing state val-

ues and action advantages. Learning from multi-step boot-

strap targets (Sutton 1988; Sutton and Barto 1998), as used

in A3C (Mnih et al. 2016), shifts the bias-variance trade-

off and helps to propagate newly observed rewards faster to

earlier visited states. Distributional Q-learning (Bellemare,

Dabney, and Munos 2017) learns a categorical distribution

of discounted returns, instead of estimating the mean. Noisy

DQN (Fortunato et al. 2017) uses stochastic network layers

for exploration. This list is, of course, far from exhaustive.

Each of these algorithms enables substantial performance

improvements in isolation. Since they do so by addressing

Copyright c� 2018, Association for the Advancement of Artificial

Intelligence (www.aaai.org). All rights reserved.

Figure 1: Median human-normalized performance across

57 Atari games. We compare our integrated agent (rainbow-

colored) to DQN (grey) and six published baselines. Note

that we match DQN’s best performance after 7M
frames,

surpass any baseline within 44M
frames, and reach sub-

stantially improved final performance. Curves are smoothed

with a moving average over 5 points.

radically different issues, and since they build on a shared

framework, they could plausibly be combined. In some cases

this has been done: Prioritized DDQN and Dueling DDQN

both use double Q-learning, and Dueling DDQN was also

combined with prioritized experience replay. In this paper

we propose to study an agent that combines all the afore-

mentioned ingredients. We show how these different ideas

can be integrated, and that they are indeed largely com-

plementary. In fact, their combination results in new state-

of-the-art results on the benchmark suite of 57 Atari 2600

games from the Arcade Learning Environment (Bellemare et

al. 2013), both in terms of data efficiency and of final perfor-

mance. Finally we show results from ablation studies to help

understand the contributions of the different components.
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AlphaGo, AlphaGo Zero, AlphaZero
● 𝑌$= board position, turn, so 𝑋$ = 𝑌$
● 𝐴$: what move
● 𝑅$: 0 until end, when 𝑅$ ∈ {−1,0,1}
● Episodes: ~150 moves

Single RL algorithm defeating world-
champion in Go & best chess program
● Humbling experience for us, humans
● Power of neural nets, large compute

𝑋$&' = 𝑓5 𝑋$, 𝐴$,𝑊$
𝑌$&' = 𝑔5 𝑋$, 𝐴$,𝑊$
𝑅$&' = 𝑟5(𝑋$, 𝐴$,𝑊$)

𝑌$&', 𝑅$&'

𝐴$

https://arxiv.org/abs/1712.01815D. Silver et al., Nature (2016, 2017), arXiv (2017)



OpenAI Dota-2
● 𝑌$: structured, 20000   

dimensional ≠ 𝑋$
● 𝐴$: structured, 8-dim
● 𝑅$: shaped
● Episodes: 45 mins!

Defeating amateur human teams in 
Dota-2
● Complexity, time horizon, 𝑌$ ≠ 𝑋$
● Humans do care about this game 

($40M annual prize pool)

https://goo.gl/H8dKZ9



Vision-based grasping
● 𝑌$: 472x472 RGB images, gripper state, height above 

ground, 𝑌$ ≠ 𝑋$
● 𝐴$: 3D gripper displacement, 

2D rotation, gripper open/close,  
termination (7D)

● 𝑅$: success or failure at the “end”, 
fixed cost per time step

● Episodes: 20 steps, learned 

𝑋$&' = 𝑓5 𝑋$, 𝐴$,𝑊$
𝑌$&' = 𝑔5 𝑋$, 𝐴$,𝑊$
𝑅$&' = 𝑟5(𝑋$, 𝐴$,𝑊$)

𝑌$&', 𝑅$&'

𝐴$

QT-Opt: Scalable Deep Reinforcement Learning
for Vision-Based Robotic Manipulation

Dmitry Kalashnikov1, Alex Irpan1, Peter Pastor2, Julian Ibarz1,
Alexander Herzog2, Eric Jang1, Deirdre Quillen3, Ethan Holly1,
Mrinal Kalakrishnan2, Vincent Vanhoucke1, Sergey Levine1,3

{dkalashnikov, alexirpan, julianibarz, ejang, eholly, vanhoucke, slevine}@google.com,
{peterpastor, alexherzog, kalakris}@x.team, {deirdrequillen}@berkeley.edu

Abstract: In this paper, we study the problem of learning vision-based dynamic
manipulation skills using a scalable reinforcement learning approach. We study
this problem in the context of grasping, a longstanding challenge in robotic ma-
nipulation. In contrast to static learning behaviors that choose a grasp point and
then execute the desired grasp, our method enables closed-loop vision-based con-
trol, whereby the robot continuously updates its grasp strategy based on the most
recent observations to optimize long-horizon grasp success. To that end, we in-
troduce QT-Opt, a scalable self-supervised vision-based reinforcement learning
framework that can leverage over 580k real-world grasp attempts to train a deep
neural network Q-function with over 1.2M parameters to perform closed-loop,
real-world grasping that generalizes to 96% grasp success on unseen objects.
Aside from attaining a very high success rate, our method exhibits behaviors that
are quite distinct from more standard grasping systems: using only RGB vision-
based perception from an over-the-shoulder camera, our method automatically
learns regrasping strategies, probes objects to find the most effective grasps, learns
to reposition objects and perform other non-prehensile pre-grasp manipulations,
and responds dynamically to disturbances and perturbations.4

Keywords: grasping, reinforcement learning, deep learning

1 Introduction

Figure 1: Seven robots are set up to collect grasping
episodes with autonomous self-supervision.

Manipulation with object interaction represents
one of the largest open problems in robotics:
intelligently interacting with previously unseen
objects in open-world environments requires
generalizable perception, closed-loop vision-
based control, and dexterous manipulation. Re-
inforcement learning offers a promising avenue
for tackling this problem, but current work on
reinforcement learning tackles the problem of
mastering individual skills, such as hitting a
ball [1], opening a door [2, 3], or throwing [4].
To meet the generalization demands of real-
world manipulation, we focus specifically on
scalable learning with off-policy algorithms, and study this question in the context of the specific
problem of grasping. While grasping restricts the manipulation problem, it still retains many of
its largest challenges: a grasping system should be able to pick up previously unseen objects with
reliable and effective grasps, while using realistic sensing and actuation. It thus serves as a micro-

1Google Brain, United States
2X, Mountain View, California, United States
3University of California Berkeley, Berkeley, California, United States
4Supplementary experiment videos can be found at https://goo.gl/ykQn6g.
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cosm of the larger robotic manipulation problem, providing a challenging and practically applicable
model problem for experimenting with generalization and diverse object interaction.

Much of the existing work on robotic grasping decomposes the task into a sensing, planning, and
acting stage: the robot first perceives the scene and identifies suitable grasp locations, then plans a
path to those locations [5, 6, 7, 8]. This stands in contrast to the kinds of grasping behaviors observed
in humans and animals, where the grasp is a dynamical process that tightly interleaves sensing and
control at every stage [9, 10]. This kind of dynamic closed-loop grasping is likely to be much more
robust to unpredictable object physics, limited sensory information (e.g., monocular camera inputs
instead of depth), and imprecise actuation. A closed-loop grasping system trained for long-horizon
success can also perform intelligent pre-grasping manipulations, such as pushing or repositioning
objects for an easier grasp. However, a major challenge with closed-loop grasp control is that the
sensorimotor loop must be closed on the visual modality, which is very difficult to utilize effectively
with standard optimal control methods in novel settings.

Figure 2: Close-up of a robot cell in our setup (left) and
about 1000 visually and physically diverse training ob-
jects (right). Each cell (left) consists of a KUKA LBR
IIWA arm with a two-finger gripper and an over-the-
shoulder RGB camera.

We study how off-policy deep reinforcement
learning can acquire closed-loop dynamic vi-
sual grasping strategies, using entirely self-
supervised data collection, so as to generalize
to previously unseen objects at test time. The
value of low-level end-effector movements is
predicted directly from raw camera observa-
tions, and the entire system is trained using
grasp attempts in the real world. While the prin-
ciples of deep reinforcement learning have been
known for decades [11, 12], operationalizing
them in a practical robotic learning algorithm
that can generalize to new objects requires a
stable and scalable algorithm and large datasets,
as well as careful system design.

The implementation in our experiments makes
very simple assumptions: observations come
from a monocular RGB camera located over
the shoulder (see Fig. 2), and actions consist
of end-effector Cartesian motion and gripper
opening and closing commands. The reinforce-
ment learning algorithm receives a binary re-

ward for lifting an object successfully, and no other reward shaping. This general set of assumptions
makes the method feasible to deploy at large scale, allowing us to collect 580k grasp attempts on 7
real robotic systems. Unlike most reinforcement learning tasks in the literature [13, 14], the primary
challenge in this task is not just to maximize reward, but to generalize effectively to previously un-
seen objects. This requires a very diverse set of objects during training. To make maximal use of
this diverse dataset, we propose an off-policy training method based on a continuous-action gener-
alization of Q-learning, which we call QT-Opt (Q-function Targets via Optimization). Unlike other
continuous action Q-learning methods [15, 16], which are often unstable due to actor-critic insta-
bility [17, 18], QT-Opt dispenses with the need to train an explicit actor, instead using stochastic
optimization over the critic to select actions and target values. We show that even fully off-policy
training can outperform strong baselines based on prior work, while a moderate amount of on-policy
finetuning can improve performance to a success rate of 96% on challenging, previously unseen ob-
jects.

Our experimental evaluation demonstrates the effectiveness of this approach both quantitatively and
qualitatively. We show that our method attains a high success rate across a range of objects not
seen during training, and our qualitative experiments show that this high success rate is due to the
system adopting a variety of strategies that would be infeasible without closed-loop vision-based
control: the learned policies exhibit corrective behaviors, regrasping, probing motions to ascertain
the best grasp, non-prehensile repositioning of objects, and other features that are feasible only when
grasping is formulated as a dynamic, closed-loop process.

2

Autonomous learning of vision-
based grasping
● RL on a physical system
● High success rate (78%→	96%)
● Intelligent, robust, closed-loop 

behavior

https://goo.gl/kTMcCb
Kalashnikov et al. (arXiv, 2018)



When to use off-the-shelf ML/RL?
● Mathematical modeling is painful to impossible

○ E.g., complex observations (vision, text, …)
● Task can be specified as an optimization/constraint 

satisfaction problem
● Access to lots of data

○ High-fidelity simulator can be built
○ High throughput experimentation

● Access to huge-scale compute
● A priori verifiability is not a major concern

○ Simulator can be trusted
○ Physical experiments/online learning are feasible and sufficient



Key enablers
● Reduce everything to (some form of) 

optimization; DP!

● Flexible models: 
○ Deep neural networks, ReLu, LSTM, ConvNet, ..

● Large scale computation (GPU, TPU, Cloud, ..)

● Software frameworks, SGD!

● Rapidly growing, very active community 

● Commercial interest, funding



What works, what’s hard?
● Works:

○ Lots of data, lots of compute, patience
○ Optimizing against a model we can simulate
○ Reactive agents with simple memory

● Hard:
○ Learning complex behaviors in the physical world
○ “Sim2real” problem
○ Combinatorics: big, multiscale worlds, large horizon with long-range 

dependencies (spatial, temporal, ..)
○ Learning from sparse reward, intelligent exploration
○ Learning and using models in an effective manner



Core ideas in RL



Core RL algorithms 
Incrementally produce policies1 𝜋', 𝜋F, …
How?
1. Value-based policy search a.k.a. approximate dynamic 

programming
⇐ all the methods in previous examples are based on this!

2. Direct policy search: 𝑘IJ-order optimization, 0 ≤ 𝑘 ≤ 2
■ FDSA, SPSA, Monte-Carlo (𝑘 = 0), 
■ SGD=REINFORCE (𝑘 = 1), Adam, momentum, Batchnorm, … 
■ LBFGS, K-FAC, .. (𝑘 = 2)
■ Name of the game: Variance reduction

1policy = feedback controller, static or dynamic

Models?
Not really.. Could be..



Dynamic programming
(optimal control)

● Value functions: 𝑄M 𝑥, 𝑎 = 𝔼M,PQ)R,SQ)T ∑ 𝛾$	𝑅$(
$)*

● Bellman optimality equation: ∀ 𝑥, 𝑎 ∈ 𝒳×𝒜:
𝑄∗ 𝑥, 𝑎 = 𝑟 𝑥, 𝑎 + 𝛾∫ 𝑃 𝑑𝑦 𝑥, 𝑎 	max

Rb
𝑄∗ 𝑦, 𝑎′

de∗ T,R

● 𝑇:ℝS×P → ℝS×P

𝑄∗ = 𝑇𝑄∗

● Optimal policy: 𝜋∗ 𝑥 = arg	max
R
	𝑄∗(𝑥, 𝑎)

● Classic DP: Compute 𝑄∗, use greedy policy
● Methods: Value-iteration, policy iteration, linear programming

∫ ℎ 𝑦 𝑃 𝑑𝑦 𝑥, 𝑎 =
					𝔼 ℎ(𝑓 𝑥, 𝑎,𝑊 )

No	state	aliasing!
𝑋$ = 𝑌$, 

or some known 
function of it..

Richard E. Bellman
(1920-1984)



Throw in that neural net!
● Value	iteration:	𝑄w&' = 𝑇𝑄w → 𝑄∗

○ Converges	geometrically
● 𝑇𝑄w is	intractable:

○ 𝑇𝑄 𝑥, 𝑎 = 𝑟 𝑥, 𝑎 + 𝛾∫ 𝑃 𝑑𝑦 𝑥, 𝑎 	max
Rb
	𝑄 𝑦, 𝑎}

● Set	up	regression	problem	to	“learn”		𝑇𝑄w using	eg neural	net!
● Sample	 𝑋�, 𝐴� ∼ 𝜇,	
𝑌� = 𝑟5 𝑋�, 𝐴�,𝑊� + 𝛾	max

Rb
	𝑄(𝑓5 𝑋�, 𝐴�,𝑊� , 𝑎})

𝑖 = 1,2, … , 𝑛



Variations
● Between value and policy iteration:

○ 𝜋w&' 𝑥 = argmaxR(𝑇�𝑄w) 𝑥, 𝑎 , 𝑝 ≥ 0 ⇒”classification”
○ 𝑄w&' = 𝑇M���

� 𝑄w , 𝑞 ∈ {1,2, … ,∞} ⇒”regression”

● Use incremental learning methods (“recursive updates”, 
“stochastic approximation”, …)

● Modify the operators involved: 𝜆-update, entropy 
regularization, approximate greedification, …

● Recycle data (“replay”); importance weighting
● Optimize data collection, parallelize computation



What did we cook?



Early successes
● TD-Gammon (Tesauro, 1992-95)

● Job-shop scheduling (Zhang & 
Dietterich, 1995)

● Dialogue management (Singh et al., 
2002)

● Robocup (Kohl & Stone, 2004)

● Helicopter acrobatics (Ng et al., 2006)

a gait described by half-elliptical loci. This gait per-
formed comparably to those of other teams participating in
RoboCup 2003. The work reported in this paper uses the
hand-tuned UT Austin Villa walk as a starting point for
learning. Figure 1 compares the reported speeds of the gaits
mentioned above, both hand-tuned and learned, including
that of our starting point, the UT Austin Villa walk. The lat-
ter walk is described fully in a team technical report (Stone
et al. 2003). The remainder of this section describes those
details of the UT Austin Villa walk that are important to un-
derstand for the purposes of this paper.

Hand-tuned gaits Learned gaits
CMU Austin Villa UNSW Hornby UNSW NUBots
(2002) (2003) (2003) (1999) (2003) (2003)
200 245 254 170 270 296

Figure 1: Maximum forward velocities of the best gaits (in mm/s)
for different teams, both learned and hand-tuned.

The half-elliptical locus used by our team is shown in
Figure 2. By instructing each foot to move through a lo-
cus of this shape, with each pair of diagonally opposite legs
in phase with each other and perfectly out of phase with the
other two (a gait known as a trot), we enable the Aibo to
walk. Four parameters define this elliptical locus:

1. The length of the ellipse;
2. The height of the ellipse;
3. The position of the ellipse on the x axis; and
4. The position of the ellipse on the y axis.

Since the Aibo is roughly sym-z

x

y

Figure 2: The elliptical
locus of one the Aibo’s
feet. The half-ellipse
is defined by length,
height, and position in
the x-y plane.

metric, the same parameters can be
used to describe loci on both the
left and right side of the body. To
ensure a relatively straight gait, the
length of the ellipse is the same for
all four loci. Separate values for
the elliptical height, x, and y po-
sitions are used for the front and
back legs. An additional parame-
ter which governs the turning rate
of the Aibo is used to determine
the skew of all four ellipses in the
x-y plane, a technique introduced
by the UNSW team (Hengst et al.

2001).2 The amount of skew is determined by the product
of the angle at which the Aibo wishes to move and this skew
multiplier parameter.

The following set of 12 parameters define the Aibo’s gait:
• The front locus (3 parameters: height, x-pos., y-pos.)
• The rear locus (3 parameters)
• Locus length
• Locus skew multiplier in the x-y plane (for turning)
• The height of the front of the body
• The height of the rear of the body
• The time each foot takes to move through its locus
• The fraction of time each foot spends on the ground

2Even when walking directly forward, noise in an Aibo’s mo-
tions occasionally requires that the four ellipses be skewed to allow
the Aibo to execute small turns in order to stay on course.

During the American Open tournament in May of 2003,3
UT Austin Villa used a simplified version of the parameter-
ization described above that did not allow the front and rear
heights of the robot to differ. Hand-tuning these parameters
generated a gait with a velocity of 140 mm/s. After allow-
ing the front and rear height to differ, the Aibo was tuned to
walk at 245 mm/s in the RoboCup 2003 competition.4 Ap-
plying machine learning to this parameter optimization pro-
cess, however, allowed us to significantly improve the speed
of the Aibos, as described in the following section.

Learning the Walk
Given the parameterization of the walk defined in the pre-
vious section, our task amounts to a parameter optimization
problem in a continuous 12-dimensional space. For the pur-
poses of this paper, we adopt forward speed as the sole ob-
jective function. That is, as long as the robot does not ac-
tually fall over, we do not optimize for any form of stability
(for instance in the face of external forces from other robots).

This optimization is performed from a computer that is
connected via wireless ethernet to the Aibos. All of the
policy evaluations take place on actual robots, without the
use of a simulator. Previous attempts at learning Aibo
gaits involved running each experiment directly on the Aibo,
which imposed certain time limitations on the learning pro-
cess (Kim & Uther 2003). A more decentralized approach
allows us to distribute the learning process over multiple Ai-
bos and prevents the loss of data due to battery swaps and
mechanical failure. The only human intervention required
during an experiment is replacing discharged batteries, an
event which occurs about once an hour. We use three si-
multaneously walking Aibos for our experiments, but our
approach scales naturally to arbitrary numbers of robots.

We evaluate the
Landmarks

A

B
C

A’

C’

B’

Landmarks

Figure 3: The training environment for
our experiments. Each Aibo times it-
self as it moves back and forth between
a pair of landmarks (A and A’, B and B’,
or C and C’).

efficacy of a set
of parameters by
sending those pa-
rameters to an Aibo
and instructing it
to time itself as it
walks between two
fixed landmarks
(Figure 3). More
efficient parameters
result in a faster gait,
which translates into
a lower time and a
better score. After
completing a trial, the Aibo sends the resulting score back
to the host computer and prepares itself for a new set of
parameters to evaluate. Since there is significant noise in
each trial, each set of parameters is evaluated three times.
The resulting score for that set of parameters is computed
by taking the average of the three trials.5

3http://www.cs.cmu.edu/˜AmericanOpen03/
4Thanks to Daniel Stronger for hand-tuning the walks to

achieve these speeds.
5There is video of the training process at:

www.cs.utexas.edu/˜AustinVilla/legged/learned-walk/
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Clouds on the sky

𝜇	is the uniform distribution, quadratic polynomials used for value-function approximation



..add neural nets.. Optimal cost-to-go (-rewards)



Disaster strikes

𝜇	is the uniform distribution



Poor outlook for ADP

But how about TD-gammon, job-shop scheduling
and other (early) successes???



Explaining the bill
Theorem (Sz., Munos, 2005): 

𝑉∗ − 𝑉M� �,� ≤
2𝛾

1 − 𝛾 F 𝐶 𝜌, 𝜇 '/�	𝜖' + 𝜖F

𝜖' = 𝑑 𝑇ℱ,ℱ + poly(��� �
�

, ��� � 𝒜
�

, log 𝐾 , dim ℱ )

𝜖F = const	×𝛾¡

Range of 𝑉∗ ∼ '
'¢£

. We need both 𝜖', 𝜖F ≪
'

'¢£

Extensions (2005-2010): Single sample path, |𝒜| = ∞, 
regularization, classification, …

R. Munos A.m. Farahmand B.A. Pires

Uplifting András Antos

Approximation
error

Estimation
error

Covariate-shift 
price

Iteration
cost



Lesson: How to make ADP work?
Need to control all terms!

● 𝐶(𝜌, 𝜇): Sampling distr. 𝜇 should dominate 
𝜌∑ 𝛾$𝑃M�

$(
$)*

○ Change 𝜇 as you go, change policies slowly, …

● Make approximation error 𝑑(𝑇ℱ, ℱ) small:
○ Deep neural nets, LSTM, convnets, …

● Make sample size large to control estimation error
○ Large compute

Covariate shift, or
off-policy problem



How was this done?
Work Covariate shift Approximation 

error Estimation error Computation
platform

Atari2600 - DQN Replay buffer ConvNet, relatively 
shallow

50M frames, 38 
days GPUs

AlphaZero Small learning rate Deep convnet,
residual blocks

700,000x4096=28
B

5000 TPUv1, 64 
TPUv2

OpenAI Five Penalize fast 
changes (PPO)

Large network, 
1024 LSTM units

N*180 years, N = 
no. days

256 GPUs and 
128,000 CPU

Vision-based
grasping (QT-Opt)

Soft improvement 
in OPT, slowly
mixing in new data

Deep convnet, 1.2 
M params

580K offline 
grasps + 28K
online grasps

1000 machines, 
14K cores, 10 
GPUs



..no simulator, no pain..? 
Uh..no..



Learning cheaply, online
● Goal: Interact with a “real” system

and collect as much reward as possible!

● Performance metric: 
○ Total reward collected, or..
○ Regret: Measure of learning speed

”Difference to a baseline"
■ Regret is invariant to shifting the rewards
■ Scale fixed: Algorithms can be compared across different 

environments



Bandit problems

ℙ(payoff=1)=0.1 ℙ(payoff=1)=0.5 ℙ(payoff=1)=0.2

𝑋$&' = 𝑋$, 𝑌$&' = 𝑅$&', 𝑅$&' = 𝑟 𝐴$,𝑊$

Regret = 𝑛	max
R
	𝔼 𝑟 𝑎,𝑊 − ∑ 𝑅$§¢'

$)* = 0.5	𝑛	 − ∑ 𝑅$§¢'
$)*

𝑋$&' = 𝑓5 𝑋$, 𝐴$,𝑊$
𝑌$&' = 𝑔5 𝑋$, 𝐴$,𝑊$
𝑅$&' = 𝑟5(𝑋$, 𝐴$,𝑊$)

𝑌$&', 𝑅$&'

𝐴$



Bandits vs. (episodic) MDPs

Action Environment Reward

Policy Episodic 
Environment

Trajectory 
and rewards



𝝐-greedy and friends

Success = 6/10

Action 1

Success = 2/8

Action 2

𝜖 = 0.1 greedy: Choose best looking action with probability 1 − 𝜖 = 0.9,
otherwise choose an action at random



Optimism?

Success = 6/10

Chernoff’s method: w.p. 1 − 𝛿, 	𝜇 ≤ 𝜇̂$ +
��� �

®̄
F$

�

Choose 𝛿 = '
§

Exploration 
bonus

Actions tried fewer times will get a bigger boost: “optimism”



Bandits on one slide
● Ad-hoc exploration: Good on 

some instances, bad on others
○ Explore-then-commit (ETC) 
○ 𝜖-greedy, Boltzmann/Gibbs

● Planned exploration reaches 
optimal regret for all instances
○ UCB, posterior sampling a.k.a. 

Thompson sampling, …
2 arms, unit variance 
Gaussian rewards with 
means 0 and –Δ,  horizon 
1000

New book!
http://banditalgs.com



The challenge

# time steps before bounty found 
using random and “swimmer” policies

• First and last states are absorbing
• First state: small reward, last state: big reward
• Each state except the first and last have two actions
• Red action moves towards right, but is noisy
• Blue action moves towards left and is deterministic

Learner needs to plan to learn!



Beyond bandits

Video: courtesy of Ian Osband



Exploration in finite MDPs
[Jaksch-Ortner-Auer,’10] 



Optimism all the way?
Optimism is insufficient when an action can inform the 
learner about the reward of some other action

● Lattimore, Sz, “End of Optimism?” AISTATS’17

● Wu, György, Sz, ICML’15



Beyond finite MDPs
● Linear Quadratic Regulation

● Optimism gives 𝑂³ 𝑇� regret 
(Abbasi-Yadkori, Sz., COLT’11)

● Current work/open
○ Computational efficiency
○ Regret efficiency
○ Non-asymptotic
○ Dependence on instance
○ Model-free, 𝑂(𝑇´/µ) regret

(Lazic, Abbasi-Yadkori, Sz., 2018)

Y. Abbasi-Yadkori N. Lazic

𝑋$&' = 𝐴𝑋$ + 𝐵𝑈$ +𝑊$&'
𝑌$ = 𝑋$
𝑐$ = 	𝑋$¹𝑄𝑋$ + 𝑈$¹𝑅𝑈$

Goal: minimize 
lim
d→(

'
d
𝔼 ∑ 𝑐$d¢'

$)* ,
𝐴, 𝐵 are unknown, 𝑊$ ∼ 𝑁(0, 𝐼)



Conclusions



Current approach in ML/RL

minimal modeling

maximum computation



Did it work?
● Yes, a few times..

● Requirements:
○ Task can be specified as an optimization/constraint 

satisfaction problem
○ Access to lots of data
○ Access to huge-scale compute



Should we learn “everything”?
● Meta-learning, evolution, learning to plan, learning symbol 

manipulation, …
● Why? 

○ Because it worked
○ Seamless integration with the rest of the architecture

● Why not?
○ Combinatorial explosion
○ Slow
○ Lack of understanding, transparency, verifiability, ..



What’s missing?
● Learning and using models in an effective 

manner
○ Learn “planner-friendly” models
○ Models that work despite complex sensory inputs
○ Multiscale problems (fine-coarse-huge)

● Learning from sparse reward, intelligent 
exploration
○ Same problem as learning good models?



Questions?


