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Taking stock of current RL state-of-art

• A lot of successful work on algorithms for solving specific problems

– Temporal-difference learning
– Convergent methods of off-policy learning
– Eligibility traces
– Policy gradient methods and other types of policy search
– Learning and planning with temporally extended actions
– Exploration methods (though here there is much to do still)
– Sample-based planning (eg. Monte Carlo Tree search)

• As in the rest of AI, progress was made by breaking off manageable
pieces and working on them

• It is now time to think again about how the pieces can be put together
in order to form an RL architecture
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Example architecture: HordeThe Horde Architecture
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Wednesday, 21 December, 11Cf. Sutton et al, AAMAS 2011
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Horde: Characteristics

• Many value functions for different time scales and reward functions are
learned in parallel, off-policy, from one stream of experience

• Emphasis on function approximation and incremental learning

• Exploration is still an open problem

• Several decision-making mechanisms possible

– Winner-take-all
– Separate “driving” value function
– Some kind of committee-based decision?

• Planning in the horde has been less explored than learning
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Example architecture: DQN (Google Deepmind)

difficult and engaging for human players. We used the same network
architecture, hyperparameter values (see Extended Data Table 1) and
learning procedure throughout—taking high-dimensional data (210|160
colour video at 60 Hz) as input—to demonstrate that our approach
robustly learns successful policies over a variety of games based solely
on sensory inputs with only very minimal prior knowledge (that is, merely
the input data were visual images, and the number of actions available
in each game, but not their correspondences; see Methods). Notably,
our method was able to train large neural networks using a reinforce-
ment learning signal and stochastic gradient descent in a stable manner—
illustrated by the temporal evolution of two indices of learning (the
agent’s average score-per-episode and average predicted Q-values; see
Fig. 2 and Supplementary Discussion for details).

We compared DQN with the best performing methods from the
reinforcement learning literature on the 49 games where results were
available12,15. In addition to the learned agents, we also report scores for
a professional human games tester playing under controlled conditions
and a policy that selects actions uniformly at random (Extended Data
Table 2 and Fig. 3, denoted by 100% (human) and 0% (random) on y
axis; see Methods). Our DQN method outperforms the best existing
reinforcement learning methods on 43 of the games without incorpo-
rating any of the additional prior knowledge about Atari 2600 games
used by other approaches (for example, refs 12, 15). Furthermore, our
DQN agent performed at a level that was comparable to that of a pro-
fessional human games tester across the set of 49 games, achieving more
than 75% of the human score on more than half of the games (29 games;
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Figure 1 | Schematic illustration of the convolutional neural network. The
details of the architecture are explained in the Methods. The input to the neural
network consists of an 84 3 84 3 4 image produced by the preprocessing
map w, followed by three convolutional layers (note: snaking blue line

symbolizes sliding of each filter across input image) and two fully connected
layers with a single output for each valid action. Each hidden layer is followed
by a rectifier nonlinearity (that is, max 0,x! ").
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Figure 2 | Training curves tracking the agent’s average score and average
predicted action-value. a, Each point is the average score achieved per episode
after the agent is run with e-greedy policy (e 5 0.05) for 520 k frames on Space
Invaders. b, Average score achieved per episode for Seaquest. c, Average
predicted action-value on a held-out set of states on Space Invaders. Each point

on the curve is the average of the action-value Q computed over the held-out
set of states. Note that Q-values are scaled due to clipping of rewards (see
Methods). d, Average predicted action-value on Seaquest. See Supplementary
Discussion for details.
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DQN: Characteristics

• Relies on deep neural networks as very powerful feature extractors

• Experience replay is used to allow stable training of the deep nets

– Sample transitions picked in random order not in sequence
– Parameters for computing the target values are not changed after

every update

• Exploration done as usual

• No temporal abstraction or planning in this published version
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Desiderata for an RL architecture

• “Fast” acting process: has to respond quickly to the environment

• “Slow” planning process: deliberation takes time, informs the low level

• Predictions about future courses of action should be useful:

– as features
– for planning

Cf. Horde, predictive state representations, recurrent networks

• Stable learning should happen both for the “fast” and “slow” level

• Off-policy learning and eligibility traces are necessary
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Acting

• Having a separate actor seems important in order to achieve fast acting

• This is especially true in continuous/large action spaces, where computing
max might be infeasible

• Therefore, actor-critic seems the obvious choice of architecture

• Actor should take as input current features as well as information from
the planner and produce an action

• What is the right way to obtain the actor? Policy gradient over options
or primitive actions?
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Planning

• Need models that make predictions about the effects of actions, i.e.
predictive state representations

• Models that are compositional, can be used to reason about sequences
of actions

• Eg., if we want Bellman equations to hold, we need:

ro1o2 = ro1 + po1ro2

po1o2 = po1po2

• The demons in Horde are a form of model, although not trained
specifically to be compositional

• Dyna using models should be very useful
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Formalizing the higher-level goals of the agent

• Intentions: reward functions that the agent is trying to maximize

• Helpful to think of them as subgoals that the agent might try to achieve

• Several intentions can be active at the same time

• One can think of intentions as defining the space of possible options at
a given point in time

• The planner communicates the current set of active intentions to the
actor, which uses them as part of its internal state
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More on intentions

• Intentions give rise to policies, so they are close to parameterized options

• Models need to predict the future given the current set of intentions and
current observations (and perhaps current predictions about the future)

• Ultimately, we want to be able to generate gradients for the actor as
well as the models / value functions, so compositionally may not be a
stringent requirement anymore

• The way intentions are expressed can be used to control complexity in
the system
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Learning

• A rich set of ideas has been developed in the last few years on how to
achieve off-policy learning in an efficient manner

– Gradient-based TD
– Dutch traces
– Emphasis TD

• Importance sampling is still a key ingredient, and potential source of high
variance

• Idea: Learn approximations to the importance sampling ratios, instead
of insisting that the ratios are computed based on known behaviour and
target policies
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Questions for the workshop

• What are your wishes for an RL architecture?

• Are the architectures we have already sufficient to achieve or goals of
RL-based AI?

• What basic algorithmic pieces do we still need to build?

– Exploration seems to be still a big open issue

• What is the best way to interleave planning, acting and learning
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