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What comes after nexting?
‣Nexting is a simple idea that works

Use many reward-like functions. Learn a lot!

• Spare cycles? Learn more or learn faster

‣Extend nexting to the Horde
 Use many RL tasks. Learn even more!

• Off-policy

• Control

• General termination

‣How far does this take us towards knowledge?
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Example: Off-policy Control
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Example: Off-policy Control
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Example: Predict time-to-stop 
from max speed 

4

Figure 2. Accurately predicting time-to-obstacle.
The robot was repeatedly driven toward a wall at a con-
stant wheel speed. For each of three regions of the sensor
space, for each time step spent in that region , we plot the
demon prediction q̂ on that step (bold line) and the actual
return from that step (thin line).

5.1 Subjective prediction experiments
Our first two experiments dealt with Horde’s ability to

answer subjectively posed predictive questions. Figures 2
and 3 show results on the Critterbot with instances of the
Horde architecture each with a single prediction demon. The
specific questions posed are ones that might be useful in en-
suring safety: ‘How much time do I have before hitting an
obstacle?’ and ‘How much time do I need to stop?’. In
both cases accurate predictions were made, and in the lat-
ter case they were adapted so as to remain accurate as the
experiment was changed from stopping on carpet, to stop-
ping when suspended in the air, to stopping on a wood floor.
The time step used in these experiment was approximately
30ms in length.

Figure 2 shows a comparison between predicted and ob-
served time steps needed to reach obstacles when driving
forward. Shown are the demon predictions q̂ on each step
(bold line) for each time step spent in a region of the sensor
space (a visit), and the actual return from that step (thin
line). The prediction was learned from a behaviour policy
that cycled between three actions: driving forward, reverse,
and resting. This is plotted for each of three regions of the
sensor space: IR=190–199, IR=210–219, and IR=230–239.
These represent three different value ranges of the Critter-
bot’s front IR proximity sensor.

The question functions for this demon were: π(s, forward)
= 1, r(s) = 1, z(s) = 0, ∀s ∈ S, and γ(s) = 0 if the value
of the Critterbot’s front-pointing IR proximity sensor was
over a fixed threshold, else γ(s) = 1. The remaining answer

Figure 3. Accurately tracking time-to-stop. The
robot was repeatedly rotated up to a standard wheel speed,
then switched to a policy that always took the stop action,
on three different floor surfaces. Shown is the prediction q̂
made on visits to a region of high velocity while stopping
(bold line) together with the actual return from that visit
(thin line). The floor surface was changed after visits 338
and 534.

functions were λ(s) = 0.4, ∀s ∈ S, and Φ = a single tiling
into twenty-six regions of the front IR sensor. The GQ(λ)
step sizes were αθ = 0.3 and αw = 0.00001. As shown in
Figure 2, this demon learned to accurately predict the return
(time steps to impact) for each range of its sensors.
Figure 3 demonstrates a demon’s ability to accurately pre-

dict stopping times on different surfaces. Shown is the pre-
diction q̂ made on visits to a region of high velocity while
stopping (bold line) together with the actual return from
that visit (thin line). For this predictive question, we de-
fined a single demon that predicts the number of timesteps
until one of the robot’s wheels approaches zero velocity (i.e.,
comes to a complete stop) under current environmental con-
ditions. The robot’s behaviour policy was to alternate at
fixed intervals between spinning at full speed and resting.
The floor surface, and thus the nature of the stopping prob-
lem, was changed after visits 338 and 534.
The question functions for this demon were: π(s, stop) =

1, r(s) = 1, z(s) = 0, ∀s ∈ S, and γ(s) = 0 if the wheel’s
velocity sensor was below a fixed threshold, else γ(s) = 1.
The remaining answer functions were λ(s) = 0.1, ∀s ∈ S,
and Φ = a single tiling into eight regions of the wheel’s
velocity sensor. The GQ(λ) step sizes were αθ = 0.1 and
αw = 0.001. As illustrated in Figure 3, this demon learned
to correctly predict the return (time steps to stopping) on
carpet, then adapted its prediction when the environment
changed to air and then to wood flooring.

Timestep=30ms
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Horde: Key Properties

‣Works on a robot

• Does not need access to unobservable state

• Learns from an uninterrupted stream of experience 

‣Learns answers to what-if questions (off-policy)

• Decouples learning from behaviour

‣Learns know-how (control)

‣Learns with general termination (non-exponential)  
and outcomes (pseudo-reward at termination)
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Defining the Horde

‣Question: An expectation about future experience 
conditioned on following a control policy.

‣Answer: A prediction learned online in real-time 
as a linear function of a feature vector ϕ(s,a).

‣Horde: A set of demons, where  
each demon has a question and answer.
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Representing a Question
‣The question is a general value function, conditioned on

• π:S×A→[0,1]   action-selection policy of the robot

• γ:S→[0,1]        probability of episodic continuation

• r:S→ℝ            pseudo-reward at each timestep

• z:S→ℝ           outcome pseudo-reward at termination

‣The question q π,γ,r,z(s,a) is the expected sum of r
 from the states visited while following π
 until terminating according to γ and collecting z,
 when starting from (s,a).
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Representing an Answer

‣The answer is an approximate value function, 

‣The answer is a linear function of the features
                  q(s,a,θ) = θTϕ(s,a)

‣We set the agentʼs feature representation to be a 
function of the agentʼs observation.

• Select representation manually (for now)

• Algorithmic stability independent of rep. choice

• Accuracy depends on representation choice
8
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Horde Architecture
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Examples of Learning with 
the Horde

‣Off-policy Control

‣Episodic Prediction
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Learning light-seeking 
from random behaviour
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Learning off-policy control

‣Behaviour

• Random: #Actions= 27

• Timestep=500ms, Training Time ~ 16 hours

‣Representation

• #Features= 27,675= 4 Light Sensors x
      8 Tiles x 32 Tilings x 27 Actions + 1 Bias

• #Active= 129 = 1 Bias + 4 Sensors x 32 Tilings

‣Question: r=Light0, z=0, π =greedy(q) , γ=.9
12
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Learned Generalization 
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(Light in a different location)
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Predicting Stopping Time

‣Behaviour: 

• Action=Drive 2 seconds; Brake 2 seconds; repeat

• Timestep=30ms,  Experience~ 35 minutes

‣Representation

• #Features= 8 tiles of Wheel0Velocity 

• #Active: 1

‣Question:
r=1, z=0, π(s,Brake)=1 , γ=1[Wheel0Velocity> ε]
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Stopping-Time From MaxVelocity

15 Timestep=30ms
Figure 2. Accurately predicting time-to-obstacle.
The robot was repeatedly driven toward a wall at a con-
stant wheel speed. For each of three regions of the sensor
space, for each time step spent in that region , we plot the
demon prediction q̂ on that step (bold line) and the actual
return from that step (thin line).

5.1 Subjective prediction experiments
Our first two experiments dealt with Horde’s ability to

answer subjectively posed predictive questions. Figures 2
and 3 show results on the Critterbot with instances of the
Horde architecture each with a single prediction demon. The
specific questions posed are ones that might be useful in en-
suring safety: ‘How much time do I have before hitting an
obstacle?’ and ‘How much time do I need to stop?’. In
both cases accurate predictions were made, and in the lat-
ter case they were adapted so as to remain accurate as the
experiment was changed from stopping on carpet, to stop-
ping when suspended in the air, to stopping on a wood floor.
The time step used in these experiment was approximately
30ms in length.

Figure 2 shows a comparison between predicted and ob-
served time steps needed to reach obstacles when driving
forward. Shown are the demon predictions q̂ on each step
(bold line) for each time step spent in a region of the sensor
space (a visit), and the actual return from that step (thin
line). The prediction was learned from a behaviour policy
that cycled between three actions: driving forward, reverse,
and resting. This is plotted for each of three regions of the
sensor space: IR=190–199, IR=210–219, and IR=230–239.
These represent three different value ranges of the Critter-
bot’s front IR proximity sensor.

The question functions for this demon were: π(s, forward)
= 1, r(s) = 1, z(s) = 0, ∀s ∈ S, and γ(s) = 0 if the value
of the Critterbot’s front-pointing IR proximity sensor was
over a fixed threshold, else γ(s) = 1. The remaining answer

Figure 3. Accurately tracking time-to-stop. The
robot was repeatedly rotated up to a standard wheel speed,
then switched to a policy that always took the stop action,
on three different floor surfaces. Shown is the prediction q̂
made on visits to a region of high velocity while stopping
(bold line) together with the actual return from that visit
(thin line). The floor surface was changed after visits 338
and 534.

functions were λ(s) = 0.4, ∀s ∈ S, and Φ = a single tiling
into twenty-six regions of the front IR sensor. The GQ(λ)
step sizes were αθ = 0.3 and αw = 0.00001. As shown in
Figure 2, this demon learned to accurately predict the return
(time steps to impact) for each range of its sensors.
Figure 3 demonstrates a demon’s ability to accurately pre-

dict stopping times on different surfaces. Shown is the pre-
diction q̂ made on visits to a region of high velocity while
stopping (bold line) together with the actual return from
that visit (thin line). For this predictive question, we de-
fined a single demon that predicts the number of timesteps
until one of the robot’s wheels approaches zero velocity (i.e.,
comes to a complete stop) under current environmental con-
ditions. The robot’s behaviour policy was to alternate at
fixed intervals between spinning at full speed and resting.
The floor surface, and thus the nature of the stopping prob-
lem, was changed after visits 338 and 534.
The question functions for this demon were: π(s, stop) =

1, r(s) = 1, z(s) = 0, ∀s ∈ S, and γ(s) = 0 if the wheel’s
velocity sensor was below a fixed threshold, else γ(s) = 1.
The remaining answer functions were λ(s) = 0.1, ∀s ∈ S,
and Φ = a single tiling into eight regions of the wheel’s
velocity sensor. The GQ(λ) step sizes were αθ = 0.1 and
αw = 0.001. As illustrated in Figure 3, this demon learned
to correctly predict the return (time steps to stopping) on
carpet, then adapted its prediction when the environment
changed to air and then to wood flooring.
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The GQ(λ) Algorithm

‣An online algorithm

‣Linear complexity in the number of features

‣Stable off-policy under function-approximation

‣Memory and computation are only doubled

• Uses a second set of weights

‣Like Expected-SARSA when learning on-policy
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Subtleties of Learning 

‣Off-policy learning algorithm (GQ)

• Stability: see Hamidʼs talk

‣State parameterized continuation

• Can learn about episodic-style tasks

‣Answers weighted by behaviour state-distribution

• The state distribution can differ when off-policy

17
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Related ideas

‣Representation:

• Successor Representations

• Predictive State Representations

• TD Networks

• Horde uses any representation

‣Option-conditional prediction

• Horde learns in parallel, online & off-policy

18
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What use is the Horde?

‣An agent could seek knowledge for its own sake

‣The Horde learns many limited partial models

‣Several interesting questions

• How might knowledge be used directly?

• Can the Horde point to better representations?

• How to behave so as to acquire knowledge? 

19
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The Horde: 
Simple but Effective and Deep

‣Simple: learn RL-tasks in parallel

• Pose questions as expectations about the future 

• Learn answers online with linear algorithms

‣Effective: learns from sensorimotor experience

• Expressive, Learnable, Scalable, Off-policy

‣Deep: reinforcement learning for knowledge

20
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Learning Off-Policy Control

‣Behaviour: Biased Random

• Action= {TurnLeft,TurnRight,Stop} or LastAction 

• Timestep=100ms,  Experience ~ 3 Hours

‣Representation: 

• #Features= 6148 = 3x4x 83 + last action + bias

• #Active: 6 = 4 tilings + 1 bias + 1 last action

‣Question:
r=(sensor), z=0, π =greedy(q) , γ=.98 
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Training Behaviour
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Training Behaviour
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Learning Control Off-Policy
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Learning Control Off-Policy
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Learning Control Off-Policy
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Learning Control Off-Policy
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Learning Control Off-Policy
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Learning Control Off-Policy
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Learning Curves
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Figure 4. Illustration of policies learned by four control demons in the spinning experiment. The first panel

shows the standard starting position, and the other four panels show the motions from that position produced when control

was given to one of the eight learned demon policies each tasked to maximize a different sensor. By maximized sensor: IR9)

Robot quickly rotates clockwise and stops in the position that maximizes the IR proximity sensor on the side of the robot’s

tail; IRO) Robot quickly rotates counterclockwise, overshoots a bit, then settles in a position that maximizes the proximity

sensor between the robot’s ‘eyes’; MAGX) Robot rotates clockwise and stops at a position that maximizes the magnetic x-axis

sensor; VEL) Robot spins continuously, maximizing the wheel velocity sensor.

5.2 Off-policy learning of multiple

spinning control policies

Our third experiment examined whether control demons

can learn policies in parallel while following a random be-

havior policy, in other words, whether the demons can learn

off-policy, a crucial ability for the scalability of the architec-

ture. The action set in this experiment was {rotate-right,
rotate-left, stop}. The behavior policy was to randomly

select one of the three actions, with a bias (50% probability)

toward repeating the action taken on the previous time step.

The result of this behavior policy was that the robot would

spin in place in both directions with a variety of speeds and

durations over time. The state space was represented with

four overlapping joint tilings across three sensors: the mag-

netometer, one of the IR sensors, and the velocity of one

of the wheels. Each sensor was divided into eight regions

for the tilings, resulting in a total of 3 × 4 × 8
3
= 6144

binary features. One additional feature was provided as a

bias unit (always =1), and three additional binary features

were used to encode the previous action. The time step cor-

responded to approximately 100ms. The other parameters

were αθ = 0.1, αw = 0.001, and λ(s) = 0.4, ∀s ∈ S. Learn-

ing was done online, but the data was also saved so that the

whole learning process could be repeated without using the

robot if desired (this is one of the advantages of an off-policy
learning ability).

In this experiment we ran eight control demons in par-

allel for 100,000 time steps of off-policy learning with ac-

tions selected according to the behavior policy. Each demon

was tasked with learning how to maximize a different sensor
value. That is, their question functions were π = greedy(q̂)
and, for all s ∈ S, γ(s) = 0.98, z(s) = 0, and r(s) = the

value of one of eight sensors approximately normalized to a

0 to 1 range. The eight sensors used as rewards were four

of the IR proximity sensors, the magnetometer, the veloc-

ity sensor for one of the wheels, one of the thermal sensors,

and an IR beacon sensor for the charging station. To ob-

jectively measure the quality of the policies learned by the

eight demons, we occasionally interrupted learning to eval-

uate them on-policy. That is, with learning turned off, the
robot followed one of the eight learned demon policies for

250 time steps and we measured the demon’s return. We
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Figure 5. Learning curves for eight control demons learn-
ing off-policy in the spinning experiment. From extensive
experience spinning, eight control demons learned different poli-
cies each maximizing a different sensor. The graph shows the
performance of the policies, gathered in special on-policy evalu-
ation sessions during which learning was turned off. All demons
learned to perform near optimally. Rewards were scaled to the
range [0, 1], but because the beacon light flashes on and off, its
maximal average was 0.5.

repeated this for each demon ten times from each of three

initial starting positions (angles) to produce 30 measures of

the effectiveness of each demon’s policy at that point in the

training. These numbers were averaged together to produce

the learning curves shown in Figure 5.

Examples of the final learned behavior from four of the

demons are shown in Figure 4. These photos show typical

behavior, which in the case of all eight demons appeared to

successfully maximize the targeted sensor. In separate runs

we found that it would take approximately 25,000 steps each

to learn similarly competent control policies for a single de-

mon while behaving according to its policy as it was learned

(on-policy training). In only four times longer, we learned

eight demons in parallel, and could potentially have learned

thousands or millions more using off-policy learning.

Timestep=100ms
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Predicting Collision Time

‣Behaviour: 

• Action=Drive Forward; Drive Reverse; repeat

• Timestep=30ms,  Experience~ 25 minutes

‣Representation

• #Features= 26 tiles of FrontIR Sensor

• #Active: 1

‣Question:
r=1, z=0, π(s,FORWARD)=1 , γ=1[FrontIR>Threshold]
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Predicting Time-to-Collision
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Figure 2. Accurately predicting time-to-obstacle.
The robot was repeatedly driven toward a wall at a con-
stant wheel speed. For each of three regions of the sensor
space, for each time step spent in that region , we plot the
demon prediction q̂ on that step (bold line) and the actual
return from that step (thin line).

5.1 Subjective prediction experiments
Our first two experiments dealt with Horde’s ability to

answer subjectively posed predictive questions. Figures 2
and 3 show results on the Critterbot with instances of the
Horde architecture each with a single prediction demon. The
specific questions posed are ones that might be useful in en-
suring safety: ‘How much time do I have before hitting an
obstacle?’ and ‘How much time do I need to stop?’. In
both cases accurate predictions were made, and in the lat-
ter case they were adapted so as to remain accurate as the
experiment was changed from stopping on carpet, to stop-
ping when suspended in the air, to stopping on a wood floor.
The time step used in these experiment was approximately
30ms in length.

Figure 2 shows a comparison between predicted and ob-
served time steps needed to reach obstacles when driving
forward. Shown are the demon predictions q̂ on each step
(bold line) for each time step spent in a region of the sensor
space (a visit), and the actual return from that step (thin
line). The prediction was learned from a behaviour policy
that cycled between three actions: driving forward, reverse,
and resting. This is plotted for each of three regions of the
sensor space: IR=190–199, IR=210–219, and IR=230–239.
These represent three different value ranges of the Critter-
bot’s front IR proximity sensor.

The question functions for this demon were: π(s, forward)
= 1, r(s) = 1, z(s) = 0, ∀s ∈ S, and γ(s) = 0 if the value
of the Critterbot’s front-pointing IR proximity sensor was
over a fixed threshold, else γ(s) = 1. The remaining answer

Figure 3. Accurately tracking time-to-stop. The
robot was repeatedly rotated up to a standard wheel speed,
then switched to a policy that always took the stop action,
on three different floor surfaces. Shown is the prediction q̂
made on visits to a region of high velocity while stopping
(bold line) together with the actual return from that visit
(thin line). The floor surface was changed after visits 338
and 534.

functions were λ(s) = 0.4, ∀s ∈ S, and Φ = a single tiling
into twenty-six regions of the front IR sensor. The GQ(λ)
step sizes were αθ = 0.3 and αw = 0.00001. As shown in
Figure 2, this demon learned to accurately predict the return
(time steps to impact) for each range of its sensors.
Figure 3 demonstrates a demon’s ability to accurately pre-

dict stopping times on different surfaces. Shown is the pre-
diction q̂ made on visits to a region of high velocity while
stopping (bold line) together with the actual return from
that visit (thin line). For this predictive question, we de-
fined a single demon that predicts the number of timesteps
until one of the robot’s wheels approaches zero velocity (i.e.,
comes to a complete stop) under current environmental con-
ditions. The robot’s behaviour policy was to alternate at
fixed intervals between spinning at full speed and resting.
The floor surface, and thus the nature of the stopping prob-
lem, was changed after visits 338 and 534.
The question functions for this demon were: π(s, stop) =

1, r(s) = 1, z(s) = 0, ∀s ∈ S, and γ(s) = 0 if the wheel’s
velocity sensor was below a fixed threshold, else γ(s) = 1.
The remaining answer functions were λ(s) = 0.1, ∀s ∈ S,
and Φ = a single tiling into eight regions of the wheel’s
velocity sensor. The GQ(λ) step sizes were αθ = 0.1 and
αw = 0.001. As illustrated in Figure 3, this demon learned
to correctly predict the return (time steps to stopping) on
carpet, then adapted its prediction when the environment
changed to air and then to wood flooring.

Timestep=30ms
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