ADAPTIVE LOOK-AHEAD PLANNING

Sebastian Thrunyz  Knut M"ollerz  Alexander Lindeny
yGerman National Research Center for Computer Science
D{5205 St. Augustin, Postfach 1240, F.R.G.
e-mail: st@gmdzi.uucp, al@gmdzi.uucp
zUniversity of Bonn
Department of Computer Science
D{5300 Bonn, R"omerstr. 164, F.R.G.

Abstract
We present a new adaptive connectionist planning method. By interaction with an environment
a world model is progressively constructed using the backpropagation learning algorithm. The
planner constructs a look-ahead plan by iteratively using this model to predict future reinforcements. Future reinforcement is maximized to derive suboptimal plans, thus determining good
actions directly from the knowledge of the model network (strategic level). This is done by
gradient descent in action space.
The problem of nding good initial plans is solved by the use of an \experience" network
(intuition level). The appropriateness of this planning method for nding suboptimal actions
in unknown environments is demonstrated with a target tracking problem.
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Introduction
Undoubtedly planning is an important and powerful concept in problem solving [12]. Planning concerns
the synthesization of a sequence of actions to achieve a speci c goal.
Connectionist approaches so far rely on an associative mapping, which selects good actions given environmental state descriptions. These are based on the interaction of a world model and an action generating
network [1, 2, 6, 10, 11, 14, 15, 20]. We recognize three major problems with these approaches:
1. Since no explicit consideration of the future is made, future e ects of actions must be directly encoded
into this world model mapping, thus model learning becomes complicated.
2. After learning the integration of additional constraints is not possible.
3. While the model network is an essential part of the training of the action network, the learning of
the latter lags behind that of the former.
In this paper we present a new connectionist planning procedure. Our model network learns one-step
predictions by observing the environmental mapping [2, 6, 11]. In this way training information is immediately available and model learning is easier and faster. With such a model network a look-ahead plan
is constructed and subsequently optimized. We demonstrate the performance of this planning procedure
through simulations on a target tracking problem.

Reinforcement Learning
In common supervised learning tasks usually an explicit target pattern is known for each situation. E.g.
if we train a network to nd optimal actions in a controlling task, supervised learning can only be used
if these optimal actions are known to the teacher. However, when supervised learning is used for tasks
where only a simple reinforcement signal is received, then the optimal actions (the targets) are not known
a priori. Instead this reinforcement signal evaluates all past actions: the better the actions of the past,
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Figure 1: Training of the world model by error comparison and backpropagation. The model is learning
to predict subsequent world states and reinforcements.
the better the reinforcement. Since the reinforcement is an unstructured overall signal, the problem with
reinforcement learning tasks is the assignment of particular reinforcements to particular actions in the past.
This problem is called the temporal credit assignment problem.
Many approaches use a network which solves this problem directly [1, 11, 17]. This network, the controller
network, learns to generate actions that optimize the whole future reinforcement. Obviously the quality of
actions depends strongly on future actions. Thus if the controller generates an action, future actions are
implicitly contained in this decision.
The planning procedure presented in this paper does not solve the temporal credit assignment problem
directly, although the experience network described below can be considered as a solution for this problem.
Instead of assigning a quality value to each possible action, actions are optimized by a look-ahead planning
procedure which optimizes actions with respect to the next N reinforcements. This implies the assumption
that the e ect of a certain action to the reinforcement occurs in the next N time steps { similar assumptions
are also made in [1, 17]. N can be an arbitrary number { the computational costs of the optimization steps
are linear in N . Moreover, N can be determined at planning time dynamically.

The World and the World Model
Planning is a hypothetical process, in which future states and future actions are involved. If we consider
future events for nding optimal actions, it is not sucient to work with the real world only. Indeed, some
kind of a world model is demanded, which learns gradually to mimic the qualities of the real world. The
training of this world model is a system identi cation task.
In this paper, we use a multilayer di erentiable, non-recurrent connectionist network for modeling the
world (c.f. gure 1). This network is trained by backpropagation to predict the behavior of the world
[1, 2, 6, 10, 14, 20].
Formally, the world considered in this paper is de ned as a mapping, which maps an action vector ~a(t) with
a current state ~s(t) to a subsequent state ~s(t+1) and reinforcement ~r(t+1). Before training, the mapping
of the world is unknown. Hence by exploring the world we obtain training information for the world model:
if we change the world's state at time ~s(t) by an arbitrary action ~a(t) (e.g. random action), we obtain
a subsequent state vector ~s(t+1) and a corresponding reinforcement ~r(t+1). These signals are used as a
teacher signal for training the world model. At the same time we use the model network for predicting the
state ~spred (t+1) and reinforcement ~rpred(t+1). If we compare predicted and real state and reinforcement,
we can compute an error gradient, which is used for adapting the internal parameters of the model network
{ namely the weights and the biases { in order to decrease the prediction error (c.f. gure 1). This is done
by propagating the error back through the network using the backpropagation algorithm [16, 18].

Adaptive Look-Ahead-Planning
The planning procedure presented in this paper is an approximation procedure, which starts with a initial
plan and improves this plan stepwise by gradient descent in order to maximize the next N reinforcements.
Let us assume we have such an initial N -step look-ahead plan. This is a sequence of proposed actions for
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Figure 2: Planning with a chain of adaptive model networks. The black arrows indicate the activation
stream, the grey arrows the energy gradient ow. With the actual world state the reinforcement for the
next N steps is predicted with respect to a plan. Then the plan is changed in small steps in order to
maximize the reinforcement.
the next N time steps starting at the actual time t:
~aplan (t); ~aplan(t+1); :::;~aplan(t+N {1):
(Some heuristics for obtaining initial plans are explained below.)
Now we can use the model network for predicting the subsequent state ~spred (t+1) and reinforcement
~
rpred(t+1). If we assume that this prediction is a good approximation of the real state, we can build up a
chain of N copies of the model network for forecasting the next N {1 states and reinforcements (c.f. gure
2). Thus we obtain a prediction for all reinforcements
~
rpred (t+1); ~
rpred(t+2); :::; ~
rpred(t+N )
in this look-ahead window.
For improving the actions with respect to the predicted reinforcement we use a gradient descent algorithm
in action space [7, 8, 19], which will be derived in detail in the next section. It computes the gradients of
the reinforcement with respect to the plan, which give us the information, how to change the plan in small
steps in order to improve its performance.
The whole procedure described above is to be repeated. After a xed time or if convergence is observed
the algorithm is terminated and the rst action of the resulting plan ~aplan (t), the result of the planning
procedure, is executed from the environment
~a(t) = ~aplan(t):
This action is a (sub-)optimal action, i.e. which yields (sub-)optimal reinforcement regarding the current
model network.
In the next section we derive a feed-forward algorithm for computing the desired gradients and then we
discuss how to obtain initial plans.

The Feed-Forward Algorithm for Gradient Search in Action Space
As mentioned above the environment is modeled by a non-recurrent multilayer backpropagation network.
This restriction is sucient for our simulation results { the extension of the algorithm to recurrent networks
[3, 4, 5, 9, 13, 14, 15, 21] is straightforward and shown in [18].

and action vector are the external input I~(t) of the model network; for all non-input units this external
input is 0. The output of the network is the predicted state and the predicted reinforcement, thus the
number of input units, which receive state values, is equal to the corresponding output units { this is
crucial for concatenating the world models.
Let the activation function of each unit be given by
xk (t) = k (netk (t)) + Ik (t) with netk (t) =
wkj xj (t) + k :
(1)

X
j

Here xk (t) denotes the activation value of unit k at time t, wkj the weight from unit j to unit k, k the bias
of unit k, Ik (t) the external input of unit k at time t and k denotes an arbitrary di erentiable squashing
function, usually k (netk (t)) = (1 + e?netk (t) ){1 .
Let us assume that we have some initial plan. As described in gure 2, the actual state of the world ~s(t)
and the actions of the plan are propagated through the chain of models using the activation function (1).
Note that the external input Ii (t+s) for each state input unit i of the sth copy of the model network
(1  s  N {1) is fed with the activation xi (t+s{1) of the corresponding state output unit i0 of the
preceding model copy. The external action input Ij (t+s) is fed with the corresponding action aj (t+s) of
the plan.
Unlike the state predictions, which are used directly in the plan evaluation chain, the reinforcement predictions ~rpred (t+ ) (1    N ) are used for optimizing the performance of the plan. In order to improve
these future reinforcements we de ne a reinforcement energy function Er :
0

0

Er

=

1
2

=

1
2

X( ? ( + ))  ( ? 1)  (
X{ X ( )( ? ( + ))
N

~
ropt

~
rpred t 

I~
g 

 =1
N 1

gk 

ropt;k

xk t 

~
ropt

? ~rpred(t+ ))T
(2)

2

 =0 k

(this holds since the predicted reinforcement ~rpred (t+ ) is the activation of some output units xk (t+ {1),
c.f. gure 2.) Here I is the identity matrix, ~g is a weighting function, in the simplest case ~g  (1; :::; 1),
and ~ropt is the optimal reinforcement, e.g. ~ropt = (1; :::; 1).
In the sequel we show how to compute the gradients of Er with respect to the plan. These tell us how to
change the actions of the plan in order to improve the predicted reinforcement, thus how to optimize the
plan with respect to our world model.
One way of computing the gradients of Er with respect to the actions is using backpropagation through
the spatial unfolded time-structure [16, 19]. Since no dynamical determination of the plan length N is
possible by using this backpropagation-in-time technique, we will derive a pure feed-forward algorithm for
computing these gradients.
Let us de ne the gradient of each activation xk with respect to the external input Ii (t+s) by
k
is
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If we know these gradients for all input units i, all reinforcement prediction units k and all time steps
2 f0; 1; :::; N {1g we can compute the desired gradients for changing the actions with the stepsize
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Since at non-recurrent multilayer networks input units receive only external input (i.e. netk  0) and the
remaining units, the hidden and output units, receive only internal input (Ik  0), (5) reduces to:
k
k action input unit:
is
( ) = ik s
j
k
wkj is ( )
(6)
k no input unit:
is ( ) = k0 (netk (t+ ))

X
j

So far, we have derived a rule for propagating gradients through one copy of the model network, namely
to derive the gradients of the output activations from those of the input units. It remains to state a
propagation rule for propagating these gradients forward through the whole chain of model networks.
Since the state prediction ~spred (t+ ) is used as the state input ~s(t+ +1) for the next time step, for each
state input unit k and the corresponding state output unit k0 the gradients are equivalent:
k
k state input unit:
is
( ) = isk ( {1)
(7)
0

With the equations (6) and (7) the gradients of the reinforcement energy function with respect to all actions
of the plan are computed. According to (4) these actions are changed in small steps in order to decrease
Er :
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for all action vector components i, the corresponding input units i0 of the model network and all plan steps
s  N {1.

Variable Plan Lengths
The advantage of our feed-forward algorithm unlike backpropagation-through-time is the possibility to
determine plan lengths dynamically at planning time. During construction of the model chain we propagate
both activations and gradients  forward through the network. Thus after each look ahead into future we
know by de nition (3), how an in nitesimal small change of the rst action of the plan ~aplan (t) e ects the
actual state predictions ~spred (t+ ).
Instead of the real world we use the world model for planning and predicting future e ects. Hence this
model does not match the world exactly but approximates its behavior, look-ahead planning can be cut as
soon as the estimated error of the current model network is larger than (a constant c times) the maximal
estimated e ect of ~aplan (t) to activations of the actual copy of the world model. Then the model is too
inaccurate { further look ahead is not expected to turn out precise new information. One obtains an
estimation for the error from the model training procedure: for example, the minimal or average observed
error can be taken as a lower bound of this error.

Initial Plans { The Experience Network
There are a lot of di erent strategies for nding initial plans. They can be derived by heuristics like

 random, last or average action (if exists),
 rest of the last plan (if exists) or
1



denotes the Kronecker delta.

Figure 3: Target tracking { basic strategy: The system (boxes, arrow) moves always into the target's
(crosses) direction.

 local optimization: Starting with one of the above initial actions only the one-step reinforcement

is optimized by gradient descent. This strategy produces suboptimal actions with respect to the
immediate next predicted reinforcement.

If some planning took place before, one should use the rest of the previous plan, N {1 actions, as the rst
N {1 actions of the new plan. This reduces the problem of nding an initial plan to nding the last action
of the initial plan only.
Despite of those fast static strategies it is interesting to investigate adaptive modules for determining initial
actions. One adaptive way of nding initial plans is the use of an experience network in addition to the
world model network. This network is trained in a supervised manner (e.g. with backpropagation) to
compute the resulting action of the training procedure from the current state. The experience network is
similar to the control network described in [1, 17], but it is used in a di erent way. Its output is optimized
by our planning procedure before it is given to the world.
The advantage of using an experience network is that the time-consuming planning procedure is shifted
gradually to the experience in the experience network. This decreases the whole planning computation
time.

Simulation Results: Target Tracking
We tested our planning method on a target tracking task. The system tried to reach a target in a twodimensional space. The target's policy was not to ee in a xed direction, but to move always 90 to the
current direction of motion of the system. The system had to learn the policy of the target for reaching
the target as quick as possible.
It was sucient to use a one layer world model network for predicting states and reinforcements. The state
input and output consisted of the actual coordinates of system and target object. The action was also a
two-dimensional vector, which pointed into the movement direction of the system { the length and thus
the speed of a movement was xed. The goal was to minimize the euclidian distance between system and
target. Corresponding to the two dimensions of the plane the reinforcement was split into a horizontal
and a vertical component, each of which was simply de ned as the di erence between target and system
coordinate. The reinforcement error function Er described above measured the euclidian distance, such that
minimizing Er was equivalent to minimizing this distance. In addition, we used a two-layered experience
network with four hidden units for learning the planning results and proposing good initial plans.
For reaching the target in as few steps as possible, the immediate reinforcement should not be optimized due
to later reinforcements. This is illustrated in gure 4: if the system uses the simple strategy to maximize

Figure 4: Target tracking { the analytical optimum
the next reinforcement { this would be a non-planning system expected to do { the system will always
move in the direction of the target. Obviously this is not the optimal trajectory. The theoretical optimum
is shown in gure 5. In this case neither system nor target changes its direction.
The planning process was conducted with a look-ahead N  7. The reinforcement weighting function was
gk ( ) = 2 and the adaptation rate depended also on  :  = 21  2{ . The learning rate of the model and
experience network were model = 0:1 and exp = 0:05.
After about 3500 training cycles we observed the trajectories shown in gure 6. The planner always found
a close to optimal solution. This demonstrates the appropriateness of the method for nding suboptimal
actions at the target tracking task.

Discussion
The optimization technique used in this paper is a gradient search procedure. Since look-ahead planning,
as it is presented in this paper, does not depend on a special optimization method, one can use arbitrary
numerical optimization like genetic algorithms etc. as well. In using gradient search techniques we have
made certain assumptions about the environment. One is continuity, i.e. similar actions imply similar
subsequent states and reinforcements. This has also been assumed in the use of continuous connectionist
networks for modeling the environment. Another is that the initial plan is in the Er -valley of the resulting
plan. Therefore the choice of the initial plan is essential for the quality of the planning result.
On control problems usually many solutions exist for achieving a certain goal. E.g. inverse kinematics are
often characterized by in nitely many solutions with di erent properties. Many connectionist approaches
reduce this one-to-many mapping to a one-to-one mapping [1, 17, 11, 2, 6, 10, 11], since the action generator,
the control network, is a mathematical function. Therefore often a marginal constraint like smoothness
etc. is also optimized. The planning procedure, as it is presented above, is able to perform one-to-many
mappings as well. For example, this can be done if the selection of initial plans is a probabilistic process or
if the adaptation of the plan's action might be combined with a probabilistic search procedure, such that
the planner is able to nd di erent results at the same con guration. Up to now no simulation results are
available { maybe we will present a probabilistic planning procedure in a later paper.
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