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Abstract. This paper deals with the problem of energy constrained gait
optimization for bipedal walking. We present a solution to this problem
obtained by applying a recently introduced heuristic method, the Alliance Algorithm (AA), and compare its performance against a Genetic
Algorithm (GA). We show experimentally that the intrinsic ability of
the AA to handle hard constraints enables it to ﬁnd solutions signiﬁcantly better than the GA. Also with the constraint removed the AA
show more reliable optimization results. Finally, we show that the ﬁnal
gait obtained through this method outperforms most solutions to this
problem presented in previous works, in terms of walking speed.

1

Introduction

Despite a large amount of literature on the topic, general walking gait generation
for bipedal robots is still very much an open problem. It is a hard problem
due to the high dimensionality of a typical bipedal robot with many joints,
the complexity of the dynamics of the system, and the diﬃculty of creating an
accurate model that could enable supervised learning; given an arbitrary bipedal
robot it is not obvious what the speciﬁcs of the motion of a good walking gait
look like, one can often only formulate requirements that such a walk should
meet.
One of the most important of these requirements is stability. Physical models
of the walker’s dynamics can be used to solve this problem, usually done using
methods based on stability concepts such as the zero-moment point (ZMP) [13]
or zero rate of angular momentum (ZRAM)[3]. But in practice it can be diﬃcult
to derive such a model, and gaits generated with these methods generally do
not meet another important requirement: speed. We apply the gait generation
problem to the scenario of competitive robotic football, where speed is a major
decider. Finally, in real systems a third requirement is energy eﬃciency; a fast,
stable walk is not useful when it depletes the walker’s energy source before the
end of its task. In this paper we will handle all three of these requirements.
Besides the already mentioned ZMP and ZRAM based methods, a range of
other classes of gait generators have been put forward to solve this problem,
such as central pattern generators (CPG) [5], and ones based on Fourier series
[14], to which the generator used here is related. The methods in these classes
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Table 1. Gait generation parameters
Parameter
T
αup
αf w
αside
αturn
αlean
θvel
θacc
θEM A

period
max up/down amp
max forward/backward amp
max sideway amp
max turn amp
max lean amp
bend velocity factor
bend acceleration factor
EMA ﬁlter coeﬃcient

Range
[0 − 1]
[0 − 40]
[0 − 70]
[0 − 25]
[0 − 40]
[0 − 30]
[0 − 45]
[0 − 40]
[0 − 1]

Unit
(s)
(deg)
(deg)
(deg)
(deg)
(deg)
(deg)
(deg)

have diﬀerent levels of complexity, biological plausibility and required levels of
knowledge about the walker’s dynamics. However, what they all have in common
is that they rely on a set of parameters for which optimal values have to be found.
Thus, before deciding upon a gait generating method, it is important to have
good optimization methods available. In this paper we will contribute to this by
applying the recently introduced Alliance Algorithm (AA)[1] to the problem of
ﬁnding good parameter settings for a gait generator.
In the following section we will discuss in more detail the bipedal walking
problem and the speciﬁc gait generator that we use. In section 3 we will describe
the Alliance Algorithm. Next, we discuss how this method relates to popular
other optimization methods. Section 5 will present the experiments performed
to test the performance of the AA, and the results obtained. Finally, we will
discuss these ﬁndings in section 6.

2

Problem Formulation

The problem that we address here is to ﬁnd an optimal solution for a walking
behavior for a robot in a simulated environment (Spark/RCSSServer3D [9]). Our
gait generator is similar to the one described by Morimoto et al [8], in that it
works by combining several basic oscillatory movements: 1) move feet up/down,
2) forward/backward, 3) left/right, 4) turn feet, and 5) lean left/right. These
basic movements are created by sinusoidal oscillations of the joints, and walking
is achieved by selecting the right phase for each and summing the basic motions,
weighted relatively depending on the desired walking speed and direction. The
phase-locking method to increase lateral stability used by Morimoto et al is not
used here; in the scenario considered here frontal stability is a bigger issue. As
a basic method to decrease this stability, the torso is bent backward or forward
by a certain angle, based on a linear function of the desired walking speed and
acceleration. Finally, an exponential moving average (EMA) ﬁlter is applied to
smoothen changes in direction given by higher level behaviors. This results in
the 9 parameters listed in table 1, the collection of which we denote with θ.
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Fig. 1. Example trajectory

The problem then consists of optimizing these parameters in order to maximize the walking speed. As a proxy for this we use an objective function F (θ)
that measures the ﬁnal distance to a target point after an episode of a ﬁxed
amount of time, where a smaller distance is better. This choice was made over a
function measuring simply the distance traversed in the episode since this could
result in a gait that walks fast, but in the wrong direction. The chosen objective
function also captures the requirement of stability, since an unstable gait that
will make the robot fall will get less far.
In particular, the objective function measures the distance to a target point
after an episode of ﬁxed time. Figure 1 shows the trajectory of a sample run. The
robot is placed in the bottom left corner of the simulated football ﬁeld (marked
‘A’) and aims to walk to the upper right corner (marked ‘B’), 21.6m away. It
initially faces the bottom right corner (marked ‘C’), to ensure that stable and
fast turning is included in the optimization process. A ﬁxed higher level system
determines the walking and turning speeds at each time step, the task of the
optimization system is to ﬁnd the best parameters given this input. A single run
consists of 20 seconds of simulation time. Further details of the experimental
setup are given in section 5.
As mentioned in the introduction, speed and stability are not the only requirements; another important consideration is energy eﬃciency. Instead of including
the energy use into the objective function, our methods allow us to explicitly
pose an a-priori, ﬁxed upper bound. This important beneﬁt removes the necessity of elaborate calibration of the objective function to achieve the correct
trade-oﬀ.
The energy Ej used by a joint j during time step t for some parameter assignment θ is determined by:
Ej,t (θ) = Pj,t (θ)Δt = (τj,t (θ) · ωj,t (θ))Δt,

(1)
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where P is power in Watt, Δt is the length of time step t, τ is torque in Newton
meter, and ω is angular velocity in radians per second. These latter three quantities can be obtained from the simulation, and summing the energy values over
all joints and all time steps results in 
the total energy consumption as a function
of the chosen parameters: Etot (θ) = j,t Ej,t (θ).
Finally, we can formulate the problem to be solved as:
max F (θ) subject to Etot (θ) ≤ T,
θ

(2)

where T is a certain ﬁxed threshold. One of the main contributions of the work
presented here is the inclusion of a hard constraint, though for completeness we
will also handle the unconstrained version.

3

The Alliance Algorithm

The Alliance Algorithm (AA) [1] is based on the metaphoric idea that a certain
number of tribes struggle to conquer an environment, which oﬀers resources to
survive. Two features characterize each tribe: its strength, and the resources
necessary for its survival. In order to increase their strength, the tribes may
enter into alliances. This alliance then is characterized by a new strength and
amount of necessary resources, dependent on the features of the tribes inside
the alliance. The AA proceeds by forming alliances that will be more preferable as their strength is higher than other alliances, but do not consume more
than the maximum available amount of resources. The algorithm will end when
the strongest alliance is created: it will be able to force out other alliances and
conquer the environment, while still meeting its resource constraints. The combination of the tribes that compose the strongest alliance represent the solution
of the problem. After convergence it is possible to perform another iteration of
the algorithm, starting with tribes that are inﬂuenced by the strongest alliance
of the previous iteration, to further reﬁne the solution.
Given a certain problem with a certain solution space:
– A single tribe t is composed of the tuple (θt , st , rt , at ), i.e. a point in solution
space θa , a strength st , a resource demand rt , and an alliance assignment
at .
– The set of alliances is a mutually disjoint partition of tribes. Each alliance a
again represents a point θ a in the solution space, deﬁned by the tribes that
compose the alliance and a problem speciﬁc joint function.
– The strength si of tribe or an alliance is the value obtained with the objective
function on the respective solution:
si = F (θ i ).

(3)

– The amount of resources needed by a tribe or an alliance is the value obtained
by a constraint function on the respective solution:
ri = E(θ i )

(4)
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(a)

(b)

(c)

Fig. 2. Dynamics of the Alliance Algorithm. a) Tribes form alliances in an environment
with limited resources. b) A tribe can join another alliance. c) By doing so, an inferior
tribe can be removed from the alliance.

Initially, N tribes are generated, where the assignments of θ for each tribe can
be taken at random, as done in the experiments presented here, or in a problem
speciﬁc way when higher level prior knowledge is available. Each is assigned a
unique ID t ∈ [1−N ], and its strength st and resource demands rt are determined
using F (θ t ) and E(θt ). These properties of the tribes are now ﬁxed; as is shown
below, movement through solution space during execution of the algorithm is
accomplished by the metaphoric aggregation process, i.e. the formation of the
alliances and by doing so the combination of tribes, accomplishes movement in
the solution space. To ﬁnalize the initialization, each tribe is assigned to its own
alliance, such that at = t. After this point, the ID of an alliance will always be
set to the lowest ID of its member tries. This is done to guarantee that each
alliance us uniquely identiﬁed and to maintain a necessary ordering. Note that
an alliance can become empty if the last tribe in that alliance joins an alliance
that already contains a tribe with a lower ID. In the remainder of the text we
will treat single tribes as ‘alliances of one’ where applicable.
After initialization, the algorithm starts to iteratively search for the best possible alliance. To do so, at each step ﬁrst a token is given to an alliance (in
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our experiments randomly, but again this can be adapted with a diﬀerent token
function), which can now ask a tribe outside of the alliance if it wants to join
this alliance. The method of selection a tribe to ask can again be implemented
diﬀerently for diﬀerent problems, here random selection is used. However, the
alliance receiving the token can choose only tribes that it did not ask before.
The request of the alliance to the chosen tribe can have one of several outcomes,
dependent on a given decision function.
To exemplify, assume the generic case shown in Fig.2(a), where the tribes of
the ﬁrst alliance are:


(s1 , r1 , a1 ), . . . , (sp , rp , a1 ) ,
and that the tribe that received the request, tribe x, is part of an alliance containing the following tribes:


(st , rt , at ), . . . , (sN , rN , at ) ,
where 1 is the minimum of the IDs of the tribes in the ﬁrst alliance, t of the
tribes in the second, and x > t.
The possible responses (used for our purposes) to the request are:
1. Tribe x can join the ﬁrst alliance, and by doing so abandon the second alliance, as shown in Fig. 2(b). This results in the two alliances now containing:
 


(s1 , r1 , a1 ), . . . , (sx , rx , a1 ), . . . , (sp , rp , a1 ) , (st , rt , at ), . . . , (sN , rN , at )
2. Tribe x can join the ﬁrst, and by doing so abandon the second alliance, and
replaces an inferior tribe y in this ﬁrst alliance, as shown in Fig. 2(c). This
now results in three alliances:
 


(s1 , r1 , a1 ), . . . , (sx , rx , a1 ), . . . , (sp , rp , a1 ) , (st , rt , at ), . . . , (sN , rN , at ) ,


(sy , ry , ay )
3. Tribe x does not join the new alliance when the resulting new alliance is not
stronger than the tribe’s current alliance, or when the resource consumption
of the resulting new alliance is to high.
After that has been decided an action, the eﬀective movement of the tribes
and/or alliances and an update of all the data structures is performed, and
another cycle is started with the assignment of the token to another alliance.
In this way, alliance are formed and broken iteratively, until convergence. This
happens when all alliances have asked all other tribes to join without success,
and therefore no changes are made. Now, the strengths of all ﬁnal alliances
are compared, and the alliance that has the highest strength without exceeding
the available resources wins. The point in solution space θa represented by this
alliance is the ﬁnal solution of the problem. Another iteration of the algorithm
can be started, seeded with new tribes that can have characteristics similar to
the previous strongest alliance, as chosen by the initialization function.
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There are several parameter values and functions that have to be chosen
when using this algorithm. For the particular problem handled in this paper, a
tribe is composed of values for the 9 continuous gait generation variables, within
their range as listed in table 1. The initialization function uses uniform random
values within this range at in the ﬁrst iteration, but in subsequent iterations,
the values are inﬂuenced by the best solution of the previous iteration. Every
time that the algorithm restarts, the section of the solution space from which
tribes are sampled is centered around the currently known best solution and
reduces 5% in size compared to the section used in the previous iteration. A
tribe is only allowed to join another alliance only if the passage is convenient for
both the entities (in terms of strength and resources) involved in the transition,
otherwise the tribe will not join the new alliance. Finally, as mentioned before,
the solution of a particular alliance is a function of its tribes, which means that
the single tribes are placed in a particular area of the solution place, but when
they join together the resulting alliance is placed in another area according to
some combination function. For our purposes, this combination is an averaging
over the parameter values of the tribes.

4

Related Methods

Similar to a Genetic Algorithm (GA) [4] where individuals can be combined, e.g.
through cross-over, the AA moves through solution space by merging solutions.
The important diﬀerence however, is that in the AA the resulting solutions can
be ‘broken up’ again, when the combination did not turn out to be beneﬁcial in
the end. In the AA’s pure form, combination is the only search operation,
   which

N
N
means that an initial seeding with N tribes deﬁnes a set of
+
+
1
2
 
N
··· +
possible alliances that the algorithm will search through. However,
N
as we discussed it is possible to perform multiple iterations, where the tribes in
a new iteration are generated to be similar to the winning alliance of the last, in
order to increase the search space. When doing so, as we have shown, one can
also reduce the size of the section of solution space from which new tribes are
sampled, to ’home-in’ on and reﬁne the best solution, analogous to gradually
decreasing the temperature in Simulated Annealing [7].
In the AA, tribes work together to ﬁnd a better solution, something that is also
accomplished, in diﬀerent ways, by some other optimization algorithms, such as
Ant Colony Optimization (ACO) [6] and Particle Swarm Optimization (PSO)
[2]. However, in the AA every tribe is essentially selﬁsh and joins with other
tribes only if there is an advantage to itself. There is no ﬁxed ‘social contract’,
and every separate tribe and alliance will take any opportunity to conquer the
environment. Moreover, in ACO and PSO the individuals move through solution
space according to the set of rules of the respective algorithm, whereas in the
AA the tribes themselves do not have the tendency towards going near the best
solution. Instead, they can join together to form an alliance that will be placed
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in another area of the solution space, possibly far from the solution represented
by the individual tribes.
The selﬁsh behavior of the tribes make the AA also related to greedy search
(used in e.g. [11] for the same problem as presented here), but, again, the option
of a tribe to leave an alliance directly creates the possibility of backtracking and
trying alternative combinations.
Another popular method showing overlap with the AA is the Covariance Matrix Adaptation-Evolution Strategy (CMA-ES). This is an optimization algorithm based on updating the covariance matrix of a distribution over solutions
in order to make the sample previously successful search steps more likely. In
this algorithm, new samples are combined through weighted averaging to arrive
at a new mean of the distribution. This is similar to how we will form alliances
by averaging the solutions of their tribes. However, in the AA one can choose
any other recombination method, whereas averaging is a ﬁxed integral part of
the CMA-ES. Moreover, the mean of all the sampled solutions as used in the
CMA-ES is a particular case of the AA in which all the tribes ally together in
a single big alliance. This normally however does not happen, as alliances do
not accept detrimental solutions, and, in contrast to the CMA-ES, the AA can
break up combinations again at a later stage if that turns out to be beneﬁcial.
Finally, the AA aggregates in a way similar to the NEAT algorithm [12], which
is a method used for growing the topology of a neural network. The diﬀerence
with the AA is that there is only one topology that evolves and could increase
indeﬁnitely in size, but in the AA there are several alliances that can interact
each other and their size is limited by the initial set of tribes.

5

Experiments

In this section we will present the experiments performed to test the performance
of AA on the gait generation problem. Besides obtaining pure performance measurements for AA, we will also present a comparison of AA with a GA. This was
chosen as the most important comparison method, because it is well understood,
and has been used successfully for the purposes presented here, by the authors as
well as by others [10]. One of the main beneﬁts of AA is the straightforward way
of including hard resource limitations. However, to our knowledge no previous
work including such constraints has been performed in the scenario used here,
so for completeness and to be able to compare better with related work, we have
also performed experiments without energy constraints.
The parameters used for the AA are: number of tribes N = 10, and the size
of the solution space is reduced 5% after each iteration. For further choices of
the diﬀerent functions of the algorithm, see section section 3.
As mentioned before, a Genetic Algorithm (GA) is used as a reference. Here,
each individual consists of a single instantiation of the 9 walking parameters,
where each parameter forms a gene. During evolution a population size of 60
is used, with a cross-over rate of 0.1, and a mutation rate on each gene of 0.1.
Tournament selection with tournament size 5 is used as the selection method.
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Fig. 3. Best solution found, against cumulative amount of evaluations performed, without energy constraint. AA = Alliance Algorithm, GA = Genetic Algorithm.






















 









Fig. 4. Best solution found, against cumulative amount of evaluations performed, with
energy constraint. AA = Alliance Algorithm, GA = Genetic Algorithm.

Firstly, we have performed 4 unconstrained experiments with the AA and 4
with the GA, and have recorded the best solutions after each iteration/generation.
These values are plotted in Fig. 3 against the cumulative number of evaluations
of the objective function, i.e. the total number of runs of the scenario of Fig. 1.
Note that this number is ﬁxed for each generation of the GA (i.e. 60), but that
the number of evaluations for a single iteration of the AA is not ﬁxed, and in
our experiments ﬂuctuates around 60.
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Secondly, we introduced the energy constraint. After analyzing the solutions
found in the ﬁrst set of experiments, a maximum total energy consumption of
150,000 Joule was chosen as a threshold in order to give a suﬃcient limitation
without constraining the solution space too much. In the AA, this was readily
incorporated as the amount of resources available in the environment. Applying
such a constraint to a GA, or other similar methods, is less straightforward and
can require additional bootstrapping experimentation. In this case, we arrived
at including the energy use in the objective function as a negative penalty, but
only when this exceeds the maximum of 150,000 Joule. Due to the diﬀerence in
scale of several orders of magnitude between distance traversed and energy use,
this results in a semi-lexicographic selection that preserves a gradient outside
of the constraint. However, it is important to note the relative arbitrariness of
this choice compared to the AA. The development of the best solutions for these
scenarios is shown in Fig. 4.

6

Discussion

The results presented in the previous section oﬀer several insights into the usability of our methods. Firstly we can note that the fastest gait, found by the
Alliance Algorithm, achieved an average speed of 0.93 m/s. As a compariosn,
Shaﬁi et al [10] have presented to application of PSO with a gait generator similar to, but less restricted than, the one we use, which obtains a speed of 0.77
m/s. Also compared to speeds obtained by some of the high ranking teams in
the RoboCup 3D Soccer Simulation competitions, reproduced from [11] in table
2, our best gait scores well. Especially when one notes that the measurements of
Table 2. Comparison of the average speed in diﬀerent teams
Team
Proposed Approach
Shaﬁi et al
BoldHearts
Wright Eagle
SEU
Bats

Speed (m/s)
0.93
0.77
0.68
0.67
1.20
0.43

the other gaits have been made on a straight walk, whereas in our experiments
the agent is presented with the additional handicap of having to ﬁrst turn into
the right direction.
When we look at Fig. 3, we see that the GA is able to ﬁnd a solution with
performance close to that found by the AA. However, this only happened in one
out of the 4 performed experiments, where it was lucky to already have a good
solution after the ﬁrst generation, and still after close to twice the amount of
evaluations of the objective function than the slowest run of the AA. In the other
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three experiments all ﬁnal solutions were inferior. In contrast, each run of the
AA was able to ﬁnd a solution close in performance to the optimal one found,
with half of the time doing so within just 500 evaluations.
In the main results of this paper, those of the experiments with energy constraints, this diﬀerence is increased further. To our surprise, both methods found
solutions with speed not far from that of the best unconstrained solution, even
though the solutions in the ﬁrst set of experiments went well above the energy
constraint. However, again the GA only happened on a solution of this quality once; the other three runs resulted in solutions that were much worse. The
AA on the other hand again managed to ﬁnd a good solution in each of the 4
runs. A GA that uses another method to incorporate the energy constraint may
perform better. However, such trial-and-error calibration of the algorithm can
consume a lot of time, especially in scenarios like the current one where many
evaluations of the objective function are very costly. In contrast, the AA naturally accommodates for hard constraints such as the constraint on total power
consumption.
Visually it is diﬃcult to discern the qualitative diﬀerence between the eﬃcient
and ineﬃcient solutions. However, analysis of the solution parameters indicates
that in the constrained experiments gaits with lower frequencies are preferred,
which results in energy saving thanks to lower angular rates and accelerations.
The results presented in this paper show that the AA can oﬀer a fast and
reliable method for ﬁnding solutions in complex control problems, such as the
gait generation problem for bipedal robots.
Finally, we would like to point out the generality of the algorithm achieved
by the possibility of applying any of a wide range of functions to combine and
aggregate solutions in a natural way. Moreover, a tribe can represent anything
a full solution, but also a partly solution. With this approach it is possible
to combine together diﬀerent entities that together constitute the ﬁnal solution,
such as diﬀerent behaviors with their separate parameters that combine together
into a higher level behavior.
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