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Abstract

This paper introduces a novel automatic gait synthesis approach for Humanoid Robots (HRs) by Dynamic Fuzzy Q-Learning (DFQL). The DFQL method is capable of tuning Fuzzy Inference Systems (FISs) online.  A salient feature of the proposed approach is that the DFQL controller can automatically generate fuzzy rules without a priori knowledge and it is capable of dealing with highly complex dynamic systems. The challenge for automatic gait synthesis of an HR is to define gait trajectories for hips and ankles so that motions of other joints can be regulate simultaneously. Because stability is one of the most common concerns for HRs, a self-learning control strategy of improving dynamic stability based on the Zero Moment Point (ZMP) criterion is developed. A Dynamic Fuzzy Q-Learning (DFQL) controller is proposed to automatically generate the hip motion trajectory, as hip motion plays the most important role in dynamic stability. Simulation results show that the DFQL controller is capable of improving dynamic stability as the actual ZMP trajectory becomes very close to the ideal case. Comparison studies between the DFQL method and conventional FQL approaches demonstrate that the DFQL method is superior.
Keywords: Fuzzy neural networks, humanoid robots, reinforcement learning.
1. Introduction

Fuzzy logic is a key technology for transforming human expert knowledge to computers to facilitate machine intelligence. In particular, fuzzy-logic-based modelling and control methodologies are very efficient in dealing with imprecision and nonlinearity [1] [2]. However, the conventional approaches for designing Fuzzy Inference Systems (FIS) are subjective, which requires significant human's efforts. Other than being time consuming, the subjective approach may not be successful if the system is too complex or uncertain. Therefore, many researchers have been seeking automatic methods for generating FIS [3]-[6]. 

The main issues for designing an FIS are structure identification and parameter estimation. Structure identification is concerned with how to partition the input space and determine the number of fuzzy rules according to the task requirement while parameter estimation involves determination of parameters for both premises and consequents of fuzzy rules [3]. Structure identification and input classification can be accomplished by Supervised Learning (SL), Unsupervised Learning (UL) and Reinforcement Learning (RL). SL is a learning approach that adopts a supervisor, through which, the training system can adjust the structure and parameters according to a given training data set. In [4], the author provided a paradigm of acquiring the parameters of fuzzy rules. Besides adjusting parameters, self-identified structures have been achieved by an SL approach termed Generalized Dynamic Fuzzy Neural Networks (GDFNN) in [3]. However, the training data are not always available especially when a human being has little knowledge about the system or the system is uncertain. In those situations, UL and RL are preferred over SL as UL and RL are learning processes that do not need any supervisors to tell the learners what actions to take. RL is considered as an intermediate approach between SL and UL. Compared with SL, RL does not need a supervisor to tell the learner what to do; instead, it uses only simple evaluative or critic information available for learning [7]. Compared with UL which does not require any feedback information but only deals with the input classification, RL utilizes feedback evaluation from the system and it is more suitable for control purpose. The most important category of RL algorithms is based on estimating value functions of state-action pairs that estimate how good it is for the learner to perform a given action in a given state [6]. Through learning, those state-action pairs which achieve positive rewards will be encouraged in future action selections while those which produce negative rewards or penalties will be discouraged. Therefore, optimal actions or decisions can be obtained through RL. A number of researchers have applied RL to train the consequent parts of the FIS [5]. In [5], the author has extended the ordinary Actor-Critic method [8] and Q-learning of [9] by combing RL with fuzzy logic rules so as to convert discrete states and actions to continuous ones by fuzzification and defuzzification. The consequent parts of the FIS are adjusted by the RL approaches in [5]. However, structure and premise parameters are still determined a priori knowledge. To circumvent this problem, a Dynamic Fuzzy Q-Learning (DFQL) was proposed in [6]. The main idea of the DFQL algorithm is to automatically generate fuzzy rules according to the ε-completeness and the Temporal Difference (TD) error criteria. In this paper, the DFQL algorithm will be adopted for Intelligent Control of Humanoid Robots (HRs). 

Compared with conventional robots, HRs have higher mobility especially when moving on rough terrains, staircases, and in environments with obstacles. However, as HRs tend to tip over easily, stability becomes a big concern in designing a walking pattern. The concept of Zero Moment Point (ZMP) has been actively used to ensure dynamic stability of an HR [11]-[14]. So far, the most common approach to gait control of HRs is through tracking pre-computed reference trajectories [12]. The authors of [12] applied third-order spline interpolation to define the hip and ankle gaits for HRs. In order to achieve a nice stability margin for walking, the main idea of the proposed approach in [12] is to produce different types of hip motions by varying hip-motion parameters. Since it is a trial and error approach, it is very time consuming and is not suitable for real-time applications. As a HR is supposed to work in uncertain environments, online gait synthesis and adaptive learning control methodologies are highly desired. In contrast with the trial and error approach of [12], a novel automatic gait generation methodology based on the DFQL controller is proposed.

In this paper, the DFQL approach has been adopted to improve dynamic stability of HRs when walking in uneven terrains. Two constraint parameters of hip motion have been controlled by the DFQL simultaneously. Simulation results show that dynamic stability has been improved as the actual ZMP trajectories become very close to the ideal case and the DFQL is superior to the FQL approach of [5].

The structure of this paper is organized as follows. Section 2 presents the DFQL algorithm and Section 3 introduces gait trajectory planning and ZMP criterion for HRs. A fuzzy evaluation signal for DFQL is adopted in Section 4 and DFQL control of hip motion to improve the ZMP performance of HR is proposed in Section 5. Simulation studies are demonstrated in Section 6 and concluding remarks are drawn in Section 7.

2. Dynamic Fuzzy Q-Learning

A. FIS Structure of DFQL

DFQL is an extension of the original Q-learning [9] that tunes FIS conclusions automatically for both structure and parameter identification. Compared with the Fuzzy Q-Learning (FQL) approach of [5], the DFQL can generate fuzzy rule systems without any prior knowledge and it can save a lot of time and human efforts. The architecture of the DFQL is based on extended Ellipsoidal Basis Function (EBF) neural networks, which are functionally equivalent to TSK fuzzy systems [4]. If the output linguistic variables of a Multi-Input Multi-Output (MIMO) rule are independent, a MIMO FIS can be represented as a collection of Multi-Input Single-Output (MISO) FISs by decomposing the above rule into 
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th sub-rule [1]. The structure of the DFQL, following our previous work [6], is depicted in Fig. 1.
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Figure 1. Structure of the Dynamic Fuzzy Q-learning system

Layer one transmits values of the input linguistic variable
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 denotes the number of inputs. At the mean time, layer two evaluates Membership Functions (MFs) of the input variables. The MF is chosen as a Gaussian function and each input variable 
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where 
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 is the jth membership function of 
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 are the center and width of the jth Gaussian membership function of 
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 respectively. Layer three is a rule layer. The number of nodes in this layer indicates the number of fuzzy rules. If the T-norm operator used to compute each rule’s firing strength is multiplication, the output of the jth rule 
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Normalization takes place in layer 4 and we have
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Lastly, nodes of layer five define output variables. If the Center-Of-Gravity (COG) method is performed for defuzzification, the output variable, as a weighted summation of the incoming signals, is given by
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where y is the value of an output variable and 
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 is the consequent parameter of the jth rule which is selected as the local action 
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 in via the Q-learning approach.
B. Generation of DFQL Actions


A feature of Q-learning is that it maintains a 
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 function to represent the action quality with respect to states, where each rule 
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 possible discrete actions 
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 and it memorizes the parameter vector q associated with each of these actions. These q values are then used to select actions so as to maximize the discounted sum of reward obtained while achieving the task. We build the FIS with competing actions for each rule 
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where X is the vector of input variables and 
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 are labels of fuzzy sets that describe the a fuzzy state of the 
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th rule.


The continuous action performed by the learner for a particular state is a weighted sum of the actions elected in the fired rules describing this state. Their weights are normalized firing strengths of a vector of the rules
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, j=1,2,...,l. Subsequently, the TD method updates the 
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-value of the elected actions according to their contributions. In order to explore the set of possible actions and acquire experiences through reinforcement signals, the actions are selected using an exploration-exploitation strategy as in [5] and [6].


At time step t, the input state is 
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. Assume that l fuzzy rules have been generated and the normalized firing strength vector of rules is 
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 has m possible discrete actions A. Local actions selected from A compete with each other based on their q-values, while the winning local action 
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 of every rule cooperates to produce the global action based on the rule’s normalized firing strength, 
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where 
[image: image45.wmf]i

t

a

 is the selected action of rule 
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 at time step t. 

C. Update of q-Values

 As defined before, the Q function presents the action quality with respect to states. q-values are also obtained by the FIS outputs, which are inferred from the quality of local discrete actions that constitute a global continuous action. Under the same assumptions used for generation of continuous actions, the Q function is given by                      
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where 
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Based on TD learning, the system Q-values corresponding to the rule optimal actions which are defined as follows:                                                 
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and the TD error is 
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where 
[image: image56.wmf]1

t

r

+

 is the reinforcement signal received at time t+1 and 
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 is the discount factor used to determine the present value of future rewards. Note that we have to estimate this error term only with quantities available at time step t+1.

This TD error can be used to evaluate the action just selected. If the TD error is positive, it suggests that the quality of this action should be strengthened for future use, whereas if the TD error is negative, it suggests that the quality should be weakened. The learning rule is given by 
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where 
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 is the learning rate. 

D. Eligibility Traces


In order to speed up learning, eligibility traces are used to memorize previously visited rule-action pairs, weighted by their proximity to time step 
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. The trace value indicates how rule-action pairs are eligible for learning. Thus, it does not only permit tuning of parameters used at time step 
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where the eligibility rate 
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 is used to weight time steps. 
The parameter updating law given by Eq. (9) becomes, for all rules and actions,
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and the traces are updated between action computation and its application.
E. ε-Completeness Criterion for Rule Generation 

Due to the highly complex and nonlinear characteristics of the problem space, uniform distribution of fuzzy sets is usually not optimal. If a fuzzy partition is too coarse, the performance may be poor. If a fuzzy partition is too fine, many fuzzy IF-THEN rules cannot be generated because of the lack of training patterns in the corresponding fuzzy subspace. For a problem, some parts of the pattern space might require fine partition, while other parts require only coarse partition. Therefore, the choice of an appropriate fuzzy partition, i.e. structure identification of FIS is important and difficult. In this section and the following one, two criteria, namely the ε-completeness criterion and the TD error criterion have been crafted. This facilities generation of fuzzy rules automatically, which allow us to circumvent the tedious process of creating the structure of an FIS manually.

Definition 1:  
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-Completeness of Fuzzy Rules [10]: 
For any input in the operating range, there exists at least one fuzzy rule so that the match degree (or firing strength) is no less than 
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From the viewpoint of fuzzy rules, a fuzzy rule is a local representation over a region defined in the input space. If a new pattern satisfies 
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-completeness, the DFQL will not generate a new rule but accommodate the new sample by updating the parameters of existing rules. Details of the 
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-completeness criterion can be referred to [3]. If the existing system is not satisfied with 
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-completeness and a new rule should be considered.

F. TD Error Criterion for Rule Generation


Besides considering 
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-completeness of fuzzy rules as the criterion of rule generation, the TD error criterion has been proposed in [6]. From this view, new rules are to be generated in regions of the input fuzzy subspace where the approximation performance of the DFQL is unsatisfactory. A separate performance index, 
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, for each fuzzy subspace which enables the discovery of “problematic” regions in the input space. If the performance index indicates that the situation is wrongly classified, a new fuzzy rule is created at the location of the input situation. This index can be attested by any method which captures critical areas that require high resolution. Here, we present a general method based on TD errors. The performance index is updated as follows:
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Using the squared TD error as the criterion, the normalized rule firing strength 
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 determines how much the fuzzy rule 
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 affects the TD error. It should be noted that Eq. (12) acts as a digital low-pass filter. In this way, TD errors in the past are gradually “forgotten” as time passes, but are never completely lost. The more recent the TD error is received, the more it affects the value of 
[image: image82.wmf]x

. The initial value of 
[image: image83.wmf]x

 is set to zero. The parameter K controls the overall behavior of 
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 more stable in a noisy environment. Thus, if 
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, further segmentations should be considered for this fuzzy subspace at least.

G. Estimation of Premise Parameters

If the FIS fails either the 
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-completeness check or the TD-error criterion, a new rule should be considered. Once a new rule is generated, the next step is to assign centers and widths of the corresponding MFs. A new rule will be formed after checking the similarity of neighboring MFs. The incoming multidimensional input vector X is projected to the corresponding one-dimensional membership function for each input variable 
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If 
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is allocated and the widths of membership functions in the ith input variable are adjusted as follows:
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where 
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H. Initial Value Based on Prior Knowledge

FIS corresponding to the domain knowledge can be incorporated into the DFQL design. The premise of rules can be used to generate EBF units over the fuzzy input space and consequents of rules can be used to generate the initial Q-values, which are called bias. The Q-value of the selected action 
[image: image109.wmf]a

 is initialized to a fixed value
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, while all the other values are given random values according to a uniform distribution in [0~
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/2]. A flowchart of the DFQL algorithm is shown in Fig. 2. 
3. Gait Trajectory Planning for Humanoid Robots

A. Walking Pattern Constraints
Biped walking is a periodic phenomenon. A complete walking cycle is composed of two phases: a double-support phase and a single-support one. Once the motions for foot and hip have been defined, trajectories of other joints can be calculated accordingly. A walking cycle of an HR is presented in Fig. 3. The gait synthesis is designed with two concerns. One is termed as the task-oriented performance, which is to be defined by the walking task and terrain situations. The other concern is the stability-oriented performance, which is to design the trajectory to follow a predefined ZMP path. The ankle trajectory is designed based on the tasks requirement while the hip trajectory is generated for the stability-oriented task. Constraints for ankle and hip motions are given in [12] and the constraints for hip trajectory are given here. As this paper focuses on the improvement of walking stability, the generation of ankle trajectory is not included. Assuming that the hip is at its highest position 
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Figure 2. Flowchart of the DFQL algorithm

and its lowest position 
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is at the middle of the double-support phase during one walking cycle, 
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where, 
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Let 
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 denote the distance along the 
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-axis from the hip to the ankle of the support foot at the start and end of the single-support phase respectively, the following constraints are given as in [12]:
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where 
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By applying third-order interpolation, the trajectory of 
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 can be defined with both first- and second-order derivative continuity guaranteed. 
With different values of 
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, different smooth trajectories with different stable regions can be obtained. Compared with the step search of 
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 in [12], a novel automatic hip synthesis methodology based on the Dynamical Fuzzy Q-learning of [6] is proposed. 
B.  Zero Moment Point (ZMP) Analysis
In order to ensure dynamic stability of a HR, the ZMP constraint needs to be satisfied. The ZMP is defined as the point on the ground about which the sum of all moments of the active forces is equal to zero. If the ZMP is within the convex hull of all contact points between the feet and the ground, the HR is possible to walk. Hereafter, this convex hull of all contact points is called the stable region. The expressions for ZMP analysis are given below as in [13]:
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  where, 
[image: image138.wmf]i

m

 is the mass of link
[image: image139.wmf]i

, 
[image: image140.wmf]ix

I

 and 
[image: image141.wmf]iy

I

 are the inertia components, 
[image: image142.wmf]ix

W

&&

 and 
[image: image143.wmf]iy

W

&&

 are the absolute angular velocity components about 
[image: image144.wmf]x

- and 
[image: image145.wmf]y

-axis at the center of gravity of link 
[image: image146.wmf]i

. 
[image: image147.wmf]g

 is the gravitational acceleration, 
[image: image148.wmf](,,0)

zmpzmp

xy

 is the coordinate of the ZMP, and (
[image: image149.wmf]i

x

,
[image: image150.wmf]i

y

,
[image: image151.wmf]i

z

) is the coordinate of the mass center of link 
[image: image152.wmf]i

 on an absolute Cartesian coordinate system.

Although there is no unique solution for the HR dynamic balance control problem, motion planning with larger stability margin based on the ZMP criterion is highly desired. Therefore, the HR motion control problem can be viewed as minimizing the following performance index:
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where 
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 is the desired ZMP position of [15].

4. Fuzzy Evaluation Signal for the DFQL Scheme


Instead of discrete rewards, fuzzy evaluation for ZMP performance was proposed in [15]. It offers more informative evaluation of reinforcement leaning. 

If the following scaled reward is applied
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where 
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 is the stable region, this feedback evaluation can only describe the simple "go or no-go" or "fall-down or stand" walking states. To provide more detailed information on the evaluative feedback,  fuzzy rules can be adopted as follows 
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Then the reward is Negative Big;



If 
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Then the reward is Negative;



If 
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Then the reward is Zero;



If 
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Then the reward is Positive;



If 
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Then the reward is Positive Big.
Another signal based on the improvement of the ZMP performance should also be considered during the coarse training stage. That is, if the error from the ideal ZMP is reduced, a reward should be given and a penalty will be applied when the ZMP trajectory is moving away from the ideal case. A set of fuzzy evaluation rules are listed in Table 1.
Table 1. Fuzzy evaluation for biped dynamic balancing 
[image: image163.png]lapz,,|





Here, 


[image: image164.wmf]1

1

()()

N

td

zmpzmpzmp

t

PPtPt

N

=

D=-

å


and NB is for Negative Big, NS is for Negative Small, ZE is for Zero, PS is for Positive Small, PB is for Positive Big, S is for Small, M is for Medium, and B is for Big, while VG is for Very Good, G is for Good, B is for

Bad and VB is for Very Bad. An example of fuzzy rule evaluation is as follows:

   If 
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   Then the Evaluation is Very Bad. 
5. The Intelligent Control of Hip 
Motion Planning

As mentioned by the author of [12], the ZMP is affected badly by hip motion. If an appropriate trajectory for hip joint can be found, a good stability margin can be gained while a bad motion planning will result in poor stability or even tip over of the HR. In contrast with the step search approach in [12], DFQL controllers with online training capability have been proposed to achieve good trained parameters which reflect the horizontal distances from the hip to the ankle in the 
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. As the ankle trajectory is defined according to the terrain height and the step length, once the 
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 are defined, the gait is generated. With fine constraint parameters, the motion of hip joint can be generated automatically by methods described in Section 3. Only motion in the sagittal plane has been considered in this paper, and similar strategies can be applied to the frontal plane as each plane can be dealt with independently [15]. 
As the distances from hip to ankle in the 
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 are considered for DFQL control, two DFQL controllers are implemented for this design. For convenience, the DFQL controller on 
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, the average absolute value of 
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 is adopted as an input to the DFQL-based system as well. The outputs of those controllers are the adjustments of the parameters, which are used to tune
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. This is an MIMO problem and the controllers affect the performance of each other.

A parallel searching method is applied as both 
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 are trained simultaneously. The two parameters can be trained synchronously, and the diagrams are shown in Fig. 4.
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Figure 4. Synchronous DFQL control

The step searching approach of [12] can either keep one variable constant and increase the other step by step or increase both variables step by step from 0 to 
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. If the first approach is selected, it can only train one parameter at each time. On the other hand, if the other approach is selected, it may miss good solutions as 
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 do not need to be the same for optimal solutions. More importantly, this trial and error approach can only be utilized for offline training and used as predefined trajectories. It cannot be applied for real-time applications and it will encounter problems when the walking environments are changing. FQL can also be applied for training 
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; however, it is hard to determine a suitable structure for the fuzzy system. The DFQL becomes a natural choice for tuning these parameters as there is no initial expert knowledge required for DFQL which makes the DFQL superior to the FQL approach. On the other hand, DFQL is applicable for both offline learning as well as online tuning, which offers more advantages than the step searching method of [12]. It is proposed that offline learning is applied to achieve a safe region for the robot to walk steadily, and the resulting fuzzy systems can be applied as they incorporate premises of rules for online tuning. As stated in [6], the DFQL is a fast online learning approach. The DFQL can tune the parameters in a safe region if it is applied in real-time situations. Coarse learning is carried out offline to ensure that tuning is carried out in a safe region. After that, a fine-tuning controller can be implemented with different reward evaluations and smaller adjustments compared to coarse training. When the constraint parameters have been defined, gait curves can be generated automatically by the approaches of [12]. Therefore, online gait synthesis for HRs to walk on uneven terrains is achieved based on the proposed DFQL controller.

6. Simulation Studies and Results
A gait generator platform to simulate synthesis of an HR has been developed by the Advanced Robotic and Intelligent Control Center (ARICC) of Singapore Polytechnic [16] using Visual C++ under Windows Systems. Motions in the three planes (sagittal, frontal and transverse) have been shown as in Fig. 5.
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Figure 5. Consecutive walking simulation on an uneven terrain
The parameters of the robot link structure, as shown in Fig. 6, are listed in Table. 2, and the walking parameters are listed in Table. 3. The walking step 
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 is set to be 40 cm.

Following the idea of [15], an ideal ZMP trajectory is 
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Figure 6. Parameters of the Humanoid Robot
Table 2. Robot parameters
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Table 3. Walking parameters
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adopted as the feedback evaluation signal, which is obtained from the human locomotion studies. At the beginning, the ZMP is under the heel, then it moves to the foot center, and finally it is shifted under the toes. At the end of a half step, the ZMP jumps so that it is under the other foot, which is in contact with the ground. The stable regions are shown in Fig. 7.
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Figure 7. ZMP Stable regions

To simplify training, only the two parameters for hip positions, e.g. 
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 are considered for learning, while the hip angle is kept at
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; a similar controller can be applied for angle control if necessary. The initial values for 
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 are set to 10 cm, which is the middle point of the valid range of [0, 
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]. It can be observed that the performance is very poor and the average absolute error between the real ZMP and the ideal one is very large. The hybrid coarse- and fine-tuning controllers based on DFQL have been applied to improve the ZMP performance. In this design, the threshold for ε-completeness, ε is chosen as 0.5, and 
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 is 0.4 for the TD-error criterion. The learning rate, 
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 is 0.05, exploration rate, 
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is 0.001, and the trace-decay factor is 0.95. A bigger ε results in larger number of fuzzy rules and ε =0.5 is a normal setting. A smaller 
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 will also result in lager number of rules. 
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controls the balance between exploration and exploitation. It should be pointed out that we have not searched the parameter space exhaustively. The maximum adjustment taken each time is 
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 for coarse tuning and 
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for fine tuning. After training, the ZMP trajectory becomes quite close to the ideal case. The comparison curve for ZMP trajectories before and after training is displayed in Fig. 8. 

[image: image209.wmf]
Figure 8. ZMP trajectories before and after training vs ideal ZMP trajectory

It is observed that the curve before training is quite far from the ideal case and several points are in unstable regions. After training, the curve becomes quite close to the ideal case and it guarantees a big stable region for walking. It should be highlighted that DFQL does not require any priori knowledge and can automatically generate a set of fuzzy rules. A comparative study has been made between the proposed DFQL controller and a FQL controller with 25 predefined fuzzy rules. As predefined fuzzy systems are requested for FQL controllers, different types of MFs have been attempted. An FQL controller with randomly generated fuzzy rules and an expert FQL controller with MFs designed based on the $-completeness criterion and with centers evenly separated are demonstrated. The comparison learning curve is presented in Fig. 9. This simulation result shows that without nicely defined fuzzy systems, the FQL controller cannot work well as the error of the randomly generated FQL is quite large. It is observed that the DFQL controller achieves a better result than the FQL as the DFQL can learn faster than FQL by virtue of its automatic structure identification. Because of the capability of DFQL, a great amount of time and energy can be saved for generating fuzzy rules. 
[image: image210.wmf]
Figure 9. Comparative study of DFQL controller and randomly generated and expert FQL controllers

7. Conclusions
In this paper, a self-generated gait planning has been proposed. A hybrid DFQL control methodology based on coarse training for offline learning and fine tuning for online learning has been developed to control the two hip parameters for walking on an uneven terrain. As no priori knowledge is required for DFQL, it saves a lot of human efforts in identifying the structure and parameters automatically. A comparative study between DFQL and FQL shows that the DFQL is superior to FQL with higher learning capability for both parameter tuning and structure identification. At the mean time, the fuzzy structure obtained by offline training can be embedded as initial knowledge for online tuning, which can make accelerate learning. Although this DFQL scheme may not guarantee global optimal solution, it can achieve a sufficient good solution for real-time control. A salient feature for this algorithm is that it can self-generate the structure of a fuzzy system, which is usually a subjective approach and it needs a lot of expert efforts.
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