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Abstract—Large-scale machine coordination is a primary
approach for flexible manufacturing, enabling large-scale
autonomous machines to dynamically coordinate their actions in pursuit of a custom task. One of the key challenges
for such large-scale systems is finding high-dimensional
coordination decision-making policies. Multitask policy gradient algorithms can be used in search of high-dimensional
policies, particularly in collaborative decision support systems and distributed control systems. However, it is difficult for these algorithms to learn online high-dimensional
coordination control policies (CCP) from large-scale custom manufacturing tasks. This paper proposes a large-scale
online multitask learning and decision-making approach,
which can consecutively learn high-dimensional CCP in
order to quickly coordinate machine actions online for
large-scale custom manufacturing task. A large-scale online
multitask leaning algorithm is developed, which is able to
learn large-scale high-dimensional CCP in a flexible manufacturing scenario. An online stochastic planning algorithm
is proposed, which online optimizes the Markov network
structure in order to avoid expensive global search for the
optimal policy. Experiments have been undertaken using a
professional flexible manufacturing testbed deployed within
a smart factory of Weichai Power in China. Results show the
proposed approach to be more efficient when compared
with previous works.
Index Terms—Decision making, flexible manufacturing,
Industry 4.0, online multitask coordination learning.

I. INTRODUCTION
LEXIBILITY is a primary requirement for manufacturing
high-quality products with a shorter time-to-market. According to German Industry 4.0, there are two major trends for
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flexible manufacturing. First, manufacturing assets connected
via various types of computer and communication networks are
resulting in new cyber-physical systems (CPSs). The majority
of manufacturing assets will, therefore, soon become capable
of autonomous information exchange—including the triggering
of actions—resulting in the arrival of highly flexible production lines [1]. Second, the manufacturing execution system will
be able to exploit on-demand dispatch to a shared collection
of diversified and distributed manufacturing resources to form
flexible manufacturing lines. Flexible manufacturing aims to
enhance efficiency, reduce product life-cycle costs, and allow
optimal utilization of resources in response to variable customer demand and tasking [2]. However, the efficiency of flexible manufacturing systems will heavily depend on the dynamic
cooperation of large-scale machines.
From a systems-level view, large-scale machine coordination
systems (LMCS) will be crucial for achieving flexible manufacturing capabilities. The LMCS will enable large-scale autonomous machines to dynamically coordinate their actions for
a customized task [3]. All autonomous machines operating as
part of an LMCS will run in an iterative three-step closed loop:
receiving sensory data from the environment, performing internal computations on the data, and responding by performing
actions that affect the environment—either by altering operational status or via communication with other objects. Two
levels of control are associated with this loop: deliberative and
metalevel. Metalevel control provides overall coordination of
the resources in each autonomous machine, which involves the
machines making decisions on whether to deliberate, which resources to allocate, and what specific actions to perform based
on the current context [4].
A key challenge in LMCS is to solve large-scale Markov
decision problems and enable all autonomous machines to coordinate their actions [5]. Most previous multitask policy gradient approaches [6] to this problem generally require a large
amount of experience before achieving acceptable performance.
This experience cost can be prohibitively expensive, especially
to compute a high-dimensional family of coordination control
policies (CCP) from large-scale custom manufacturing tasks.
Based on previous research into multitask policy gradient and
stochastic optimization, this paper proposes a large-scale online
multitask learning (MTL) and decision-making model for use
in LMCS. The main contributions are as follows.
1) Online metalevel control framework for LMCS which can
consecutively learn high-dimensional CCP and quickly
coordinate large-scale machine actions in support of
flexible manufacturing. The aim of this online metalevel
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control framework is to address large-scale flexible
manufacturing on two different levels: large-scale online
MTL and online decision making.
2) Large-scale online multitask leaning algorithm is developed to learn large-scale high-dimensional CCP for flexible manufacturing use cases, providing the ability for
each machine to rapidly adapt to new situations by generating an updated large-scale Markov network.
3) Online stochastic planning algorithm is proposed, which
resolves the large-scale decision-making problem that
can arise among large-scale machines during execution,
significantly decreasing the experience costs by optimizing the Markov network structure. It benefits from possible reward or transition probability structures and does
not require any special restriction or knowledge about
the large-scale Markov decision processes (MDPs) besides having access to a generative model.
The remainder of the paper is organized as follows. Section II
presents related works covering online MTL and decision making in LMCS. Section III describes the details of the largescale online MTL and online stochastic planning algorithm,
while Section IV describes the experiment scenarios and results.
Section V finally concludes the paper.
II. RELATED WORKS AND MOTIVATION
Recently, the large-scale machine coordination approach to
solving large-scale learning and decision problems for flexible
manufacturing has attracted extensive research interest from
both academia and industry. Such research includes multiagent
coordination control, multitask policy gradient learning, and
large-scale decision making.
In multiagent coordination control, the most significant results concerned with large-scale machine coordination are presented in [3]. In this paper, a multiagent-based control approach
was proposed as a basis for flexible and robust manufacturing.
The model uses decentralized MDPs to implement the metalevel
control of each agent, enabling each agent to adapt to dynamic
coordination conditions for optimizing a global performance
measure. The multiagent control system in [7] has been applied
to manufacturing execution systems, where manufacturing assets are regarded as autonomous agents. In this study, each asset adapts to changes in context conditions while reorganizing
the coordination network. These techniques provide significant
value for large-scale machine coordination control.
In multitask policy gradient learning, there have been relatively few methods for multitask policy gradient learning proposed. One class of algorithm uses nonparametric Bayesian
models to share knowledge between tasks. Wilson et al. [8]
developed a hierarchical Bayesian approach that models the
distribution over MDPs, using this distribution in sequence for
learning each new task and enabling it to learn tasks consecutively. In contrast to our work, Wilson et al. focused on environments with discrete states and actions. Additionally, their
method requires the ability to compute an optimal policy given
an MDP. This process can be expensive for even moderately
large discrete environments, but is computationally intractable
for the types of continuous high-dimensional control problems

considered here. Li et al. [9] developed a model-free multitask
reinforcement learning method for partially observable environments. Unlike our large state-space problems setting, however,
their method focuses on off-policy batch MTL.
A second approach to multitask policy gradient learning is
based on policy reuse [10], in which policies from previously
learned tasks are probabilistically reused to bias the learning
of new tasks. One drawback of policy reuse is that it requires
tasks to share common states, actions, and transition functions
(although it allows different reward functions). This restriction
precludes the application of policy reuse to the scenarios considered in systems which have related but not identical transition
functions. Also, policy reuse does not support reverse transfer,
where subsequent learning improves previously learned policies. In contrast, our approach only requires that tasks share
a common state and action space. In previous works, online
MTL exploits the relationships among multiple related tasks to
improve the overall performance. A key issue of the multitask
policy gradient approach in [6] is how to capture task relatedness and take this it into account in the learning formulation.
The multitask policy gradient approach is well suited for highdimensional families of policy, but cannot be applied in learning large-scale high-dimensional custom manufacturing tasks,
since we cannot assume the availability of formal and complete
descriptions of constraint. Therefore, we develop large-scale
online MTL techniques in order to learn high-dimensional CCP
from large-scale flexible manufacturing tasks.
In large-scale decision-making, Zhang and Lesser [11] develop a coordinating multiagent reinforcement learning approach with limited communication. This approach defines an
interaction measure that allows agents to dynamically identify
their beneficial coordination set in different situations and to
trade off its performance and communication cost. Nevertheless, it stops short of exploring large-scale MDP problems with
a low-dimensional family of policies. Two popular approaches
to solve large-scale MDPs include approximate dynamic programming (ADP) and approximate linear programming (ALP).
Methods developed by Desai et al. [12] either require access
to samples from specialized distributions (such as a distribution
that depends on the optimal policy) or assume the ability to
solve a large-scale problem with as many constraints as states.
Abbasi-Yadkori et al. [5] studied average cost MDPs in the dual
space with stationary distributions as variables and showed a
convex optimization reduction. They propose computationally
efficient algorithms and show that the quality of the solution is
close to the best in the comparison class. However, the ADP
and ALP methods focus on searching for near-optimality in a
low-dimensional family of policies. In this study, we focus on
the large-scale coordination decision-making problem in highdimensional state spaces, addressing the problem of competing
with the optimal policy for large-scale MDP problems.
III. LARGE-SCALE ONLINE MTL AND
DECISION-MAKING MODEL
In this section, we propose a large-scale online MTL
and decision-making model for LMCS. This model can
consecutively learn high-dimensional dynamic CCP and quickly
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ordination system are determined by transition probabilities p
and reward probabilities r. When receiving a set of coordination
policies Π∇ ν(at |st ) at each time step k, a group of machines in
state sk ∈ S must choose an action ak ∈ A, migrating it to a new
state Sk +1 ∼ p(sk +1 |sk , ak ) as given by p and generating reward r(sk , ak , rk ). In realistic flexible manufacturing, the state
space size grows exponentially for decision-making queueing.
So the online stochastic planning algorithm must avoid the need
for global searching in order to find the optimal policy in the
large-scale MDPs.

B. Large-Scale Online MTL
Fig. 1.

Illustration of large-scale online MTL and decision making.

coordinate large-scale machine actions for flexible manufacturing. To address the needs of different flexible manufacturing
environments, we propose large-scale online MTL and stochastic planning algorithm approach, respectively.

A. Problem Formulation
To maximize efficiency within flexible manufacturing systems, we assume a coordinating network consisting of m finite
number of autonomous machines. We propose online metalevel
control framework (see Fig. 1). Each autonomous machine in
the framework will run in a three-step closed loop: online MTL,
online coordination planning, and the selection of optimal joint
action. Our framework designs two algorithms to facilitate this
loop: large-scale online MTL and online stochastic planning.
In large-scale online MTL processes, each machine in the
coordinated environment faces a sequence of high-dimensional
CCP tasks Π1 , Πt , . . . , ΠT max . Each Πt is defined by an MDP
S t , At , p, r, γ with expected average cost and total cost criteria, where S t denotes the state space with finite cardinality st ∈ N , At denotes the action space with finite cardinality at ∈ N , and (st , at ) is the loss of taking an action at at
the state st . p(stk +1 |stk , at ) is the transition probability matrix,
which describes the dynamics of coordinating network with the
Markov property p(stk +1 |stk , a1 , . . . , st , at ) = p(stk +1 |stk , at ).
Associated with the transition is a deterministic instantaneous
reward r(st , a, st+1 ) ∈ [0, 1]. γ ∈ [0, 1] denotes the degree to
which rewards are discounted over time.
We assume that individual machines are unaware of the
total number of tasks T , the distribution of these tasks, or
their order. When each machine receives a batch of nt labeled training data from multiple new task t, the machine
may be asked to make multiple related predictions on instances of any previous multitask t. The average cost MDP
policy problem is to find a set of state-to-action mappings
Π∗ = {νϑ 1 , νϑ 2 , . . . , νϑ T max } while minimizing the average cost
ϑt = limt→∞ 1t E[Σtk =1 (sνk , ν(sνk ))] over its lifetime k. We
consider
T max that the total numbers of tasks Tmax and data instances
t=1 nt will be large, so our large-scale online MTL must have
the computational complexity to update the large-scale models.
In large-scale decision-making processes, a group of machines navigates in a state spaces st by making decisions
νϑ t (at |st ) from some joint actions at . The dynamics of the co-

Our large-scale online MTL takes a parameter reuse approach
for multitask reinforcement learning. Our model of multitask
structure is based on the deterministic policy gradient model
[13]. Each task Πt is controlled by the state-to-action policy
vector νϑ t = arg maxϑ ζ(νϑ t ) with corresponding parameters
ϑt . The goal of each machine is to quickly find a policy for each
MDP by


ρϑ t (sk )
νϑ t ((sk , ak ))rϑ t (sk , ak )dads
ζ(νϑ t ) =
S

A

= Es∼p ϑ t ,a∼ν ϑ t [r ϑ t (s k ,a k )]
where ρϑ t (sk ) denotes probability distribution over T × K
state-to-action spaces, and rϑ t (sk , ak ) is return average per time
step [14]. The pϑ t (sk ) is defined as
ρϑ t (sk ) =

 
∞

γ t−1 p1 (sk )p(sk → sk , k, ϑ)ds

S k =1

with an initial state distribution pt1 : I → [0, 1].

When receiving kth large-scale training data K
k =1 νϑ tk of
the task t at each time step k, each machine will be evaluated
on any previously learned CCP and must optimize its learned
policies for all tasks. So each task’s parameter vectors ϑtk is
represented by a linear combination of shared latent components
Lt ∈ kd×k according to the task-weight vector rk (ϑtk = Lt rk ).
The problem of lifelong learning multiple consecutive tasks
is realized by object function based on the efficient lifelong
learning algorithm proposed by Ruvolo and Eaton [15]
ET (Lt ) =

K
T
1 
{min[ζ(νϑ t ) + μ
T t=1
rk

rk

1]

k =1

+ λ Lt

2
}

(1)

where Lt ∈ kd×m is sharing latent components among all tasks,
μ is the differential value function, the scalar λ is called the
average loss, rk 1 is used as a convex approximation to the
true vector sparsity, and .  is the Frobenius norm.
Equation (1) provides an efficient online method for learning
large scale Lt and rk over multiple consecutive tasks and maintains a library of k shared latent components online. By widely
using large-scale policy iteration and value iteration approaches,
(1) leads to a requirement for at least O(kϑt ) per-iteration complexity. However, (1) is not jointly convex in large scale Lt and
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rk and results in an expensive cost of training data instances in
T task.
We employ the lower bound on the expected return of ζ(νϑ t )
into (1) for maximizing ζ(νϑ t . Equation (1) is rewritten in the
terms of the lower bound as
K
T
1 
{min[∇ϑ t ζ(νϑ t ) + μ
ET (Lt ) =
T t=1
rk

rk

1]

k =1

+ λ Lt

2
}

(2)

where ∇ϑ t ζ(νϑ t ) can be attained by the stochastic policy gradient theorem


∇ϑ t ζ(νϑ t ) =
ρϑ t (sk )
∇ϑ t νϑ t (sk |ak )Qν (sk , ak )dads
S

A

= Es∼p ϑ t ,a∼ν ϑ t [∇ϑ t log νϑ t (sk |ak )Qν (sk , ak )].
However, (2) expends large amount of computational cost in
large-scale online MTL processes. Due to three inefficiencies:
1) the explicit dependence of (2) on all previous training data; 2)
the exhaustive evaluation of a single candidate L that requires
the optimization of all rt through the outer summation; and
3) how to estimate the action-value function Qν (sk , ak ) from
large-scale state spaces.
To eliminate the first inefficiency, we approximate (2) by
the second-order Taylor expansion of and, where each task’s
parameter vector β t , and the training data spaces vector Dt .
only when training on task Πt does not significantly affect the
quality of model fit as T grows large. We use the notation Lt
to refer to the value of the latent components at the start of the
mth iteration and t is assumed to correspond to the current task
for which training data were received

β t = ∇ϑ t ζ(νϑ t )
= T

K


[νϑ t (sk |ak )] stk +

k

k =1

Dt = ∇2(ϑ t ,ϑ t ) ζ(νϑ t )
K


−2 t t
= E
.
σ sk [sk ]

rk ← arg min (Lt , rk , β t , Dt )
Lt+1 ← arg min

k =1

L

Plugging the β t and Dt into (2)
T
1
min[ Lt rt − β t
ET (L) =
T t=1 r t

+ λ Lt

2


(4)

r

T
1
(Lt , rk , β t , Dt ) + λ Lt
T t=1

2


(5)

where
2
Dt

+ μ rt

(Lt , rk , β, D) = μ rk

1]

(3)

where ν 2A = υ Aν; the constant term was suppressed since it
has no effect on the minimization and the linear term was ignored
since by construction ϑt is a minimizer. Most importantly, the
dependence on all available trajectories has been eliminated,
redressing the first inefficiency.
The second inefficiency in (2) results from computing the
objective function for a single candidate latent component Lt
in the latent component space kd×k . To eliminate this problem,
we remove the minimization over task-specific projection rt .
In other words, we remove this problem by computing each of
the rt when the training data for task t is last encountered and
not updating them when training on other tasks. Consequently,
any changes to ϑt when learning from other tasks will only be
through updates to the shared basis Lt . This method updates rt

1

+ ϑ − Ls

2
D

For the third inefficiency of (2), it is reasonable to constrain
the large-scale search from a low-dimensional family of policies. We reduce the number of constraints by sampling and using
a stochastic subgradient descent method. Our method can find a
near-optimal solution in the low-dimensional class while maintaining a computational cost that is independent of the size of
the state spaces. See Algorithm 2 for detailed discussion.

C. Online Updates of the Multitask Model
When our learning model receives nt training data at the kth
iteration, Algorithm 1 performs two steps to update model.
1) Compute rk .
2) Update sharing latent basis Lt .
In computing
rk process, we first compute a set of optimal

CCP  νϑ t (sk |ak ) from currently received large-scale data.
Once νϑ t (sk |ak ) has been gained, we next compute Dt by

WANG et al.: LARGE-SCALE ONLINE MULTITASK LEARNING AND DECISION MAKING FOR FLEXIBLE MANUFACTURING


−2 t t
E{ K
k =1 σ sk [sk ] }. We then compute rk using the current
basis Lt by an L1 -regularized regression method in (4).
In updating Lt process, we null the gradient of (5) and update
columnwise vectorization of Lt as A−1 b, where
A = λId×k ,d×k +

b=

T
1 k
(r × [rk ] ) ⊗ Dt
T t=1

T
1
vec([rk ] ⊗ ([β k ] × Dk )).
T t=1

To avoid computing A and b over m × t state-to-action spaces at
each step, we construct A incrementally as new tasks arrive (see
Algorithm 1 for details) and online optimize the cost of computing A and b by Algorithm 2. When all
machines have learned
a set of optimal coordination policies ∗ νϑ t (ak |sk ) from realtime receiving training data k oftask Πt , our model generates a
dynamically coordinating team active(sk ) for the joint probability distribution of action variables A = (a1 , a2 , . . . , ak ) in
the kth clique. Each machine finds an optimal coordinating team
by running Algorithm 2.

D. Online Decision Making in Large-Scale State Spaces
When each
 autonomous machine has learned a set of
CCP models νϑ t (sk |ak ) using Algorithm 1, all autonomous
machines—each with its own set of possible ak actions and
observations sk —must dynamically coordinate their
 actions to
complete a sequence of decision making. The
νϑ t (sk |ak )
depends on their state spaces st. Since the computational cost
of searching for an optimal dynamic coordinating team is very
high in large state spaces, our Algorithm 2 finds a near-optimal
solution from large state spaces. Further, Algorithm 2 use an
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online planning approach at each time step, where the machine
uses the generative model to perform a stochastic sampling in
the set of policies from the current state to next state. As a result of the approach, the machine can find an optimal dynamic
coordinating team for performing each CCP task.
The joint distribution of large-scale
 Markov decisions is represented by the Markov network K1 k active(sk ), where sk is
the state of the variables that appear in the kth clique. The graph
has a node for each variable sk , and the
 model has a poten)
for
each
clique
tial function
active(s
k
k in the graph. Each

clique k for a given MDP is a rooted and labeled infinite decision tree, where every node represents a state s ∈ S, and s0 is a
root, and one child node per state-action a. Nodes on even levels
are called action nodes with one child. Nodes on add levels are
called
transition nodes with T children. A rollout of some policy

k is presented by r(sk , ak , rk ) of stochastic process that belongs to the policy. This forms a dynamic coordinated network,
where m machine and its local functions q(a, s) are separated
from factors and variables. The coordination sets are relatively
small for many machines, and the original interaction network
is decomposed into a set of disjointed subnetworks [16].
Algorithm 2 is based on the optimistic planning model by
Szrnyi et al. [17], which generates a dynamic coordinated online network by stochastic sampling. First, it runs independent
instances of stochastic planning to 
collect information about
each MDP and form a planning tree a by Active(ai ), where
proda is the shallowest partial policy with the child of the root
being labeled a. Then, each state node Π becomes a member of
an active set, and Algorithm 2 keeps high confidence; lower and
upper bounds for the value v(Π) of the various state node are
denoted ν(Π) and b(Π), respectively.
 Second, at each step time t, a stochastic sampling method
k ,a := arg maxΠ∈A ctiv e(a k ) b(Π) is determined for each action a. Based on the current reward value rk , we compute
a set of optimal actions
 and policies and generate a cooraction
dinative planning tree k by the current optimistic 
ak = arg maxa b(Πk ,a ). A coordinative planning tree k to
explore is then chosen: if the policy that belongs to the secondary action is at least as deeply developed as the policy that
belongs to the optimistic action, the optimistic one is chosen for
exploration, otherwise the secondary one. Note that a smaller
depth is equivalent to a larger gap between lower and upper
bounds, and vice versa.
 The set Active(ak ) is then updated by
replacing the policy k by its child policies. Accordingly, the
upper and lower bounds for these policies are computed. Algorithm 2 terminates when ν(Πk ) + ≥ maxa= a k b(Π k , a ) [18].
Finally, the optimal policy of the empirical MDP has the property that the empirical lower bound of its value, computed from
the information collected by planning in the individual
 realizations, is maximal over the set of all ActiveV alue( , r, , γ)
using Algorithm 3. For large state-space problems, Algorithm
2 takes the online planning approach at each time where the
machine uses the generative model to perform a planning in the
set of policies, starting from the current state. As a result of
this planning, each machine takes an optimal joint action. This
avoids the need for a global search for the optimal coordinative
policy across the whole MDP space.
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Algorithm 3: ActiveValue( , r, , γ).
1 Let probability at (1 − r), interval [ν(Π), b(Π)] contains
v(Π);
) 1 − γ d (Π ) 2
2 m :=  ln(1r
( γ d ( Π ) ) ;
2
3 Sample( , s
0 , r, , γ) using algorithm3 in [17];
m
Π));
4 v (Π) := m1
i=1 v(τ (Ti ,
ln(1r )
1 − γ d (Π )
;
5 ν(Π) := v (Π) − 1 − γ
2m

d (Π )
d (Π )
ln(1r )
γ
;
6 b(Π) := v (Π) + γ1 − γ + 1 −1−γ
2m
7 return(v(Π), b(Π))

Fig. 2.

Fig. 3.
ments.

Three flexible manufacturing control systems in the experi-

Prototype system of the agent-based flexible manufacturing.

IV. EXPERIMENTS

A. Experimental Setup
To assess the performance of Algorithms 1 and 2, an agentbased flexible manufacturing prototype is implemented using
Spark platform MAPS (Mobile Agent Platform for Sun SPOT)
and AFME (Agent Factory Micro Edition) [19]. The large-scale
online MTL module is implemented using the framework tool
package of Spark together with Algorithm 1 in Section III. The
large-scale actions of the machine online selection module are
implemented using the framework tool package of MAPS together with Algorithm 2 in Section III. This platform is deployed
on a four eight-core Intel Xeon E5-4600 server with 64-GB
memory, which runs the linux (kernel2.6.8) operating system.
In addition to enable the connection of 200 smart devices to
the gateway, it supports real-time ethernet network connections.
The implemented platform prototype is shown in Fig. 2.
The platform prototype has been deployed within a smart
factory operated by China Weichai Power (see Fig. 3), a company which is well known for providing engine equipment for
heavy trucks. The flexible manufacturing platform stores 100TB datasets from a manufacturing line consisting of 200 smart
machines. These machines report their updated datasets every
minute. This flexible manufacturing line supports 500 different
tasks and has the capability to manufacture 3008 different engine parts everyday. This paper focuses on transfer both between

Fig. 4. Performance of the large-scale online MTL algorithm, online
stochastic planning algorithm versus MTL algorithm on three dynamical
systems in the same domain.

tasks in the same domain as well as between tasks in different
domains.
We evaluated our large-scale online MTL algorithm and online planning tree algorithm on three manufacturing dynamic
control systems. In each domain, the distance between the current state and the goal position was used as the reward function
[20]. On all systems, the reward function is based on two factors:
1) penalizing states far from the goal state; and 2) penalizing
actions to encourage smooth low-energy movements.
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1) Simple Mass of Smart Machine (SMSM): The goal with
the SMSM is to control the mass at a specified position with
zero velocity. The system dynamics are described by two state
variables st , st+1  that represent the mass position and velocity and a single force at , at+1  that acts on the cart in the ϑ
direction. In our experiments, the goal state varied from st0 , st1 
t+1
to st+1
0 , s1 , where t ∈ {1, 2, . . . , 5}.
2) Three-Link Material Delivering Cart Pole (TLMDCP): The
TLMDCP is a highly nonlinear and difficult system to control.
The TLMDCP system dynamics are described via an eightdimensional state vector s, s. , ϑ1 , ϑ.1 , ϑ2 , ϑ.2 , ϑ3 , ϑ.3 , where s
and s. describe the position and velocity of the cart and ϑt and
ϑ.t represent the angle and angular velocity of the tth link. The
system is controlled by applying a force at , at+1  to the cart
in the st , st+1  direction, with the goal of balancing the three
poles upright.
3) Production Assembly Control (PAC): The system dynamics
were adopted from a simulator validated on real quadrotors [19]
and are described via three angles and three angular velocities
in the body frame ϑ1 , ϑ2 , ϑ3 , ϑ4 , ϑ11 , ϑ21 , ϑ31 . The actions
consist of four rotor torques at , at+1 , at+2 , at+3 , at+4 . Each
task corresponds to a different configuration (e.g., different armature lengths, etc.), and the goal is to stabilize the different
controller [21].
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Fig. 5. Performance of large-scale online MTL algorithm, online
stochastic planning algorithm versus MTL algorithm on three dynamical systems in the cross domain.

B. Results on large-scale Online MTL and Decision
Making in the Same Domain
The experiment first learnt 100 tasks for each domain using
the large-scale online MTL algorithm. These parameters were
chosen to ensure a variety of tasks, including three which were
dynamically controlled with highly chaotic dynamics. Then, we
randomized the task order with repetition and acquired a limited
amount of experience in each task consecutively, updating L and
the rt after each session. During the learning process, the online
planning tree algorithm was limited to 80 trajectories for SMSM
and TLMDCP plus 20 trajectories for PAC with 100 time steps
each to perform the update.
To evaluate the learned basis at any point in time, we initialized policies for each task using ϑt = LRt for t = 1, . . . , T .
From this start point learning commenced on each task using
the large-scale online MTL algorithm and by optimizing control data trajectories using the online planning tree algorithm.
The number of trajectories varied among the domains from a
minimum of 20 on the simple mass system to a maximum of
100 on the task control parameters. The length of each of these
trajectories was set to 100 time steps across all domains. We
measured the performance using the average reward computed
over 80 trajectories of 100 time steps and compared this to
standard policy gradients running independently with the same
settings.
Fig. 5 compares large-scale online MTL and decision making to MTL, showing the average performance on all tasks versus the number of learning iterations in the same domain. The
large-scale online MTL and decision making clearly outperforms MTL in both the initial and final performances on all task
domains, demonstrating significantly improved performance

from MTL. We evaluated the performance of the MTL algorithm
on all tasks using the basis L (learnt after observing various subsets of tasks) from observing only three types of tasks. These
experiments assessed the quality of the learned basis L on both
known and unknown tasks, showing that reward increases as
the large-scale online MTL algorithm learns more tasks. When
a particular task was not observed, the recent L with a zero
initialization of rt was used.

C. Results on Large-Scale Online MTL and Decision
Making in the Cross Domain
In this experiment, we considered the more difficult problem
of cross-domain latent basis transfer. The experimental setup is
identical to the same-domain case with the crucial difference
that the state and action spaces were different for the source and
the target task (since the tasks were from different domains). We
tested two transfer scenarios of cross-domain tasks: 1) SMSM
to TLMOCP; and 2) TLMOCP to PAC. In each experimental
case, the source and target task have different numbers of state
variables and system dynamics. The source (from 500 to 2000)
and target (from 500 to 2000) tasks are improved using the largescale online MTL algorithm. The online planning tree algorithm
was used to optimize eighty generated trajectories.
Fig. 6 shows the results of cross-domain transfer, demonstrating that the large-scale online MTL algorithm and online
planning tree algorithm can achieve the successful transfer of
tasks between different flexible manufacturing domains. These
results show the following.
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1) Transfer-initialized policies outperform standard policy
gradients, even between different flexible manufacturing
domains.
2) Initial and final performance improves as more samples
are used to learn optimal policies Π∗ .
The experimental result shows that the large-scale online
MTL algorithm and the online planning tree algorithm are capable of automatically learning state-action mapping parameters
πϑ (a|s) and effectively transferring tasks between different flexible manufacturing domains. Even when the source and target
tasks are highly dissimilar, the large-scale online MTL algorithm and the online planning tree algorithm are capable of successfully providing target policy initializations that outperform
state-of-the-art policy gradient techniques.
V. CONCLUSION
In this paper, we have described the way in which largescale online MTL and decision making can provide an efficient
mechanism for LMCS in a flexible manufacturing environment.
Based on a multiagent system technology, we proposed an online
metalevel control framework for LMCS. This approach was
found to be effective in learning high-dimensional coordination
policies and quickly coordinating multimachine action online
to ensure manufacturing flexibility.
More importantly, the large-scale online multitask leaning algorithm can be explored consecutively using high-dimensional
dynamic CCPs from multiple custom manufacturing tasks, generating a Markov network of multimachine runtime actions in
real time. At the same time, the large-scale online optimistic
planning algorithm is proposed to resolve the cooperative conflicts among machine actions by optimizing Markov network
online, significantly decreasing the experience cost.
The two proposed algorithms for large-scale online MTL and
online optimistic planning have been deployed on a professional testbed platform at Weichai, a smart factory for engine
manufacturing in China. Experimental results show that the proposed mechanism is more efficient than previous works, and
that the solution scales up to at least 200 machines, adjusting
system parameters to reorganize the Markov network with the
goal of improving the performance. Finally, we believe that our
approach could be extended effectively to address other complex domains, for example, multisensor network coordination
or medical decision-making systems.
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