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Abstract: In complex task domains such as assembly and disassembly, robots need to
reason about the tasks and the environment in order to make decisions. Reasoning should
be based on experience acquired by the robot through interaction with users and other
robots. This paper focuses on the use of learned semantic structures for failure recovery in
assembly, a classical problem that, nevertheless, is far from receiving from the robotics
community the due attention. A method for failure recovery planning guided by learned
semantic knowledge is described, formally analyzed and empirically evaluated.
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1. INTRODUCTION

In flexible manufacturing and assembly systems
(FMS/FAS), the keyword flexibility is generally
understood as the ability to cope with change. This is
a particularly important topic, especially in what
concerns failure detection, diagnosis and recovery. In
the assembly area, if other flexibility elements, such
as sophisticated end-effectors and flexible, especially
modular fixtures, are introduced, then robots will
potentially be able to perform a greater variety of
tasks with a higher complexity. This implies that the
robot should be able to choose which actions to
perform in each situation.

My main research interests are concerned with the
development of integrated robot architectures that
support reasoning and learning at the task level
(Seabra Lopes and Connell, 2001). In this paper, I
focus on work concerned with failure recovery for
robotized assembly. Failure recovery and related
problems must be addressed at multiple levels,
including prevention, fault tolerance, action-level
failure recovery, task-level failure recovery, reactive
and deliberative issues, human-robot interaction
issues, etc.
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The failure recovery problem still needs a lot of
research from the Artificial Intelligence, Robotics
and Automation communities Literature review
(Loborg, 1994; Toguyéni et al. 2003; Zielinski,
2002) shows that only a very small number of papers
on failure recovery are published each year in the
main journals and conferences. A distinction is often
made between local (action-level) and global (task-
level) recovery (Lopez-Mellado Alami, 1990). Local
recovery is often handled through pre-defined
procedures (Loborg and Torne, 1994; Lopez-Mellado
Alami, 1990; Meijer, 1991). When such procedures
fail, typically the human operator is called.

For global recovery, Loépez-Mellado and Alami
(1990) propose to execute any actions that, according
to the partially ordered task plan, do not depend on
the failed action. Meanwhile, the human operator is
called to solve the detected failure. Only in very few
cases, has automated planning been used for failure
recovery. Meijer (1991), while proposing a similar
“task re-scheduling”, additionally proposes the use of
a limited-horizon planner to try to devise a failure
recovery plan automatically. Only when that is not
possible will the human operator be called. Evans



and Lee (1994) use planning for failure recovery, but
the generated plans are still simple enough to be
converted to reactive procedures. After these efforts
in the early 1990’s, very little work has been
concerned with failure recovery planning.

There are several, complementary, approaches for
tackling the failure recovery planning problem:

1. A search-based planner is able to come up with
a failure recovery strategy.
The robot has enough time to go through trials
and eventually comes up with a solution; this is
a kind of search, but carried out in the physical
world (Ferch and Zhang, 2001).
The robot has been through a similar problem
before and was able to solve it; the strategy that
was used can now be adapted.
If the above approaches fail, an external agent
(e.g. a human teacher) can provide an
appropriate recovery strategy.

2.

The major problem faced by artificial intelligence
planners in the domain of failure recovery is
concerned with the search complexity involved in
real-world planning. A robot has limited time to plan
and recover from a situation. Even in very
circumscribed domains, planning complexity
prevents planners from finding solutions to problems
that require long action sequences. In real-world
domains, of course, the number of action alternatives
is much bigger and complexity becomes a problem,
even when only a short sequence of actions is to be
determined. For instance, in the assembly domain, a
sophisticated hand or a modular fixture offer a
variety of possibilities for solving a variety of tasks.
However, finding the right sequence of arm moves
and hand and fixture configurations for solving an
unexpected problem is not easy. Heuristics are often
used to focus search. The problem is that it is
extremely difficult to define heuristics for the
domain of failure recovery planning. Going through
trials in a framework of reinforcement learning is
something that the robot can do in spare time or in a
training period. Work of this type in the domain of
cooperative grasping and assembly is reported in
(Ferch and Zhang, 2001). However, this does not
seem viable for failure recovery in normal operation.

Avoiding planning complexity by using knowledge
about solutions to similar, previously encountered
problems is a way out that has been attracting
increasing attention from researchers in various
domains. I have developed a failure recovery
approach that involves recognizing the basic
principles underlying solutions to concrete cases and
the application of those principles to new situations.
(Seabra Lopes, 1999). In the failure recovery
domain, the descriptions of failure categories and
operator schemata make up a domain theory that
must be taken into account when explaining (or
understanding) the recovery strategy that was applied
in a given situation. Learning the basic principles of
the applied solutions involves a series of deductive
and inductive inference steps. In recovery planning,
the inverse transformations are applied.
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In this paper, I take up previous work by providing
formal definitions, formal complexity analysis of the
planning algorithm and experimental results. For the
learning algorithm, refer to (Seabra Lopes, 1999).
This work takes the common assumption in Al
planning, namely that the world normally changes as
described in action models. In case of failure, this
work also assumes that failure analysis capabilities
will enable to update the world model and start the
recovery planning activity. The work finally assumes
that the manipulated representations are perceptually
grounded.

2. FAILURE RECOVERY KNOWLEDGE

A symbolic and logic-based approach is adopted. The
world model is a set of logic formulas that represent,
not only permanent information about the world, but
also the momentary situation. The world can change
through actions of the robot and unexpected events.
The types of actions the robot is able to perform are
represented by PDDL type operator schemata
(Gerevini and Long, 2005). An operator schema
specifies the pre-conditions and effects of an action.
Plans are obtained by stringing together operator
applications, i.e. instanciated operator schemata.

The execution of a plan can fail to deliver its goals.
An execution failure 1is, therefore, a deviation
between the expected and the actual situation of the
world detected during plan execution. Failure
detection requires a functionality usually called
execution monitoring (Pettersson, 2005). Execution
failures can be caused by system faults (malfunctions
in equipment), external exceptions (e.g. some
unexpected occurrence in the robot environment) or
previous execution failures (Camarinha-Matos et al.,
1996). An execution failure is characterized by a
certain number of effects on the situation of the
world. Thus, the proposed representation resembles
that of operators:

Definition 1 - A failure category describes a class of
execution failures in terms of the execution context
and failure effects. It is represented as a tuple FC =
<FT,O0T, DL,AL>, where:

FT is a functional expression representing the
failure category template.

OT is the failed operation template. (In general,
this could be some pointer to the execution
context)

DL, called the delete list, is a list of atomic
(logic) formulas that should be deleted from the
description of the situation of the world prior to
executing the failed operation.

AL, called the add list, is a list of atomic
formulas that should be added to the situation
description.

The description of a failure actually occurred in the
physical scenario is an instanciation of a failure
category and is identified by the instanciated failure



template. Determining failure effects after failure
detection can be done through a failure diagnosis
module, which should be part of the agent
architecture. Failure diagnosis includes failure
confirmation, classification and explanation, and
concludes with status identification. Based on the
results of failure diagnosis, a failure recovery
strategy can be devised.

Applying a failure recovery strategy is a learning
opportunity, whether it is successful or not. Success
means, of course, that the planned recovery
operations are completely executed, allowing to
resume execution of the nominal plan. If some
exception, unrelated to the initial failure, causes a
new failure which is handled recursively, and then
the initial recovery strategy is resumed and
completed, recovery is also considered successful.
Unsuccessful recovery may happen due either to the
application of an incorrect recovery strategy, given
the initial failure diagnosis, or to errors in the initial
diagnosis itself. The first case can usually be avoided
by verifying the effects of the recovery strategy,
according to the applied operator schemata, before
execution. In the second case, learning is more
difficult because it involves criticizing and
reformulating the used diagnostic model. In this
paper, learning is attempted only from successful
failure recovery episodes.

The following representation is adopted:

Definition 2 - A failure recovery episode is a tuple
<OT,FT,RP>, where OT is the failed operation
template, FT is the failure instance template and RP
is a plan (i.e. a sequence of operator applications)
used to recover from the failure (recovery plan).

The basic principles that explain the success of a
failure recovery strategy are then extracted based on
several deductive as well as inductive
transformations, namely deductive generalization,
abstraction, feature extraction and clustering of
repeated plan patterns (Seabra Lopes, 1999). The
final result of these learning computations is a failure
recovery schema, which can now be formally
defined:

Definition 3 - A failure recovery schema describes
guidelines for building solutions for instances of a
given failure category. It consists of a tuple
<OT,FT,RSK>, where:

OT is the template of the applied operator.

FTis the failure category template.

RSK is the recovery plan skeleton, consisting of
a sequence of abstract steps described as pairs
<Action,Features>, where Action is either an
abstract operator or a sequence of abstract
operators and Features is a list of features of the
objects manipulated by Action.

Each abstract operator can be concretized through a

sequence of task-level operators. Failure recovery
schemata can be thought of as conceptual categories,
but not in the usual sense of the term. Although these
categories organize similar concepts, their members
cannot be enumerated. They can, however, be
reconstructed as necessary.

An example of a failure recovery schema, learned
with this approach from a 24-steps plan in the
assembly domain described in (Seabra Lopes, 1999),
is presented in figure 1.

[ assemble(R,T,Objl,Compl, Typel, Prod, Fix) ,
defective_assembly (DefObj, Comp4, Type4, Prod, Fx) ,
[ [ place(Obj1), [ 11

[ [disassemble(X,C), place(X)],

[ initially assembled(C),
assemble after (C,Comp4),
assemble before(C,Compl) ] 1

[disassemble (DefectiveObj, Comp4),
[place (DefectiveObj), [ ] 1
[pick (NewObj) ,

[ same_type as (NewObj,DefectiveObj) 1 1
[assemble (NewObj, Comp4) ,

[ same_type as (NewObj,
[ [pick(X), assemble(X,C) 1,

[ initially assembled(C),
assemble after (C,Comp4),
assemble before (C,Compl)]]

[pick (Obj1), [ 1 1
[assemble (Objl,Compl), [ ] ]
]

[11

DefectiveObj) 1 ]

1
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Fig. 1. Example of learned failure recovery schema
(see Definition 3.)

It covers a range of assembly failure situations
caused by a defect in an assembled component and
the subsequent impossibility of assembling another
component. The learned strategy contains two
clusters, one for the disassembly phase,
[disassemble (X,C), place(X)], and the other
for the assembly phase [pick (X),
assemble (X,C)], where variables X and C are
constrained by certain features (given in italic). For
instance, feature assemble before (C, Compl)
specifies that assembly component ¢ must be
assembled before Comp1, i.e. before the component
whose assembly failed.

3. PLANNING GUIDED BY AN ABSTRACT
PLAN

When a failure is detected and the diagnosis function
is able to produce the failure description, recovery
planning is attempted. The first step is to look for
similar failure situations previously encountered. It
shouldn’t be ignored that a so-called “utility
problem” has been identified for learning systems,
particularly for explanation-based learning systems
(Minton, 1990). It arises when the added costs of
matching learned control rules exceed the search
guidance benefits. Similar problems can occur in
case-based systems, which is based on storing cases.
In the proposed approach, the combination of
deductive generalization with different forms of
abstraction (including clustering) enables to learn
failure recovery schemata that cover a wide range of
situations, therefore reducing the utility problem
considerably. If needed, indexing/retrieval techniques



developed within CBR (Kolodner, 1993) should be
used.

In the work described here, the failed operation
template plus the failure instance template are used
as indexing key to locate and retrieve a suitable a
failure recovery schema. Then, the plan skeleton in
that schema is concretized to solve the current
situation.

3.1 Planning Guided by an Abstract Plan

Concretizing a plan skeleton, i.e. adapting it such
that it solves a particular situation, can be done by
planning a solution for the situation and using the
skeleton simply to guide the search. If the plan
skeleton contains no clusters, an A* graph-based
progression planning algorithm can be directly
applied. In this case, all that must be done is to
redefine the cost function to take into account the
information contained in the plan skeleton. The
previously extracted features play an important role
in cost computations.

The following cost estimation method was
implemented:
- At the root node of the search space,

representing the failure situation, the entire plan
skeleton is considered as the guide to reach a
situation in which the failure is considered
recovered. In each node of the search space,
there is some remaining part of the initial plan
skeleton that provides guidance for going from
that node to a solution node.
When expanding a node, the first abstract
operation in the remaining part of the plan
skeleton, is used to judge the utility of different
operator applications and assign them different
costs. Let OP be a legal operator application in
the current node and let Cy be the real cost of
executing it '. Let 40 be the head of (i.e. the
first abstract operation in) the current plan
skeleton. The cost of OP actually considered by
the planner, Cp, is defined by the following
rules:

o If OP is an auxiliary operation, therefore
belonging to the nil class in the operator
abstraction hierarchy, then Cp will be the
real cost Chp.
If OP belongs to the category of 40, then
let K be the number of features
documenting AO in the plan skeleton and
let V' < K be the number of these features
actually verified (i.e. true) in the case of
OP. In this case, we have

Cp = Cgr (K+1)/(V+1)

This way, operator applications that verify
a greater number of features of the abstract
operation will be preferred. If V' = K, then

" For tests in the assembly domain reported below,
all costs were set to 1.0.
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Cp will be the real cost.

In all other cases, Cp will be infinity. In
this case, the planner won’t even create the
corresponding child node in the search
tree.

When a node 7 is created, its total cost is defined
as f(n) = g(n) + h(n), where: g(n) is the sum of
the Cp costs of all operations in the path leading
from the root node to n; the estimated cost of
reaching a solution node is h(n) = o - L , where

L is the length of the current abstract plan and a
is an estimate of the average cost of operations
in a task-level plan per each operation in the
abstract plan .

3.2 Expanding Plan Clusters

The planning process becomes more complex when
the plan skeleton contains clusters, due to the
uncertainty with respect to the number of cluster
instances that are required for the particular problem.
Since this problem interacts with the structure of the
entire plan skeleton, the best approach is to carry out
an abstract planning phase, in which the clusters in
the plan skeleton are replaced by sequences of
abstract operations and the parameters of the abstract
operations are instanciated. A greedy progression
planning approach is followed in converting a plan
skeleton with clusters into a mere sequence of
abstract operator applications. When the planner
encounters a cluster, it can either skip it or append a
cluster instance to the current plan skeleton.

In this approach, cost is not taken into account. Only
a measure of preference of a particular abstract
operator application over alternative applications is
used. Let 4O be an abstract operation in the plan
skeleton and let K be the number of features that
documents it. Let A4 be a possible application of 40
and let V be the number of features in 4O verified in
AA. AA will be preferred over other operator
applications if it has the highest value of the ratio
(V+1)/(K+1). Note that, as a direct consequence of
taking into account features in cost computations,
recovery planning will be easier for those failure
episodes that are more similar to the failure episode
that originally enabled learning. Precisely the same
occurs with human learning.

4. ANALYSIS AND EVALUATION
4.1 Computational complexity of planning

Planning from experience, following the method
described above, assumes that the selected failure
recovery schema is indeed applicable to the situation
being addressed. As already mentioned, such analysis
is to be carried out by a diagnosis module. If the
schema is not applicable to the situation, planning

2 For tests in the assembly domain reported below, o
=2.5 was used.



will eventually fail. This happens because, in order to
focus search, the plan skeleton is used to actually cut
off a large portion of the search space.

When planning from scratch, the average branching
factor is
B= Nao X Bao + Bm'l

where N, is the number of abstract operators defined
for the domain, B, is the average number of
instantiations of an abstract operator applicable on
any given state and B,; is the average number of
auxiliary operations applicable on any given state. In
the particular domain used for the examples of this
paper, B has been experimentally determined to be
around 10 operations (Seabra Lopes, 1999).

When planning from experience, according to the
algorithm presented in section 3.1, the average
branching factor is reduced to B = B,; + B,,. If, for
instance, we have a domain in which N,, =4 and B,;
= B,,, we see that the branching factor is reduced to
40% of the original branching factor. This leads to a
considerable reduction in the search space. For larger
domains, this improvement will be even more
significant. However, it does not prevent an
exponential growth in the general case.

The actual performance of the proposed planning
approach in a particular situation depends on the
following two main conditions:

a) The current situation is similar enough to the
situation that originally enabled learning, so that
the same basic solution can be applied, without
any extra search effort;

b) The features used to document each step of the
abstract plan skeleton are sufficiently
informative, therefore allowing an appropriate
similarity assessment.

Situations meeting these two conditions are the main
target of the proposed planning approach. Under
these conditions, the approach has been
experimentally observed to exhibit a linear
computational complexity (see section 4.2). More
specifically, the number of created nodes in the
search tree grows linearly with the size of the
solution plan, resulting in a linear complexity both in
terms of memory usage and running time. This can
also be intuitively seen through an analysis of the
planning process. Typically, since the abstract plan
skeleton doesn’t provide any guidance with respect
to auxiliary operations, most of the search effort is
consumed in finding appropriate auxiliary operations
to insert between the other task-level operations. The
search for intermediate auxiliary operations
terminates as soon as a state is generated where an
appropriate instance of the next abstract operation
can be applied.

Assuming that the features characterizing the abstract
operation are informative and, therefore, the right
task-level operation is selected in the first attempt,
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the average depth of the local search for auxiliary
operations is given by / = 1 + A/(1-)A), where A is the
proportion of auxiliary operations in the solution
plan. In these circumstances, the size of the local
search space, S, grows exponentially * with /, but can
be considered independent of the length of the full
solution plan. The number of expanded nodes for a
full recovery plan of size L will be in the order of (1-
A) x L x § which is linear in L. When features are
not enough to pinpoint the right task-level operation
to implement a given abstract operation, the local
search space will tend to expand beyond that point.
The more often that happens, the less linear the
search process will be.

4.2 Empirical evaluation

Empirical evaluation was carried out in the assembly
domain described in (Seabra Lopes, 1999). Parts are
available to the assembly robot through feeders or in
pallets and tools are picked up from a tool magazine.
The product used in the examples is the Cranfield
Benchmark, a classical pendulum-like structure used
for evaluation of research in the assembly domain
(Rathmill and Collins, 1984). 13 different action
categories (planning operators) are used. An
assembly plan for the Cranfield benchmark,
considering assembly operations and auxiliary
operations for part feeding and fetching, has a length
of around 50 operations. The average branching
factor of the planning search space has been observed
to be approximately 10. This means that, if there are
no heuristics for guiding the search, a search space of

10" may have to be explored for determining a plan
with 7 operations.

For this evaluation, the failure recovery schema
presented in fig. 1 was used to solve five recovery
planning problems (Table 1). First of all, the learned
schema was used to solve the problem based on
which it was learned. An optimal solution, equivalent
to the one used for learning, is obtained, after
expanding a search tree with an Average Branching
Factor of 4.299 and an Effective Branching Factor of
1.197 (first line in Table 1).

Other problems were formulated for testing the same
learned schema. For instance, the second problem is
the following: after assembling the side plate (sp1),
two of the spacer pegs (pegi, peg2), the cross bar
(cb1) and the shaft (sft), the robot fails to assemble
the lever 1v and realizes that the failure was due to a
defect in the initial sideplate (sp1). The situation is
similar to the one that enabled learning, but more
complex, because there is a larger set of components
that must be disassembled in order to replace the
defective component. However, applying the
planning strategy proposed above, guided by the plan
skeleton contained in the learned recovery schema,
an optimal solution for the new problem is easily

3 It can be estimated as S = B x (B'-1) / (B-1) .



derived. As can be seen, at the surface, the plan for
the new problem is quite different from the plan used
in the episode that enabled learning. Note that, in this
search, branching factors (second line in Table 1) are
comparable to those of the previous case.

As Table 1 summarizes, several problems, with
solution sizes varying between 15 and 40 operations,
can be solved using the same basic solution (the
schema in fig. 1). Variations in branching factors are
minor in these problems. The key achievement of the
approach, here illustrated, is that it keeps the
Effective Branching Factor very near to 1. We also
see that the Effective Branching Factor decreases
(approaching 1.0) as the length of the target solution
increases. In fact, it was nearly 1.3 when finding a
plan with 15 operations, but decreased to 1.1 when
finding a plan with 40 operations. This is related to
the fact that, as argued before, the computational cost
of the planning algorithm grows linearly with the
size of the solution. The linearity claim is supported
in Table 1 (3rd column), where it can be seen that the
ratio between the number of nodes in the search tree
and the length of the solution oscillates around 14.

Table 1 Failure recovery planning
performance measures

Plan #nodes # non Avg. Effecti.ve

length #nodes /plan termina branching branching
length Inodes factor factor
24 374 15.6 87 4.299 1.197
32 494 154 114 4333 1.143
15 160 10.7 36 4.444 1.296
21 281 13.4 64 4.391 1.217
40 564 14.1 129 4372 1.109

5. CONCLUSIONS

In this paper, a method was proposed for solving
failure recovery problems based on analogies with
previous similar problems, whose basic solution was
learned. An expressive semantic representation is
used to guide failure recovery planning in new
similar situations. The inefficiency of the classical
planning-from-scratch  approaches led robotics
researchers to avoid artificial intelligence methods.
However, as the method presented in this paper
illustrates, the introduction of learning reduces
planning complexity from exponential to linear in the
number of required operations. This way, the task
planning and failure recovery module is able to make
decisions in the time scale of the normal execution of
the task. This means that, if some unexpected
problem arises and there is previous experience
about problems of the same kind, the problem can be
solved with the guarantee that the total time to
complete the task won’t increase significantly.
Globally speaking, the approach enables the robot
system to become increasingly effective, not only
within a task, but also across different tasks.
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