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Abstract Metareasoning has been widely studied in the
literature, with a wide variety of algorithms and partially
overlapping methodological approaches. However, these
methods are typically either not targeted toward practical
machine learning systems or alternatively are focused on
achieving the best possible performance for a particular
domain, with extensive human tuning and research, and vast
computing resources. In this paper, our goal is to create
systems that perform sustained autonomous learning, with
automatically determined domain-specific optimizations for
any given domain, and without requiring human assistance.
We present Alma, a metareasoning architecture that creates
and selects reasoningmethods based on empirically observed
performance. This is achieved by using lazy learning at the
metalevel, and automatically training and combining reason-
ing methods at run-time. In experiments across diverse data
sets, we demonstrate the ability of Alma to successfully
reason about learner performance in different domains and
achieve a better overall result than any of the individual rea-
soningmethods, even with limited computing time available.

Keywords Metalearning ·Automated reasoning · Integrated
learning architectures · Lazy learning · Machine learning

1 Introduction

There are a wide variety of different computer reasoning
methods available, which all have their own strengths and
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weaknesses.Determining themost appropriatemethod to use
in a system depends on the particular domain it will be used
for, and can be both challenging and time-consuming. This
general topic has seen increased interest in the last years, as
noted by, e.g., the AutoML challenge [18] and similar efforts
within deep learning where the structure of the network is
learned automatically [53]. In this paper, we present Alma,
a metareasoning architecture that addresses this problem by
creating systems that adapt to specificdomains automatically,
within an online learning paradigm.

In a previous paper [23], we examined how existing expert
knowledge and new knowledge learned from training data
can be combined in hybrid systems. This included ametarea-
soning scenario with three pieces: a static prespecified expert
model, a classification model trained from data as it becomes
available, and a metalevel control agent. The metalevel agent
workedbydetecting at run-timewhen the classification learn-
ing algorithm had been sufficiently trained to outperform the
expert model and switched to using the trained model from
that point onwards.

In the current work, we examine how to create this type of
hybrid reasoning systems automatically, without requiring
new system- and domain-specific expert knowledge for each
situation. The goal of our research is to develop a framework
for metareasoning based on lazy learning, i.e., to learn which
reasoning methods to apply, and when to apply them, at run-
time. The core of the architecture is to be implemented in a
learning system and tested, as a proof-of-concept, in com-
parison with other systems.

To achieve this goal,Alma is designed to support efficient
and sustainedmetalevel learning over time, where the system
continues to learn from new problem-solving experiences,
while it is running, without human intervention. The basis
for this learning in Alma is that we assume that while rea-
soning method performance will vary across different tasks
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and domain characteristics, a method which has performed
well so far for a given task will typically continue to work
well for that same task in the future.

This separates Alma from many other forms of metarea-
soning, notably forms that focus only on optimizing a single
model, andmetareasoning that focuses on addressing specific
identifiable failures in the system’s behavior.

We explore the differences between these metareason-
ing approaches and their motivation and related literature in
Sect. 2. We then present an overview of the Alma architec-
ture in Sect. 3, and the specific metareasoning components
we use in Sect. 4. Section 5 describes experimental results
from using Alma, and Sect. 6 compares Alma’s behavior
with related metareasoning systems. Concluding remarks in
Sect. 7 end the paper.

2 Metareasoning systems

Alma is an architecture for incrementally predicting solu-
tions and learning from feedback, with a focus on learning at
the metalevel to continually improve prediction performance
over time. In the following sections, we compare and contrast
this behavior with other forms of learning systems.

2.1 Lazy learning

Laziness in the machine learning sense is used in contrast to
eager learning and means to avoid eagerly building general-
izations from experiences in a preliminary learning phase [1].
Instead, the source data are retained, and generalizations are
built in the problem-solving phase when the specific problem
query is already known. This allows more information to be
used during the generalization, for example by building sim-
pler models for only the part of the problem space near the
particular query to solve instead of global models covering
the entire space.

Certain aspects of lazy learning are essential for Alma, as
the underlyinggoal is to autonomously learn new information
at run-time, without human assistance. To achieve this goal,
generalizations must be created by the system, while it is
running and solving problems.

However, laziness comes at a cost. The “utility problem
for lazy learners” [16] occurs when the addition of more
information to the system increases the costs more than the
benefit it brings, thus reducing utility. However, Watson [48]
reported that in a commercially fielded system, the utility
problem did not become a problem in practice. In an earlier
paper [22], we showed that whether techniques to address
the utility problem are beneficial or not always depends on
the specific reasoning scenario and that premature attempts
to address it eagerly can do more harm than good.

Our goal in Alma is to optimize whole-system perfor-
mance—to produce the best possible overall results—and
not just perform isolated optimizations to parts of the system
that may or may not end up being beneficial. Because of this,
we focus onhow thedifferent parts of the systemcombine and
work together for a specific situation, and on optimizing the
combined functionality of the entire system problem-solving
cycle. One of the major parts of this is increasing the capa-
bilities for being lazy at the metareasoning level compared
to other architectures and typical systems in use.

In Alma, choosing the reasoning method is postponed
until the problem-solving phase and performed automatically
at run-time. This means that more information is available,
such as performance data on how reasoning in the domain has
behaved so far (e.g., whether techniques to address the utility
problem are helpful or not), possible shifts in the domain over
time, and even being able to adapt new reasoning methods
that were not available during the initial system design but
were plugged in later.

Using a lazy approach at the metalevel, we can selec-
tively include the optimizations that are actually improving
the observed results for each specific domain, while avoid-
ing optimizations that might have only looked good on paper
or only perform well on other data sets. The benefit of our
approach is that the system automatically learns which opti-
mizations work for a given domain.

2.2 Metalevel learning

To learn and generalize beyond the training examples, some
inductive bias is always needed [34], and whether learning
is successful or not depends on how the bias interacts with
the unknown domain characteristics. The study ofmetalearn-
ing is to examine how to increase learning efficiency through
experience, which Vilalta and Drissi [46] defines as choosing
the correct inductive bias. In this view, the role of metalearn-
ing is precisely to dynamically shift the inductive bias in a
way that achieves better results, which in Alma corresponds
to changing which reasoning components are selected.

There is a rich variety of research related to metalearn-
ing from different specialized fields [28]. To illustrate where
Alma fits in this research landscape, we compare and con-
trast important related metareasoning approaches by roughly
dividing them into three groups:

– Using data setmetadata characteristics to select an appro-
priate learning method [32]. A typical example would be
to identify, e.g., training set size and whether features
are categorical or continuous as being important, and
using rules based on these values to select an algorithm.
This form ofmetareasoning is often performedmanually,
in which case a common approach is to select methods
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based on how well their biases are perceived to match
domain characteristics.

– Identifying and correcting problems [13,36]. In this case,
we do not know what methods will perform well, but we
can identifywhen something has gone awry: for example,
when the generated solution is too costly, has conflicting
steps that need to be resolved, or an internal part of the
system did not perform as expected.

– Repeatedly generating and empirically testing potential
solution methods [35,40,50]. Here we might not know
about important data set characteristics or what form the
solution process should take, but a meta-algorithm can
attempt to solve the problem using many different meth-
ods, and evaluate how well these methods actually work
in practice for the given data set. New approaches and
modifications are attempted until an acceptable solution
is found. This is the approach used in Alma. The main
feature that distinguishes ALMA from other methods is
its focus on lazy learning to achieve this.

2.3 Reasoning from data set characteristics

This is the most straightforward form of metareasoning,
where certain metadata describe the data set, and are used to
select a particular well-suited method. This can, e.g., be a set
of handcrafted rules, a learned classifier basedon examining a
large number of data sets and automatically determining rela-
tionships between characteristics andmethods, or an expert’s
intuition.

This form of metareasoning is very common when per-
formed by humans, and is well established in the literature
with a large number of approaches and methods proposed.
However, it is less relevant for this paper as the types of rules
humans apply are often too vague to apply algorithmically,
and the general approach of predetermining a single method
based on static data set metadata is not compatible with our
goal of sustained autonomous learning.

An alternative is to use dynamic metadata that are col-
lected at run-time instead of a static set of data set charac-
teristics. In the case of collecting metadata about empirically
observed performance, we consider this a form of repeatedly
generating and testing potential solution methods as will be
described in 2.5.

2.4 Failure-driven learning

Failure-driven learning systems are not as extensively resea-
rched as the othermetalevel learning groups, butwe highlight
them as they are well established within lazy reasoning sys-
tems. This type of system is most commonly based on learn-
ing from traces of object-level reasoner behavior [13] (which
can be viewed as using dynamic metadata). These traces
list the steps of the process that the object-level reasoner

performs, and then, a form of metalevel control is used to
examine the list of steps, detect problems, and correct them.

The usual form of such metalevel control is focused
on “reasoning failures,” where the system runs as normal
without metareasoning until an unexpected result, or an
“impasse” [27], is encounteredwhile solving aproblem.Such
results can, e.g., be arriving at an incorrect answer, deter-
mining that a more similar case to the answer exists but was
not retrieved, or even lacking any method to solve a cer-
tain kind of problem. This approach is based on the intuition
that metareasoning is particularly valuable when something
unexpected happens and that there is no reason to change the
system if it is performing as expected without any problems.

Adding this type of introspective error detection and
triggering of repair actions can successfully improve the per-
formance of an underlying reasoning system automatically,
even enabling the system to correctly solve problem instances
that the underlying reasoner could not solve on its own [15].

However, detecting failure, determining the reasons for
it, and then correcting them is a difficult process and a
research problem in its own right. As an example, starting
with an example from the literature of a lawn has not been
cut properly [12], you would first have to figure out that the
lawnmower is malfunctioning, that this is caused by a loose
wheel, and then figure out how to repair it. This is a cogni-
tively harder problem than simply cutting the lawn.

In particular, in a complex system it is typically not
straightforward to determine what constitutes a reasoning
failure, nor the way to fix it. In practice, these systems will
often consist of rules that have been predetermined by human
experts. For example, the implementation of GILA used
failure patterns provided by the authors of the system, and
investigating whether the patterns could be learnt from expe-
rience was left as a possible line of future research [36].

In contrast to this failure-driven approach to metareason-
ing, our work focuses on learning in a more general and
flexible sense, without necessarily being tied to a problem-
solving failure. Learning opportunities are assumed to always
be present, even when nothing is explicitly identifiable as
being “wrong.”

2.5 Method combination and evaluation

The essence of multi-method learning is to use and com-
bine multiple learning algorithms in some way to improve
the overall performance. Even within this subfield, there is a
vast and varied number of approaches in the literature, and
it is growing rapidly [50]. For Alma, we are particularly
interested in the meta-algorithms that are used to combine
machine learning methods and evaluated based on empiri-
cally estimated accuracy.

One well-known form of this multi-method learning has
been found in the boosting literature [41], where meta-
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algorithms train many different versions of basic learners
and combine them in an ensemble that is better than any of
the single individual learners, based on the observed perfor-
mance of the learners. Research into this topic has provided
useful algorithms for boosting the performance of practical
machine learning approaches, by treating the machine learn-
ingmethods as black box abstractions and improving them at
the metalevel. In this regard, it has the same objective as our
research, where we use a different approach to follow some
of these same ideas.

This form of metalevel combination and evaluation has
also been studied with different names and approaches in
several other related fields, for example:

– Hyperparameter optimization [43], choosing the best
parameters for a learning algorithm, with a focus on min-
imizing the number of evaluations.

– Predictionwith expert advice [8],minimizing regret com-
pared to reference forecasters, with a focus on worst-case
performance (adversarial experts).

– Ensemble learning [7,14,26,33], based on combining
multiple different versions of a classifier, reminiscent
of statistical ensembles that consider all possible world
states at once.

– Multi-level learners [10,49] (also called stacking or
blending), where multiple base-level learners produce
output, and higher levels of learners are trained with this
output from the lower levels as input.

– Portfolio selection [30], optimizing wealth across assets,
with a focus on the trade-off between expected return and
risk.

– Combining forecasts [3,11,47], the general notion of
combining multiple different predictions of the future
with independent errors and variance to produce an over-
all more accurate outcome.

These approaches represent different focus areas, but have
significant overlaps and are all based on using metalevel
methods to evaluate and use different versions of object-level
methods. Our focus will be on describing the process used in
Alma, as iteratively making decisions in an unknown deci-
sion space. This process could be studied in any of the fields
listed above, but is most closely associated with hyperparam-
eter optimization and prediction with expert advice.

We later compare Alma against a selection of related
metareasoning systems in Sect. 6, after describing howAlma
works in theory and practice.

2.6 Reinforcement learning and multi-armed bandits

In reinforcement learning, an agent attempts to maximize
its rewards from an environment that is not fully known,
and has to learn how to behave and what actions to take

based on receiving a reward signal. This creates two oppos-
ing and contradictory goals: The agent should spend time
performing the actions that it expects will provide the great-
est reward, but at the same time it should try to learn more
about the environment to make sure that the agent’s expec-
tations are correct and it is performing the correct actions. If
new information from the environment shows that another
action would be more beneficial, the agent should adapt
its behavior accordingly. This is called the exploration–
exploitation trade-off, as an agent is typically not able to
do both at the same time, and has to choose between them.
(For example, to learn the effect of choosing option X over
option Y, you actually have to choose option X. If the
agent is expecting option Y to perform better, this explo-
ration of choosing option X naturally incurs an expected
loss.)

A famousproblemexemplifying the exploration–exploita-
tion trade-off is the multi-armed bandit problem. In this
problem, a gambler can choose between many different slot
machines in a casino, where each machine has its own prob-
ability distribution for what rewards it will produce. The
problem for the gambler is to choose whichmachines to play.
In the traditional setting, the gambler has no initial knowl-
edge of the machines and can only learn about their reward
distribution by attempting to play them, which means not
playing one of the other—possibly better—machines. Solu-
tions to this problem can be used to address many real-world
situations, from clinical trials [44] to internet advertising
[9], where choosing between multiple options with uncer-
tain results can bemodeled as choosingwhich slotmachine to
play. The multi-armed bandit problem can be seen as a more
restricted and structured instance of reinforcement learning,
as, e.g., the rewards can be directly linked to the correspond-
ing actions with certainty.

In Alma, we model decisions at the metareasoning level
as essentially such a multi-armed bandit problem and adapt
existing multi-armed bandit strategies to work in the metar-
easoning setting.

3 The ALMA architecture

The Alma architecture is based on a functional decompo-
sition of system behavior into three reasoning layers, which
correspond to basic problem-solving (L0), domain learning
(L1), and introspective metareasoning (L2). In this section,
we describe the Alma reasoning process and how these rea-
soning layers are used.

3.1 Problem solver selection

Metareasoning in Alma consists of choosing what reason-
ing methods to use for each input query, which can be seen
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as repeatedly solving the algorithm selection problem [37]:
Select a good algorithm, for a large and diverse problem
space, from a large and diverse algorithm space, using com-
plex performance criteria.

The Alma metareasoning process consists of evaluating
a sequence of reasoning components, starting with a fixed
metareasoning root component (L2). Iteratively, the current
active component is evaluated and passes control to the next
component, which is either at the same metareasoning level
or a lower one. Often one or more of these components
will be new, never-before-used components that are inter-
nally constructed at run-time during the reasoning process.
In this way, the system is dynamically exploring the space
of possible components, not just evaluating a fixed set of
options. Once an L0 component is reached, it can simply be
evaluated with the current problem query as the input and
will output a proposed solution to the input problem query.
The metalevel learning in the system comes from remember-
ing which components were used for each problem-solving
attempt, and assigning them credit based on the quality of
the solution.

As an example, the process of solving a single input prob-
lem query might be: start with the root L2 component and
use performance data as input → create a new L2 com-
ponent and use performance data as input → choose an
existing L1 component and use training data as input →
create a new L0 component and use the problem query as
input → return the output as the solution to the problem
query.

As all these problem-solving attempts start at the root
component, the set of all reasoning paths encountered across
multiple problem-solving attempts can be viewed as a tree.
Each node in this tree is assigned a score based on the aggre-
gate credit from all solutions that were generated based on
using that component, i.e., based on observed performance of
the subtree formed under the node. Figure 1 shows a simple
example of such a component tree.

For smaller systems, it is possible to simply try every
reasoning method on every input and thus gather informa-
tion about all of them at the same time when the correct
solution is supplied later. This allows full exploration gains,
while the best-performing subtree can be exploited every
time without losing out on exploration opportunities. How-
ever, there can be a combinatorial explosion of possible
methods and the ability to try different methods (partic-
ularly training new models) is limited by run-time CPU
resources, which is an important issue often not suffi-
ciently addressed in the literature. In our work, we also
use unbounded trees to explore new combinations and
new parameter settings—subtrees that lazily expand them-
selves forever to grow larger when they are explored.
Trying every possibility is of course not possible in this
case.
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Fig. 1 Snapshot of a (tiny)Alma component hierarchy. The L0 boxes
represent non-learning instances of fully trained classifier functions,
e.g., decision trees andneural networks.A singleAlma system typically
contains a heterogenous variety of such classifier instances. L1 boxes
represent methods that learn from training data, and L2 boxes represent
the metareasoning components that Alma is focused on. The shaded
subtree illustrates score aggregation, where the L1 component marked
“A, B, C” is scored based on the combined scores of the L0 components
marked “A,” “B,” and “C”

3.2 Metareasoner properties

Our metareasoner’s task is to achieve the best overall result
by incrementally selecting which reasoning method to use
for each problem. This directly maps to choosing the best
child node, which we view as conceptually playing an arm
in the multi-armed bandit setting. Instead of having a single
multi-armed bandit, we have a horizontally and vertically
unbounded hierarchical structure of bandits and sub-bandits,
representing the possibility of creating new components
instead of reusing existing ones.

To evaluate the available options for a single component
at a given step in the process, we can still model this as a
regular multi-armed bandit problem. Each of the previously
visited child node components represents an arm on the ban-
dit, with the observed solution quality from previous visits
forming the basis for estimating the value of the component,
just like previous rewards from playing a bandit arm is used
to estimate the value of playing the arm. The option to create
a new child component is another arm on the bandit, with an
unknown value.

There is a certain degree of uncertainty about how well
the reasoning methods will perform, because of uncertainty
in the domain itself, stochastic behavior for some of the rea-
soning methods, and fundamentally because the reasoning
performance changes over time asmore training data become
available. This is precisely captured by the evaluation of the
reasoning methods as an exploration/exploitation problem
and using established strategies for the multi-armed ban-
dit problem to explore the decision space. Our metareasoner
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therefore also inherits this ability to optimize its own perfor-
mance by choosing between focusing on the assumed best
method to get good results, or to further examine other meth-
ods with more uncertain characteristics to find a potentially
better reasoning method for the future.

3.3 Reasoning metalayers

Alma describes reasoning systems using functional layers,
in the sense that all components on the same layer imple-
ment functions that operate on the same kinds of inputs and
outputs, and these outputs are deterministic functions of the
input.1 We define these functions as belonging to L0, L1, or
L2 (and refer to components as belonging to the same level
as their corresponding functions):

Definition 1 Let L0 be the set of functions mapping input
problem queries to solutions: Query → Solution.

Let L1 be the set of functions mapping training data con-
sisting of problem queries and their solution to L0 functions:
TrainingData → L0.

Let L2 be the set of functions mapping performance data
to L1 functions: Per f ormanceData → L1.

L0 corresponds to fixed problem-solving procedures that
can output a Solution for any given Query. This could, e.g.,
be a set of if–then rules, a decision tree, or a feed-forward
neural network. This could for example be “Always predict
rain,” or “If x1 � 3, predict 0, else predict

√
x2.” These func-

tions do not change and therefore necessarily cannot learn.
L1 corresponds to algorithms that learn L0 functions from

domain training data. In Alma, the TrainingData is a list of
(Query, Solution) pairs corresponding to previously issued
queries. An example L1 function is ID3, a specific algo-
rithm for learning decision trees. These functions can learn
by selecting or creating new L0 functions that match the pro-
vided training data.

L2 corresponds to systems that learn from how well they
are doing, i.e., not just from the object-level domain data, but
based on how well the system’s reasoning processes are per-
forming. These functions can learn by selecting or creating
new L1 functions that generalize well when predicting solu-
tions for unseen queries. This is the focus for Alma, which
is directly based on learning based on previously observed
performance. The PerformanceData in Alma thus consists
of scores for these functions, represented explicitly in the
form of (Query, components used, Solution, Result) perfor-
mance records, which are used to assign accuracy scores for
the components in the system. For example, for a classifi-
cation component the overall score is the number of correct

1 Algorithms with stochastic behavior are modeled as different random
number generator states being different functions.

1-NN 5-NN 20-NN
Choose
new k

Root

Naive
Bayes

Caching
ID3

Use cached
decision tree

Compute
new tree

Train with
current data

k-NN
Tuning

Fig. 2 Example problem-solving flow. For each new query, compo-
nents are recursively evaluated from the root node until arriving at a
leaf node. The leaf node component is used to predict the output solu-
tion for the query. In this example, the Tuning k-NN subtree is first
selected, then 5-NN, a new L0 component is trained using 5-NN, and
this new component is used to answer the problem query. (Previously
trained L0 components are not shown in this figure)

predictions made for newly received queries when using a
component, divided by the number of predictions made.

In other systems, the form of PerformanceData data used
will be different. For example, using backpropagation to
iteratively refine weights in a neural network will implic-
itly encode parts of the performance data into these learned
weights. Another example is using a pruning algorithm to
modify and improve theperformanceof an already-built deci-
sion tree based on a holdout data set.

3.4 Node hierarchy

Whenchoosing how to solve a newproblemquery, the system
consults the component node hierarchy, which contains the
components in the system and additional information about
them. A core element of Alma is to decompose the rea-
soning process into these components that can be modified
independently by the system.

The hierarchy is represented as a tree (as shown in Fig. 1),
where each node contains a component and branches rep-
resent alternative specialized choices that can be made. The
basic operation of the system is to evaluate each of the possi-
ble branches and choose which child node to explore further.
Then the same process is repeated, until a final leaf node is
reached, which determines the L0 function to apply to solve
the problem instance.

Figure 2 shows an example of this node selection behav-
ior. At the top layer, the system is choosing between three
components:

Tuning k-NN L2 parameter tuning component on top of k-
NN algorithm.

Naive Bayes L1 component using Naive Bayes algorithm.
Caching ID3 L2 caching component on top of ID3 algo-

rithm.
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Then, if k-NN is chosen, at the next layer it would choose
the value of k among the three components 1-NN, 5-NN, and
20-NN that have already been created (or create a new com-
ponent with a new value of k). These are L1 components,
which apply the k-NN algorithm with k = 1, 5, or 20. Choos-
ing the 5-NN component, it is then applied to all the training
data seen so far as input, to produce a new L0 component
as output. This L0 component is then applied to the problem
query as input, and the output is used as the final prediction
of the system.

When a node is evaluated, it can also change the node sub-
tree below it, in particular creating new components. Using
metacomponents in this way, we represent an unbounded
node hierarchy as subtrees that are not expanded until the
node is evaluated.

The node selection algorithm is applied recursively at each
layer of the tree, and the process of choosing between alter-
native nodes is modeled as a multi-armed bandit problem as
described earlier. To “play” a node, we apply it to the current
problem instance, and the “reward” is the observed accuracy
of the overall problem-solving experience the nodewas a part
of.

3.5 Problem solver evaluation

We assume that a problem can be answered in many different
ways and that each answer can be scored and compared to the
scores for other answers. In this way, different components
can also be indirectly compared based on scoring the answers
they produce—if problems are being correctly solved, which
indicates the component is performing well.

A common way to compare different general algorithms
in this way is to manually evaluate them on data sets with
known answers [20] and measure the accuracy as how often
they predict the correct answer. The empirically measured
accuracy is then used as a measure of quality, to say that an
algorithm that scores higher is a better algorithm.

In our architecture, the system itself is automatically and
continuously comparing the reasoning methods based on
their results in this same way. When the real solution to a
problem query is provided, the scores of components are
updated based on scoring the predictions they made. This is
an integral part of the reasoning process and empiricallymea-
sured accuracy forms the basis for how the overall reasoning
system decides which methods to use.

Many of the reasoning methods also have tuning parame-
ters. These parameters affect both the results and the resource
requirements for performing the computations.This has prac-
tical consequences, because the final result is not the only
factor that matters for a reasoning system application—the
answer also has to arrive quickly enough to be useful. There
is usually a trade-off between solution quality and computa-
tional complexity.
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Fig. 3 Example reasoner performance differences (using the methods
from 4.4). The points in the centers of the circles represent different L0
reasoning methods and show their accuracy versus time performance
records. The Pareto frontier of possible optimal choices representing
different accuracy/time trade-offs is shown as a solid line

We formally analyze these differences in method perfor-
mance as a mapping from specific fully parameterized L0

components to the results they achieve. The results include
both the performance of the component’s function in accu-
rately solving problems and the component’s computational
performance as measured by the resources consumed to
execute the specific implementation of the algorithm the
component represents.

The best possibilities from these results form a Pareto
frontier—the set of optimal dominating choices. Choices on
the Pareto frontier involve a trade-off between accuracy and
resource cost, while the other dominated options are sim-
ply inferior. Figure 3 shows an example of such a Pareto
frontier, with a two-dimensional plot of the benefits of differ-
ent reasoning methods measured as average accuracy versus
time taken to compute the answers. The results on the fron-
tier dominate the rest of the results by either producing a
higher score with the same computational requirements, the
same score with less computation, or even a higher score
with less computation required. Some option on the frontier
will always be preferable to any dominated option not on the
frontier.

In Alma, we assume that reasoner performance will not
drastically change based on small changes in the training
data. Specifically we assume that past performance is indica-
tive of future performance and that the discrepancy between
previously observed and future performance is higher for
larger increases in available training data. This is the moti-
vation for treating scoring as an exploration–exploitation
trade-off—the potential increase in performance—and there-
fore, the value in obtaining new information for a component
is higher for a larger gap in training data between what has
previously been observed and what is currently available.
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In Fig. 3, the L1 components that produced the L0 com-
ponents with points closer to the Pareto frontier would be
evaluated more frequently than the ones far below the fron-
tier, as they’re more likely to increase to a level above the
previously best choices.But even the poorly performing com-
ponents are retried eventually, since there is a possibility for
large increases in performance once enough additional train-
ing data are available.

4 ALMA components

Alma uses a uniform component representation for all rea-
soning layers in the system. Problem-solving is performed
by recursively evaluating components in the component node
hierarchy to determine which L0 function to use. Each com-
ponent is self-describing, using a component description
language to specify which inputs it requires and what outputs
are produced (for details see [21]).

In this section, we first describe 3 Alma components that
illustrate the capabilities of the system related to our research
goals:

1. Child node selection component, which performs metar-
easoning by choosing which components to use.

2. L0 function caching component,which trades off laziness
and higher accuracy in exchange for lower computational
requirements.

3. Parameter tuning component, which gradually optimizes
parameters based on observed empirical performance.

Finally we describe the learning methods available to the
system for our experiments, which are implemented as L1

components.

4.1 Child node selection component

The bandit strategy we use in our experiments to choose
which child node to evaluate next in the component node hier-
archy is to evaluate nodes according to the Upper Confidence
Bounds applies to Trees (UCT) algorithm [24].We chose this
bandit strategy as it is particularly well suited for tree struc-
tures by applying it recursively at each level as described
earlier. This UCT algorithm is previously particularly well
known from computer Go, where the use of tree-based
exploration techniques ushered in a stronger generation
of Go-playing programs than the previous state-of-the-art
expert systems [6,17], and was later used by the first com-
puter player to beat professional human Go players [42].

Applying the UCT algorithm consists of applying a uni-
form scoring function that automatically balances exploita-
tion and exploration (based on UCB1 [2]) to each of the

possible choices: scorei = x̄i +
√
Ci × lnNi

ni
. Here x̄i is the

measured average accuracy so far from choosing node i , ni
is the number of times node i has been explored, Ni is the
number of times node i’s parent node has been explored, and
Ci is a parameter that controls the weighting between the
exploitation and exploration term for node i .

In standard UCB1, the same constant Ci = 2 is used
for all nodes. However, some variants of UCB1 vary the Ci

parameter to achieve better practical performance on finite
problemsets. In our experiments,weuseUCB1TUNED(also
from [2], and recommended as performing better in practice),
which has Ci = min( 14 , estimated variancei ) instead of a
fixed constant value.2

4.2 Caching component

Instead of using an L1 function to relearn the problem from
scratch for every problem query, this metareasoning com-
ponent wraps the learning component with a cache. The L1

function will only be used to compute a new L0 function
when the number of node visits is a power of 2, i.e., after
1, 2, 4, 8, 16, 32, …explorations. For other node visits, a
trivial L1 function is used instead, which simply ignores the
training data and reuses the latest previously computed L0

function. This approach is illustrated in Fig. 4.
The marginal accuracy for the caching component dis-

plays a stepwise behavior where the accuracy remains flat
when the cached classifier function is reused, and then
increases up to the underlying Naive Bayes classifier’s accu-
racy when it is recomputed at 2N queries. In the example,
the cumulative accuracy of the caching version is 97% of
the underlying classifier, while requiring 4% of the compu-
tational resources. Whether this trade-off is beneficial or not
is not known a priori but depends on the reasoning scenario.

Performing this caching is an eager optimization and
undesireable from a lazy learning perspective. But it is one
way to enable using slower non-incremental methods that
would otherwise be too computationally expensive to include
in a purely lazy manner.

Whether to apply the caching to a component or not is
automatically optimized in our system based on observed
behavior, in the same manner as choosing between any other
components, and it is only included when it is demonstrably
producing better outcomes.

2 Standard UCB1 can provably achieve asymptotic zero-regret for the
basic multi-armed bandit problem, while this has not been shown for
UCB1TUNED. However, the zero-regret proof doesn’t apply to the
harder metareasoning problem Alma is addressing, and for our com-
ponents, we are primarily interested in practical performance.
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Fig. 4 Performance of an underlying learning component and the
effect of adding caching. The graph shows marginal accuracy, which
clearly displays the stepwise behavior of the caching component

4.3 Sequential parameter tuning component

This component parameterizes an underlying component to
create many different versions, e.g., k-NN with different k
values. Initially, the component’s subtree consists of a single
tuning node with k = 1. When it is explored, the subtree is
replaced with two child nodes: a regular node applying the
underlying component with k = 1 and a new tuning node
where k has been incremented by 1, i.e., a tuning node with
k = 2.

These nodes are explored using the normal UCT behav-
ior and will recursively build a subtree for k = 1, k = 2,
k = 3, k = 4, etc. Using the UCT exploration/exploitation
algorithm, the choice about how high k should be increased
is automatically learned in the same way as other component
choices.

This is a very simple tuning component suitable for choos-
ing between relatively small positive integer values.Whether
it is beneficial to include or not is automatically optimized at
run-time in the same way as other components.

4.4 System reasoning components

An L1 function is implemented in our system as a proce-
dure taking a data set as input and returning as output a
procedure representing an L0 function. The k-NN, ID3, and
Naive Bayes reasoning components use standard machine
learning methods from the literature, implemented directly
as components in our system with minimal overhead. These
implementations are primarily used to verify and demon-
strate the core behavior of Alma.

Our implementation also has a component for using clas-
sifier implementations from WEKA [19]. This component
has significant overhead for learning an L0 function based

Fig. 5 Example system flow. This shows the process the system goes
through to solve a single problem query. The nodes in the tree corre-
spond to components that are recursively evaluated, until a leaf node
is reached which in turn produces a prediction for the given problem
query

on the WEKA implementations, but gives access to plug-
ging into the system a wide variety of classifiers. This is
useful for evaluating practical multi-method metareasoning
performance.

In our experiments, we used the following list of clas-
sifier implementations from WEKA: AdaBoostM1, AODE,
BayesNet, DecisionStump, HyperPipes, IBk, Id3, J48, JRip,
LBR,LogitBoost,MultiLayerPerceptron,NaiveBayes,KStar,
LMT, OneR, Prism, RandomForest, RandomTree, SMO,
VotedPerceptron, Winnow, ZeroR.

5 Experimental results

In this section, we first illustrate a real problem-solving
attempt to show how a smallAlma systemworks. Afterward
we present experiments that illustrate Alma’s behavior and
performance when learning which reasoning methods to use
at run-time (our research goal) on a variety of data sets.

5.1 System processing flow

Figure 5 shows the process our system goes through when
solving a problem query using the UCTmetareasoning com-
ponent, in this case showing the next query for the Travel
domain after having completed 500 previous queries (an
approximately “average” query scenario for that domain).
The objective in this classification task is to predict the price,
which has been discretised to ranges from [0–499] up to
[7000–7499].

The UCT algorithm scores each node according to the
UCB1TUNED formula to determine which child branch to
select. The score consists of two parts: the “exploit” part
which here estimates the accuracy of a learning algoritm
(Correct/Attempted), and the “explore” part which is an opti-
mistic estimate of the uncertainty surrounding this accuracy
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estimate. The “explore” part decreases every time a compo-
nent is selected, and increases every time a component is not
selected, ensuring that even an underperforming component
will eventually be revisited again. (These increases are loga-
rithmic, meaning it takes longer and longer between revisits
if the component keeps performing poorly.)

The system state before answering problem query 501 is
shown below:

Component Result Exploit+explore=value

root 152/500
root/1-NN 107/332 0.322+0.068=0.390
root/ID3 44/153 0.288+0.101=0.389
root/NB 1/15 0.067+0.322=0.389

When answering problem query 501:

– The UCT algorithm starts at the root node and evalu-
ates each of the children: root/1-NN, root/ID3, and
root/NB.

– Child node root/1-NN is chosen because it has the
highest combined exploitation+exploration value com-
puted for the UCT algorithm: 0.390.

– root/1-NN is an L1 node for applying the 1-NN learn-
ing algorithm.

– 1-NN is trained on problem queries 1 to 500 to create a
new L0 component.

– The new L0 component predicts an answer for query 501:
[1000–1499].

– The case 501 solution is [1000–1499], so the predic-
tion was correct.

– Performance records are added for the components
involved in the problem query: root and root/1-NN.

– Case 501 is added to the training data.
– When evaluating case 502, the “Result” column for
root/1-NN will now be 108/333 with an “exploit”
value of 0.324. The “explore” value will decrease
for root/1-NN and increase for root/ID3 and
root/NB.

5.2 Example implementation results with limited
feedback

Scenario and restrictions:

– Problem queries arrive as described in 5.1.
– Exactly 1 method is used per problem query.
– Feedback is only provided for the method used.

The system’s task is to choose one of the available
problem-solving methods to solve each problem, and the

metareasoning problem is to sequentially decide which
method to assign to each problem instance.

For this scenario, the system will exclusively perform
method selection and only run a single prediction algorithm
for each problem query, without knowing the predictions
from the other unselected algorithms. This is themost restric-
tive scenario, where no additional time for exploration is
available, and is primarily suitable for testing and under-
standing how the UCT-based prioritization in Alma works
in isolation.

The focus here is on the core objective, namely to test
Alma’s ability to automatically learn which method best
suits each particular domain, at run-time, with no prior infor-
mation (but will not produce the best possible result, as these
restrictions are partially artificial). The system cannot per-
form any other metareasoning such as averaging or voting
and will not learn from any other sources than these core
problem-solving efforts.

Theproblem-solving taskweuse in this first example is the
Balance Scale data set [31], which consists of 625 cases each
having 4 nominal attributes and a solution classification. The
4 attributes interact in that they actually represent the weight
and distance on each side of a scale, and the class represents
whether the scale will tip to the left, tip to the right, or that it
is balanced.

For these experiments, the reasoners learn from the set of
previous cases with attributes and solutions, and attempt to
predict the classification for a newcase based on its attributes.
The goal is to maximize the cumulative accuracy (number of
correct predictions made for the entire data set).

5.2.1 Individual learning algorithm behavior

The system behavior is illustrated in Fig. 6, which shows
the individual performance of the reasoning methods. The
data points at the right-hand side of the graphs are mostly
above the curve for Naive Bayes, which means the average
would continue to increase if there were more samples. This
observed behavior is in line with our expectation that the
methodswill generally converge to different accuracy values.
The marginal accuracy in the figure roughly corresponds to
a best estimate of method performance. (The figure shows
the average over hundreds of trials, which is not available to
the system as it only has a single history of hits and misses
available.) The cumulative accuracy represents the overall
score achieved by each method (and still roughly identifies
which methods are better or worse, while being significantly
less noisy).

The method’s observed performance varies from data set
to data set and forms the input for selection at the metarea-
soning layer. These reasoner data are not directly available
to our metareasoner, but must be estimated by sampling at
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Fig. 6 Average marginal and cumulative accuracy for the Balance
Scale data set. The data points show the average marginal accuracy
for each incremental problem-solving attempt, while the solid curves
show the cumulative average accuracy over the entire data set up to that
point

run-time, which is conceptually sampling points from these
graphs to determine which method performs best.

5.2.2 UCT metareasoning component

Figure 7 shows the average selection behavior of the UCT
metareasoning component for the Balance Scale data set
using these 3 methods.

Initially, with no data collected about their performance,
the threemethods are chosen approximately 1/3rd of the time
each, as expected. As more and more data are collected,
the system is increasingly focused on Naive Bayes, hav-
ing identified it as the best method (highest “exploit” part in
the UCB1TUNED scoring formula). The confidence in the
accuracy estimates also increases over time, and the system
spends less and less time on exploring the other two methods
(slower increases for the “explore” part).

These results illustrate how our child node selection com-
ponent can address the metareasoning problem in practice
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Fig. 7 UCT-select behavior for the Balance Scale data set. The graph
shows the average fraction of queries where each of 1-NN, ID3, and
Naive Bayes are chosen for the Nth problem query. Naive Bayes per-
forms the best on this data set, and the system correctly learns to
prioritize using Naive Bayes higher than the other methods

and enable the system to continuously learn and improve at
the metalevel.

5.2.3 Aggregate system behavior for multiple data sets

Table 1 and Fig. 8 show the performance of the reasoning
methods across three different data sets: Balance Scale [31],
Car [31], and Travel [29].

The optimal behavior for the reasoning metalayer given
complete and perfect information would be to always pick
the highest accuracy method for each data point. This ideal
corresponds to always picking the top line in the graph for
each training data size and represents the set of Pareto effi-
cient options (those not dominated by any other option).

The behavior of our system using empirical observations
of reasoning method behavior and optimistic UCT estimates
to approach this ideal is shown as a solid line in the graph.
Eachmethod is expected to roughly converge toward an aver-
age accuracy number, and the system attempts to find and
choose the method with the highest cumulative accuracy so
far.

5.3 Reasoning performance with limited resources

Scenario and restrictions:

– Problem queries arrive as described in 5.1.
– Problem queries must be answered within a certain time
limit, which is explicitly specified to the system.

– Feedback is in the form of the correct classification and
can be used to train and evaluate multiple methods.
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Table 1 Cumulative accuracy for three small data sets

Data set Cumulative accuracy Percentage of best

1-NN (%) ID3 (%) Naive Bayes (%) UCT-select (%) UCT-select (%) Random selection (%)

Balance scale 63.8 59.4 84.6 81.8 96.7 81.9

Car 76.7 73.9 83.5 82.3 98.5 93.5

Travel 31.5 26.5 20.6 30.1 95.6 83.1

Average 57.3 53.3 62.9 64.7 96.9 86.2

UCT-select does not reach the highest accuracy on any individual data set, but has the highest average overall accuracy. The “Percentage of best”
columns show the cumulative accuracy as a fraction of the best method for each data set
Bold values indicate the highest score for each row/data set
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Fig. 8 Aggregate system behavior for three different data sets. The
thin dashed lines in the graphs represent the performance of individual
reasoning methods (1-NN, ID3, Naive Bayes), while the thick line is
UCT-select’s performance using those three methods

– Default parameters are used for all learning algorithms,
and the parameter tuning component is not included.

As shown in Fig. 8, the accuracy and computational cost of
reasoningmethods vary from data set to data set. The optimal
behavior for the reasoningmetalayer would be to always pick
the highest accuracy method that completes the task within
the allotted time. In this scenario, Alma attempts to do so,

but the time limit means that the ability to train is limited and
has to be prioritized between components.

In these experiments, we use a variety of data sets and
the WEKA reasoner implementations combined with the
caching component as the underlying reasoning components.
The metareasoner’s job is to find reasoners that perform well
for each given data set within the time limit. We do this by
prioritizing which components should receive more time to
train new L0 functions, based on the score and time taken by
the components so far. At the time a problem query deadline
is reached, we use the presumed best L0 function to produce
an answer, and when a new solution is provided as feedback,
we update all component scores. (For example, after a Ran-
domForestmodel has been successfully trained for 256 cases,
that model will be used until 512 cases have been observed
and a new model based on those 512 cases has been trained,
however, long that takes. For Alma, similar model training
takes place, but using the UCT metareasoning component
to decide which algorithms to use and when to retrain their
models.)

Some form of normalization is required to compare accu-
racy across data sets, as they vary wildly in difficulty and
data set size. We consider each of the data sets as equally
important and normalize performance per data set against
a target performance level. We set this target for each data
set as the highest accuracy achieved by any of the individ-
ual reasoning methods with default settings, and scored each
reasoning method according to their relative accuracy com-
pared to this benchmark. That is, if the best of these methods
achieved 80% accuracy on a data set, scores would be scaled
by 1/80% = 1.25×. In this case, achieving an accuracy of
80% would get a score of 100%, 0% accuracy would score
0%, and a hypothetical new component that reached 100%
accuracy would score 125%. The overall score for a reason-
ing method is then the mean score across all data sets. (The
important effect of this normalization is to make sure the
largest data sets don’t entirely dominate the results. Beyond
that, the exact procedure used does not significantly alter the
results.) Additionally, each method/data set pair was tested
with 4 different random seeds to determine the order of train-
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Fig. 9 Overall reasoning performance across all data sets, comparing
Alma and the best individual reasoning method RandomForest. Given
sufficient time,Alma considerably outperforms RandomForest and the
other individual reasoning methods

ing examples, and the results show the average performance
across data set orders.

Figure 9 and Table 2 show an overview of the perfor-
mance in this scenario, comparing the overall scores of Alma
and RandomForest (the best individual method). Figure 9
shows the overall performance at different time limits, while
Table 2 shows more details broken down per data set. Table 2
also includes the results from the previous limited feedback

scenario for comparison, showing (as expected) that Alma
performs better when the restrictions from 5.2 are removed
and more methods are available.

The p-values listed in the table are the probabilities of
observing the differences between the classifiers by chance,
computed by an exact binomial test (as recommended in
[39]). For each data set,whereX is the number of timesAlma
predicted correctly and RandomForest predicted incorrectly,
and Y is the number of times Alma predicted incorrectly
and RandomForest predicted correctly, the listed p-value is
Pr(k ≥ max(X,Y ); n = X+Y ; p = 0.5). That is, the prob-
ability of observing an event at least k times out of n trials
(results at least as extreme as those we observed), given that
the chance is 50% each time. We know the actual probability
is highly unlikely to be 0.5 since the methods work in very
different ways, nor will it be independent between samples
since the methods are continually learning, but this pro-
vides some idea of how well the differences can be detected
empirically from the data alone. To illustrate, for soybean-
large.data, over the 4 random data set orders, Alma and
RandomForest were both correct 840 times, only Alma was
correct 96 times, only RandomForest was correct 50 times,
and both were wrong 242 times. The p-value, or the chance

Table 2 Data sets used and experimental results with a 1h time limit

Data set Size (k) Target Alma (%) RandomForest (%) Difference (%) p value UCT-select (%)

agaricus-lepiota.data 8.1 0.9978 99.19 99.90 −0.71 10−52

balance-scale.data 0.6 0.8968 98.93 81.18 +17.75 10−74 91.21

car.data 1.7 0.9401 99.42 94.00 +5.42 10−40 87.54

connect-4.data 68 0.7913 90.57 99.45 −8.88 10−2552

covtype-subset.data 50 0.6370 91.20 78.60 +12.59 10−679

house-votes-84.data 0.4 0.9420 99.08 99.33 −0.24 10−1

kddcup-subset.data 50 0.9976 95.04 99.14 −4.10 10−2303

kr-vs-kp.data 3.2 0.9750 99.07 99.21 −0.14 10−0

monks-1.test 0.4 0.8941 98.64 90.68 +7.96 10−14

monks-2.test 0.4 0.7743 96.34 84.30 +12.03 10−24

monks-3.test 0.4 0.9653 99.28 98.32 +0.96 10−02

nursery-casebase.json 13 0.9700 98.74 98.40 +0.34 10−02

phishing-websites.data 11 0.9565 98.87 99.87 −1.00 10−52

poker-hand-subset.data 50 0.7975 83.99 88.03 −4.04 10−603

secom_processed.data 1.6 0.9330 96.94 99.76 −2.82 10−54

Skin_NonSkin.txt 245 0.9720 91.55 98.84 −7.29 10−14535

soybean-large.data 0.3 0.7728 98.74 93.47 +5.27 10−04

SPECTF.test 0.2 0.9144 98.83 99.27 −0.44 10−02

ThoraricSurgery.data 0.5 0.8489 98.87 99.25 −0.38 10−01

tic-tac-toe.data 1.0 0.9444 99.25 89.14 +10.11 10−72

travel-casebase.json 1.0 0.3662 96.00 78.73 +17.27 10−17 82.20

Average (mean score) 96.60 93.76 +2.84 N/A

The UCT-select results from Table 1 (converted to scores) are also included for comparison with the previous limited feedback scenario
Score differences larger than 5 percentage points are highlighted
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Table 3 Overall scores for
Alma and individual reasoning
methods

Method 1h (%) 1min (%) Description

Alma 96.6 46.5 Our UCT-based metareasoning system

RandomForest 93.8 81.9 Randomized ensemble learner creating decision trees

SMO 93.3 76.2 Support vector machine algorithm using iterative optimization

LMT 93.0 74.1 Classification trees with logistic regression at the leaf nodes

J48 91.7 82.5 C4.5: Decision trees based on minimizing entropy, with pruning

LogitBoost 91.2 82.7 Logistic regression boosting algorithm

IBk 90.7 80.9 1-NN: Uses classification from most similar case in training data

JRip 90.1 80.2 RIPPER: Repeatedly grows, prunes, and optimizes rule set

KStar 90.0 78.0 Instance-based learner using an entropy-based distance function

BayesNet 87.9 77.5 Bayesian network learner with simple estimator

NaiveBayes 87.4 76.2 Bayesian classifier with naive independence assumption

RandomTree 85.1 77.2 Decision tree considering randomly chosen attributes

AdaBoostM1 83.7 77.8 Boosting algorithm using one-level decision trees

LBR 82.9 70.3 Learns local Bayesian rules at classification time

DecisionStump 79.4 73.9 One-level decision tree with two branches

AODE 78.2 71.4 Average of Bayesian classifiers with one dependence each

MultiLayerPerceptron 77.3 58.3 Artificial neural network using backpropagation

OneR 76.9 67.0 Based on only the most informative attribute’s value

HyperPipes 70.8 67.0 Uses attribute bounds to handle large attribute sets

Prism 70.0 60.8 Creates modular rule sets, aiming to be understandable

ZeroR 66.2 61.9 Average classification ignores the problem query

Id3 61.1 54.7 Decision tree greedily picks nodes to minimize entropy

VotedPerceptron 51.6 45.8 Linear classifier works best with large margins

Winnow 46.0 40.1 Linear classifier handles many irrelevant dimensions

Our focus is on the 1h scenario, with the 1min scenario shown for comparison

of observing this by chance if they were actually equally
good, is Pr(k ≥ 96; n = 146; p = 0.5) ≈ 0.0000875.
Since there are 21 data sets, the chance is approximately 21
times larger (using a Bonferroni correction) that some data
set will produce spurious results, though with many of the p-
values below 10−10 it is clear that Alma and RandomForest
do not have the same behavior. The robustness of the results
for these particular data sets is also supported by the smooth
shape of the performance curve in Fig. 9, as there are no wild
fluctuations in the overall performance.

Table 3 shows two reasoning scenarios with different time
limits: Our focus is on the “1h” scenario wherein each prob-
lem instance is presented in sequence and must be answered
within (1h/number of instances in the data set), leading to
a varied range from 14 to 19,250ms per query. In this sce-
nario, our metareasoning system performs well on every data
set and achieves an average score of 96.6% of the best rea-
soning method for each data set, outperforming any single
reasoning method overall.

The only way Alma can gain the information required
to choose the right algorithm is by trying to apply the algo-
rithms to the data set in question. As can be seen by the
increasingly higher performance in Fig. 9 when more time

is available, Alma is able to do this and autonomously learn
how to increase performance by making better choices. For
comparison, a similar but severely constrained scenario with
only 1min to classify the data set is also included in the table,
showing a situation where Alma does not perform well. In
this scenario, there are purposefully not enough resources
available to spend time exploring multiple methods, and it is
significantly better to just pick one single method and train
it as much as possible.

6 Comparison with other systems

Bonissone’s approach to lazy metalearning [5] is based on
the same type of metalevel model selection asAlma, but in a
scenario where a large number of models have already been
built and are available in the cloud. Therefore, the focus is on
model selection and fusion, and it relies on model metainfor-
mation being available. This differs significantly fromAlma
in that domain learning is not addressed (and the details of
the two approaches are quite different), but we share a similar
high-level research direction toward dynamic method com-
bination, and in particular have the same view on the ideal
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Pareto optimal set of methods for multi-objective optimiza-
tion.

Auto-WEKA [25,45] is a tool for automatically selecting
and parameterizing reasoning algorithms for a given data
set using Bayesian optimization techniques. In their exper-
iments, Auto-WEKA often performed better than standard
algorithm selection/hyperparameter optimization methods,
especially on large data sets. They conclude that “some form
of algorithm selection is essential for achieving good per-
formance.” Their system serves the same purpose as the
metareasoning component inAlma, but uses offline analysis
on a large training set to determine one algorithm that will
then be used for a separate test data set. In contrast, Alma
performs incremental learning and performs both classifica-
tions and optimizations at run-time.

Stacking [49] can refer to a very general scheme of using
multilayer generalizers, or the more specific approach of
training a metalevel learner using the output of base-level
learners as inputs. This has been further developed as blend-
ing, which proved to be highly successful in the Netflix Prize
challenge [4] when tuned appropriately. The basic form of
stacking is less successful and in particular does not perform
well for our experiment in Sect. 5.3 with an overall score of
67%, worse than most individual reasoning methods. Even
achieving this score required some manual tuning in select-
ing which algorithms would be enabled per data set, since by
default the Stacking implementation would fail if any of the
individualmethodswere unable to process the data set, result-
ing in an overall score of only 18%. The reason for the poor
behavior is twofold: First, in this case the metalevel method
is trained based on already-made classifications and in effect
would have to reverse-engineer how the classifications were
made just to have the same information available as the base-
level learners and second, the stacking meta-algorithm relies
on having classifications available for all the base learners
and has no means of prioritization. This means that all the
base learners have to be trained before any classifications can
be made, which is highly inefficient and uses up most of the
available time on training the slowest methods.

TheMultiScheme classifier combiner available inWEKA
can be used to decide which algorithm to use based on the
observed training error, or by the estimated error based on
cross-validation. The defaultmode is to use the training error,
which achieves a score of 73%—better than Stacking, but
still worse than most of the individual reasoning methods.
Using MultiScheme with fivefold cross-validation performs
worse, with a score of 58%. As expected, when directly com-
paring models based on the same training data, the accuracy
achieved by using cross-validation is actually higher than
when just using the training error. However, in our exper-
iments where computing resources are limited, it is more
valuable to spend time on building new stronger models that
include additional training data than to spend extra time on

selecting the very best among a set of poorer models. This
result supports the general approach behind Alma—the key
to good overall performance is to prioritize effectively based
on whole-system performance, not using the most powerful
local optimizations in isolation.

Sartre [38] is a computer poker player that works by imi-
tating other previous computer programs by using a large
case base of their behaviors in previous games. When Sartre
decideswhich action to take, the case base is examined to find
similar previous situations, and the past behavior is reused
and applied to the current situation to decide the action. Sartre
uses one case base for each of three different computer pro-
grams to imitate and has to incrementally choose which case
base to use at each step to determine what action to take.
Sartre uses the results from playing using each case base so
far against a given opponent and applies the UCB algorithm
to determine which case base should be used next. In exper-
iments with limit Texas Hold’em with two very different
opponents, using UCB to choose the case base produced the
best results, performing better than imitating any of the indi-
vidual case bases and better than a plurality-vote ensemble
version using the same case bases. Sartre builds on an ear-
lier incarnation of Alma’s general approach tomulti-method
learning, but selecting between a small fixed number of case
bases instead of a wide variety of parameterized reasoning
methods.

Soar [27] is a cognitive theory, aimed to explain human
cognitive behavior as well as to serve as a platform for
developing artificial intelligence systems. Symbolic Con-
cept Acquisition (SCA) is a concept learning algorithm that
has been built on top of the Soar architecture using produc-
tion rules. The rules employed in SCA are very simple, but
through observing which rules are most useful in practice,
the system can determine which of these learned rules are
the most important. This approach is similar to the motiva-
tion behind Alma, but with a basic implementation that is
focused on illustrating cognitive concepts rather than predic-
tive accuracy.

GILA (Generalized Integrated Learning Architecture)
[51] is based on the combined use of several heterogeneous
and independent problem-solving and learning methods,
using an ensemble architecture in which a central metarea-
soning executive (MRE) controls the processing. It is aimed
at addressing problems in difficult real-world domains,where
tasks are complexwithmultiple interacting subproblems, and
where near-optimal solutions are called for. The architecture
is developed as a joint effort of 11 universities, institutes, and
companies, under aDARPAcontract to enable better adaptive
control of the airspace under traffic-intense airplane opera-
tions [52]. In GILA, metareasoning is used to combine and
coordinatemethods during a single problem-solving attempt,
while in Alma it is used to learn about the system at a met-
alevel based on previous problem-solving attempts.
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7 Conclusions

We have presented a system for automatically combining
reasoning methods in a hybrid system. Our metareasoning
architecture and system design emphasizes laziness and eval-
uates the various reasoning methods at run-time, based on
their actual empirical performance on the specific domain
problems to be solved.

We treat the task of discovering which reasoning methods
perform well as an exploration/exploitation trade-off prob-
lem, where the system has to decide whether to improve
the accuracy of lower-performing methods or concentrate on
the highest performing ones. Using this approach, our sys-
tem will only learn to approach the performance of the best
individual reasoning method and does not perform well ini-
tially (when the system starts as a blank slate and nothing
is known about their performance). Over time our system’s
performance increases and in experiments is able to increas-
ingly identify the best-performing reasoningmethod for each
data set, outperforming any individual reasoning method.

Using the caching component presented in this paper, our
lazy metareasoning system can also employ significantly
more computationally expensive methods to make predic-
tions, because their run-time requirements to build a model
are amortized over a large number of problem query pre-
dictions. While this approach does not include the latest
available information for everyproblem-solving attempt (i.e.,
is not fully lazy), the predictive power is often significantly
better and provides better overall performance. Using our
metareasoning architecture this trade-off between the advan-
tages of eager and lazy reasoning methods can be performed
lazily at the metalevel at run-time.

While the experiments in this paper only explore a lim-
ited number of data sets, the results validate our assumptions
that different methods perform well on different data sets
and that accuracy for any given method/data set pair tends to
increase relatively smoothly. The results also show that using
a metareasoning system such as Alma can take advantage
of this fact, and achieve higher performance than any of the
base algorithms even using the same time constraints. This
is a noteworthy difference compared to other metareason-
ing approaches such as blending that typically require vastly
more computational resources than a base algorithm.

The results from our experiments also confirm the gen-
eral usefulness of method combination and evaluation based
on empirically measured performance, as the best overall
base-level methods also use various form of metareasoning,
multiplemethods, cross-validation, ensembles, iterative opti-
mization, pruning, etc.

Using the component framework in Alma, the system’s
performance can be further improved in the future by adding
newcomponentswith additional capabilities. For example, in
our resource-limited experiment it was a net loss to always

perform cross-validation because that consumed too much
time, but it is not necessary to choose either always or
never performing cross-validation. By creating a new cross-
validation component, it would be possible to adaptively
employ cross-validation during node evaluations at run-time,
based onwhether or not it’s producing better empirical results
for a given reasoning scenario. Similarly, a more powerful
tuning component could be created based on hyperparame-
ter optimization methods, which would presumably increase
accuracy at the cost of increased computational requirements.
Then it could be automatically included only when it was
actually beneficial, based on observed performance.

Including additional components has a cost though, since
additional exploration time is required to determine whether
they should be included or not. For example, in our experi-
mentwithWEKA reasoningmethods, the systemwould have
performed slightly better (+0.16% score) if theWinnow,Vot-
edPerceptron, and Id3 components were not included. The
effort spent on evaluating these components was a waste,
since the result was always that they shouldn’t be used. Given
a sufficiently large and representative benchmark collection
of data sets, it might be feasible to determine which compo-
nents are worthwhile or not based directly on how they affect
overall performance across the benchmark. However, as can
be seen from the relativelymodest difference in performance,
Alma is still able to achieve good results even when poorly
performing components are included.
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