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Abstract 
In ill-structured problem domains, it is common to reason about ‘problem-finding’ or ‘hypothesis 
generation’ before goals can be established. Examples of such domains include design, scientific 
research and mining of ‘big data’. Problem-finding and hypothesis generation may also continue 
throughout the problem-solving process, so identifying goals may be an ongoing process of dis-
covery as well as iterative improvement and refinement. This paper considers the design of cog-
nitive systems that are able to reason in the absence of defined goals. We review a range of ap-
proaches that may complement goal-directed reasoning when an artificial system does not or 
cannot know precisely what it is looking for. We argue that there is a spectrum of approaches 
that can be used for reasoning or making sense of data in the absence of goals.  

1. Introduction   
AI approaches to cognitive systems assume that explicit representations of goals, rewards and 
tasks are integral and provide a focus of attention. Most cognitive systems assume that goals are a 
starting point for reasoning; that reasoning cannot start without goals; and that reasoning ends 
when there are no goals. In contrast, it is possible to characterize reasoning so that goals become 
flexible intermediate structures or implied structures, rather than a predefined and fixed starting 
point (Maher et al., 2011). While the idea of goals as intermediate structures is similar to agent 
systems that reason about goals, goal formulation, and goal management (for example, Jaidee et 
al, 2011), we claim that reasoning in the absence of goals is conceptually different and will lead 
to different cognitive models. By using concepts such as incentive, novelty, difficulty, complexi-
ty, curiosity and surprise, cognitively inspired AI models that mimic human behavior in scenarios 
such as exploratory design, research and lifelong, self-directed learning are possible. The models 
can be applied to any domain in which ‘problem-finding’ needs to occur during problem solving. 
 The remainder of this section overviews existing approaches to goal-oriented behavior in cog-
nitive systems. The next section examines a number of complementary approaches that may work 
in conjunction with goal-directed reasoning, including hypothesis generation, motivation, sur-
prise, novelty and curiosity. We classify these approaches along a spectrum that makes progres-

                                                 
 



M. L. MAHER, K. MERRICK, AND B. WANG 

sively weaker assumptions about the definition and presence of goals. We argue that in some cas-
es goal-oriented behavior is an intermediate result of problem-finding, rather than a starting point 
for problem solving. In such cases goal-oriented behavior can be an emergent property that does 
not depend on a predefined definition of domain-specific goals. 

1.1 Goal-Oriented Behavior in Cognitive Systems 

Langley et al. (2008) survey cognitive architectures and layout nine functional capabilities that 
are required of a cognitive architecture. While each of these are described in terms of functionali-
ty without reference to specific architectures or implementations, almost all assume that goals and 
tasks are inherent in the description of the functions. This can be seen in the way that Langley et 
al (2008) describe four examples of cognitive architectures:  

• Soar: “All tasks in Soar are formulated as attempts to achieve goals.”  

• ACT-R: “ACT-R 6 is organized into a set of modules, each of which processes a different type 
of information. These include sensory modules for visual processing, motor modules for action, 
an intentional module for goals, and a declarative module for long-term declarative 
knowledge.”  

• ICARUS: “ICARUS … stores two distinct forms of knowledge. Concepts describe classes of 
environmental situations in terms of other concepts and percepts, whereas skills specify how to 
achieve goals by decomposing them into ordered subgoals.”  

• PRODIGY: “On each cycle, PRODIGY uses its control rules to select an operator, binding set, 
state, or goal, to reject them out of hand, or to prefer some over others. In the absence of such 
control knowledge, the architecture makes choices at random and pursues depth-first means-
ends search with backtracking” 

 There are multiple models for goals – including goal lifecycles and type taxonomies (Braubach 
et al., 2005) – and processes for solving goals – including machine learning (Nilsson, 1996), 
planning and rule-based agents (Russell and Norvig, 1995). Braubach et al., (2005) define a 
lifecycle for goals in which goals transition from new to adopted and finished.  
 Braubach et al., (2005) also divide goals into a number of types. Approach goals, for example, 
define states for which an agent should minimize the difference between its current state and the 
goal state. In contrast, avoidance goals define states for which an agent should maximize the dif-
ference between its current state and the goal state. Achievement goals define changes or events 
that the agent should cause to occur. Maintenance goals define properties that the agent should 
hold constant. Other types of goals include optimization, test, query and cease goals. 
 Dignum and Conte (1998) state that truly autonomous, intelligent agents must be capable of 
creating new goals as well as dropping goals as conditions change. They distinguish between ab-
stract, high-level goals and concrete, achievable goals. They describe goal formation as a process 
of deriving concrete, achievable goals – such as ‘driving at the speed limit’ – from high level, ab-
stract goals – such as ‘being good’.  
 Foner and Maes (1994) develop an agent model of unsupervised learning that can self-
determine what facts it should pay attention to as a way of modeling focus of attention. Foner and 
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Maes (1994) distinguish between goal-driven and world-driven focus of attention. In their model, 
the agent can determine what sensory data to learn from based on strategies that are derived from 
world-driven goals, such as what has changed recently and what new data is spatially close. 
These are domain independent strategies that can reduce the number of possible goals an agent 
can pursue at any given time.  
 In general, however, there has been less work on how to represent the high-level, abstract goals 
or world-driven goals that cause new, concrete goals to emerge. The concept of an abstract goal is 
difficult to formalize because of the difficulty of representing high-level objectives such as “being 
good” or “being creative”. A number of alternative approaches use models of motivation to take 
the place of abstract learning goals (Merrick and Maher, 2009; Singh et al., 2005; Kaplan and 
Oudeyer, 2003; Schmidhuber, 1991). Computational models of motivation have also been pro-
posed as an approach to embedding implicit motives in artificial agents to create agents with dif-
ferent preferences for certain kinds of activities (Merrick and Shafi, 2011; Merrick and Shafi 
2013). In a different approach, Barnes and Oudeyer (2010) presented a framework for ‘matura-
tionally-constrained self-adaptive goal generation’ in which an intrinsic motivation module pro-
gressively releases constraints on the learning system. This permits the learning system to explore 
progressively more widely, through the introduction of new goals.  
 Other work has studied the role of emotion and other cognitive moderators in artificial systems 
(Mariner and Laird, 2008). Models of emotion act as modifiers to an agent’s goal-oriented behav-
ior or provide abstract goals that can be mapped onto concrete goals.  
 This paper proposes that reasoning can include reasoning before goals are defined, usually 
based on the current state of the artificial agent and the state of the world. These approaches are 
consistent with current cognitive systems because they ultimately lead to goal-oriented behavior, 
but they complement most cognitive systems because they do not assume that goals are prede-
fined. The next section describes models that fall along a spectrum that make progressively 
weaker assumptions about the definition and presence of goals. 

2. Models that Complement Goal-Directed Reasoning  
In creative domains such as design and research, the ill-defined nature of tasks suggests a distinc-
tion between search and exploration. Maher et al (1996) characterize the difference between 
search and exploration by the input and output of these processes as illustrated in Figure 1. A typ-
ical search process generates a solution as its output with a well-defined problem (or goal) as its 
input. However, an exploration process derives a problem and the corresponding solution from an 
ill-defined problem. Maher et al (1996) expand this idea with a co-evolutionary model of reason-
ing about the problem space and the solutions space in which goals are expressed as requirements  
in the problem space that are added and adapted in response to the evolutionary search in the so-
lution space. 
 If we consider the internal state of an agent to include its goals, then the absence of goals re-
mains a valid state. In many autonomous systems the absence of goals implies idle time, but we 
envisage that a cognitive system can continue to monitor its environment to discover and pursue 
self-generated goals that extend or improve its knowledge base or skill set, during this so-called 
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idle time. This type of activity will cause changes in the agent’s internal and external environment 
and create a feedback loop that fosters continuous adaptation. 
  

 

 
Figure 1.  Input and output of search and exploration (Maher et al. 1996). 

 
While ultimately the processes in cognitive systems are organized with the assumption that be-
havior is goal-directed, we propose that self-directed cognitive systems include the ability to rep-
resent, generate, and reason about what Dignum and Conte (1998) call abstract goals. Rather than 
cast this capability in terms of goals and tasks, however, we identify cognitive models that com-
plement goal-directed reasoning. This is illustrated in Figure 2, where reasoning in the absence of 
goals can lead to action without an explicit representation of goals or it can lead to the definition 
of new goals for goal-directed reasoning. 
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Figure 2: The role of reasoning in the absence of goals in a self-directed cognitive system 

 
 In self-directed reasoning, goals are flexible intermediate structures or implied structures, rather 
than a predefined and fixed starting point for reasoning. Figure 3 shows a spectrum of reasoning 
starting with the traditional goal-directed reasoning that includes domain specific or state-based 
goals and models for achieving them, through an intermediate type of reasoning in which goals 
are implied and may be emergent properties of reasoning, to reasoning without goals in which in-
centives, for example, provide guidance for reasoning about actions. Goals can be flexible, value-
based, intermediate or emergent structures, rather than fixed starting points. This will permit con-
tinuous learning and adaptation to unexpected data or events, or changes in needs, beliefs or de-
sires to become an integral concept in cognitive architectures. This will also recast cognitive sys-
tems from strictly goal-directed behaviors to include creative and exploratory behaviors. 
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Figure 3. Spectrum of models for reasoning with and without goals.  

 
 In this section we begin by looking at models of novelty, curiosity, interest and surprise and the 
role they play in reasoning where goals are abstract, intermediate or emergent structures. We then 
consider a set of weaker models based on incentives and motives that represent only a preference 
for certain types of actions and goals are emergent structures. Finally, we consider models of hy-
pothesis generation that can identify progressively strong patterns and relations in data, when 
there is no a priori knowledge of the structure of the data.   

2.1 Novelty, Interest and Curiosity 

Novelty, interest and curiosity fall in a class of models that allow an agent to characterize, act on 
and learn from changes in the environment. There are many accounts of measuring novelty using 
computational approaches. Marsland et al. (2000) used Stanley’s (1976) model of habituation to 
implement a real-time novelty detector for mobile robots. Like the Kohonen (1993) Novelty Fil-
ter, the real-time novelty detector uses a Self-Organising Map (SOM) as the basis for the detec-
tion of novelty. Habituation and recovery extends a novelty filter with the ability to forget. 
 Models of interest provide a basis for determining if a novel event or state is worth attention. 
Curiosity is when something of interest can distract the process from its current focus of attention. 
Saunders and Gero (2001) drew on the work of Berlyne (1960) and Marsland et al (2000) to de-
velop computational models of curiosity and interest based on novelty. They used a real-time 
novelty detector to implement novelty. Saunders and Gero (2004) model interest using sigmoid 
functions to represent positive reward for the discovery of novel stimuli and negative reward for 
the discovery of highly novel stimuli. The resulting computational models of novelty and interest 
are used in a range of applications including curious agents.  
 Merrick and Maher (2009) present models of motivated reinforcement learning agents that use 
novelty and curiosity as models of intrinsic motivation. These agents exhibit a kind of world-
driven (rather than goal-driven) behavior. The agents (shown in Figure 4) have an experience tra-
jectory Y(t) that models all states S(t), changes in states (events) E(t) , actions that have been en-
countered/experienced by the agent: 

Y(t) = S(1), E(1), A(1), S(2), E(2), A(2), … , S(t), E(t), A(t) 

Explicit/Concrete goals     Implicit/Abstract goals         No goals 

Domain specific 
goals associated 
with (for exam-
ple) rules, poli-
cies, tasks 

Domain inde-
pendent models 
for focus of at-
tention (for ex-
ample) curiosity, 
novelty, surprise, 
interest and oth-
er motivations 

Domain inde-
pendent models 
for (for example) 
hypothesis gen-
eration  



REASONING AND MAKING SENSE OF DATA IN THE ABSENCE OF GOALS 

A dynamic motivated reward signal Rm(t) is computed as a function of novelty and interest. Their 
model of interest, based on the experience trajectory, is a modified version of the Saunders and 
Gero interest function and is based on the Wundt curve shown in Figure 5.  
 

 
Figure 4 Motivated reinforcement learning agents: goals are implied by a dynamic motivation 

signal (Merrick and Maher, 2009).  
 

 
Figure 5 The Wundt curve is the difference between positive and negative feedback functions. It 
peaks at a moderate degree of novelty (Merrick and Maher, 2009). 
 
This curiosity-based reward signal directs the agent to focus its learning on achieving specific sit-
uations at different times, but does not have an explicit representation of tasks or goals. Other mo-
tivation functions studied by Merrick and Maher (2009) within this framework include functions 
for competency and combined competency and curiosity. Experimental studies of curious agents 
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in dynamic environments demonstrated adaptive behaviors through the ability to learn a variety 
of simple and complex behaviors (see Merrick and Maher, 2009 for experimental results). 

2.2 Surprise 

Surprise occurs when an unexpected event occurs. While surprise and novelty are similar, some-
thing may be novel, but necessarily surprising because it is the next expected change. Horvitz et 
al (2005) and Itti and Baldi (2004) have developed probabilistic models for finding surprising 
events in data. Ranasinghe and Shen (2008) have developed a model of surprise for reinforcement 
learning for developmental robots. 
 The Horvitz et al (2005) model of surprise is used in traffic forecasting. They generated a set of 
probabilistic dependencies among a set of random variables, for example linking weather to traf-
fic status. They assume a user model that states that when an event occurs that has less than 2% 
probability of occurring, it is marked as surprising. Surprising events in the past are collected in a 
case library of surprises. This provides the data for forecasting surprises based on current traffic 
conditions. The Itti and Baldi (2004) model of surprise is developed for observing surprising fea-
tures in image data using a priori and posterior probabilities. Given a user dependent model M of 
some data, there is a P(M) describing the probability distribution. P(M|D) is the probability distri-
bution after the data is added, using Bayesian probability. Surprise is modeled as the distance d 
between the prior, P(M), and posterior P(M|D) probabilities.  
 The Ranasinghe and Shen (2008) model of surprise is used as a reward in a model they call 
surprise-based learning for developmental robots. In this model, surprise is used to set goals for 
learning in an unknown environment. The world is modeled as a set of rules, where each rule has 
the form: Condition  Action  Predictions. A condition is modeled as: Feature   Operator 
 Value. For example, a condition can be feature1 > value1 where “greater than” is the operator. 
 A prediction is modeled as Feature  Operator. For example, a prediction can be “feature1 >” 
where it is expected that feature1 will increase after the action is performed. The comparison op-
erators provided for surprise analysis include operators to detect the presence (%) or absence (~) 
of a feature,  and the change in the size of a feature (<, <=, =, >=, >). If an observed feature does 
not match the prediction for the feature, for example, the feature was expected to increase and it 
decreased, then the system recognizes surprise and sets that state as a reward for learning. 
 Grace et al (2014) develop a model of surprise based on predictive models using regression 
analysis or conceptual clustering on product design data. When a new design is encountered that 
violates our expectations, that design is surprising. This work was further developed to character-
ize multiple types of expectation and its effect on ways in which we are surprised (Grace and 
Maher, 2015). 
 These different approaches to modeling surprise are responses to the needs of the context in 
which they are developed. The Horvitz et al (2005) model determines that an event in the past is 
surprising, and then for a collection of surprising events is used to predict future surprising 
events. In the Itti and Baldi (2004) model, the new data is assimilated into the probability distri-
bution, so something is surprising the first time it is introduced. The Ranasinghe and Shen (2008) 
model does not use probabilities and instead finds the first unexpected feature based on predic-
tions of the direction in which the values of features will change and sets a reward to learn about 
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that situation. The Grace et al approach is to characterize a cognitive model of expectations in or-
der to recognize when a new design changes our expectations, and is therefore surprising. The 
role of factors such as curiosity and surprise in information seeking has also been recently con-
sidered (Gottlieb et al., 2013). 
 Surprise serves as a trigger for meta-level reasoning leading to the formation of goals. This 
concept is explored in the context of design by Grace and Maher (2015).  

2.3 Incentives, Motives, and Motivation 

In motivational psychology, incentive is defined as a situational characteristic associated with 
possible satisfaction of a motive (Heckhausen and Heckhausen, 2010). Incentives can be internal 
or external. Examples of internal incentives that depend on an individual’s experiences include 
the novelty, difficulty or complexity of a situation. Examples of external incentives include mon-
ey or other kinds of external ‘payoff’. Associations between incentive and motivation can be 
learned, but there are also certain associations between incentives and motivation that have been 
found to be common across individuals. These include the associations between: 

• Task difficulty and achievement motivation 

• Risk and power motivation 

• Risk and affiliation motivation 

• Novelty and curiosity  

Suppose we represent a situation encountered by an agent at time t as S(t). Then the incentives as-
sociated with a situation can be represented as I(t) = (i1, i2, i3…). Each value in represents a differ-
ent incentive. For example, i1 may describe the novelty of S(t), i2 may describe the complexity of 
S(t), i3 may describe risk and so on.  
 Internal incentive values such as novelty, difficulty and complexity can be computed by an 
agent while it is reasoning about its environment using computational models such as novelty-
detectors (Marsland et al., 2000) or achievement based on error calculations on learned policies 
(Merrick and Maher, 2009). This means that the incentives associated with a situation will change 
based on the agent’s experiences. External incentive values are interpreted from the current state 
of the environment S(t). These values will change based on changes in the environment. Both 
types of incentive have the possibility of satisfying the agent’s motive. 
 Implicit motives are innate preferences for certain kinds of incentives. Because different indi-
viduals have different implicit motives, they will interpret the same situation incentives different-
ly (Merrick and Shafi, 2013). For example, individuals with strong achievement motivation favor 
moderate difficulty. Likewise, high curiosity is associated with moderate novelty. Individuals 
with strong power motivation favor high risk. In contrast, individuals with strong affiliation moti-
vation avoid situations with high risk. We can represent different motives M1, M2, M3… as a func-
tion of incentive Mm(t) = Mm(I(t)). These scalar motivation values Mm(t) can be used in isolation, for 
example as a reward signal in learning, or combined. For example, they can be summed to give a 
resultant motivational tendency based on a complex motive profile of multiple motives (Merrick 
and Shafi, 2011). 
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Tres(t) = M1(t) + M2(t) + M3(t) + … 

 The resultant value can then be used by the agent to identify the most highly motivating situa-
tions and act, learn to act or plan to act to achieve those situations. This action, learning or plan-
ning may involve formation of explicit concrete goal structures, but this is not strictly necessary.  
 In summary, models of incentives and motives are able to reason about the synergy of the ex-
ternal environment and the internal state and preferences of the agent to provide a basis for decid-
ing what to do next. They do not represent goal structures although we may recognize emergent 
goal-directed behavior.  

2.4 Autonomous Hypothesis Generation 
Advances of computational power, data collection and storage techniques are making large vol-
umes of new data available every day. In some situations, data are collected without a priori sup-
position or imposition of a specific research goal or hypothesis. Sometimes domain knowledge 
for this type of problem is also limited. For example, in sensor networks, sensors constantly rec-
ord data. In these data, expectations about relationships cannot be described in advance. Moreo-
ver, the environment may change without a priori knowledge. 
 While finding patterns in data is achieved with data mining tools and algorithms, there are in-
creasingly situations in which the observational data is collected without specific data mining 
goals in mind. Big data (Manyika et al., 2011) is a relatively new phenomena that has arisen in 
cases where very large data sets are accumulated as the result of daily recordings (such as twitter 
data, phone location data, etc.) for which no specific research purpose was set when the data were 
recorded. People are interested in analysing the data, however, the questions such an analysis 
might answer are not initially evident. Hypothesis generation helps to form initial questions that 
can guide the search for patterns in such accumulated data. 
 An example is in the field of intelligent systems in which sensors on mobile devices or those 
embedded in the physical environment record activity data from the environment and can perform 
pre-defined tasks to adapt to human activities through machine learning techniques. Such tasks 
can be developed manually when we know the common activities in typical scenarios, e.g., offic-
es or lecture theatres. However, we need new ways for an intelligent environment agent to hy-
pothesise about how to adapt to non-standard scenarios for which knowledge about what the ob-
servational data are describing is not available (Merrick et al., 2008). 
 A similar situation occurs in cyber security in which, due to the constant evolution of hacking 
activities, previous knowledge about abnormal activities in log data can get outdated. How to use 
log data to actively acquire updated insights into a system is an interesting research direction for 
which an agent that can generate new hypotheses from data could be an advantage (Shafi, 2008). 
 All of these scenarios pose open-ended questions about data. The abstract goal is to make sense 
of data, but there is an absence of concrete goals to achieve this. We thus argue that our increas-
ing data stores will require new classes of algorithms that tend towards the right hand end of the 
spectrum shown in Figure 3 and permit reasoning in the absence of goals. 
 Traditional scientific research (or knowledge discovery) starts with a hypothesis suggesting an 
interpretation or description of a phenomenon. This hypothesis becomes the foundation for all 
further inferences and experiments. Its construction is heavily dependent on a researcher’s vision 
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and skills, such as observation, domain knowledge, reasoning, imagination and creativity. Once 
constructed, a hypothesis leads to the design of the experiments and data collection required to 
test it. Therefore, this type of research is often called hypothesis-testing research (or hypothesis-
driven research). 
 Hypothesis generation (Kell and Oliver 2003; King et al., 2004), which complements conven-
tional hypothesis testing, occurs under circumstances where limited domain knowledge or the 
size of the data makes it difficult or impossible for a researcher to have well formed expectations 
or to propose precise hypotheses.  There has been research considering hypothesis generation in 
different fields where hypotheses comprise patterns in the data or machine learning models. Na-
bel explains this as the methods for hypothesis generation and relates them to the specific envi-
ronment under study (Nabel, 2009).     
 In the study carried out by Heintz and Doherty (Heintz and Doherty, 2004), a hypothesis is rep-
resented by certain linkage structures, which incrementally grow with additional sensor infor-
mation being collected. The integration of such structures into agents’ functionalities enables the 
agent to gain awareness of its environment; therefore it provides a basis for other high level goals 
to emerge.  In computer vision, hypotheses often refer to possible matches between two regions 
of interest (ROI) (Wheler  et al. 1995; Chin et al.  2011; Armbruster 2008). 
 In a computational approach to evaluating the quality of citizen science data, an example of a 
case in which very large volumes of data are collected, the challenge is determining when an un-
expected data item is due to low quality data or if it is the basis for a new hypothesis and there-
fore is high quality data. This is being explored using concepts from computational creativity and 
design to search for patterns that are categorized as outliers and harbingers (Maher and Mahzoon, 
2015). An outlier is a data item that is unexpected. An outlier is also a harbinger when that data 
item is the beginning of a new trend in the data, and therefore becomes a pattern that forms a new 
hypothesis: an indicator to collect more data in that space or to search that space for similar pat-
terns. 
 Wang et al. (2015) consider the problem of hypothesis generation in continuous data, with the 
context being situations in which data can be collected about an unknown system. The unknown 
system is measured by a set of variables. However, limited a priori knowledge is available for 
characterising the structure and dynamics of system. Wang et. al. define the autonomous hypothe-
sis generation problem in continuous domains in terms of two sub-processes: associative hypoth-
esis generation (AHG) and causal hypothesis generation (CHG). In the case of human knowledge 
discovery, causation discovery is a progressive process, with the understanding of the causal law 
behind a system beginning with the observation of associations, which leads to an inquiry into 
causal relations..  
 Figure 6 shows the model for hypothesis generation where: The input to the AHG process is X, 
the set of all data. The output of the AHG process is F, a set of associative hypothesis of the form 
XA => XB. The output of the CHG process is G, a causal graph describing relationships among 
variables in X. Associative hypotheses can potentially reduce the number of variables that need to 
be examined when forming causal hypotheses and, because their generation procedures exclude 
irrelevant variables, the CHG can take advantage of the output from AHG to form a causal hy-
pothesis in a reduced variable space. Alternatively, without a priori knowledge about the system, 
it is possible that there are no specific causal relations between its variables and, if so, it is not 
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necessary to proceed to CHG. In this way, autonomous hypothesis generation can identify pro-
gressively stronger patterns in data, when the initial structure and relations in data are unknown 
(Wang, 2014).  

 
Figure 6 Hypothesis generation identifies progressively stronger hypotheses about data.  

 

3. Summary 
This paper has presented several approaches to reasoning in the absence of goals as an alternative 
to goal reasoning. Introducing computational models of curiosity, interestingness, and motivation 
lead to alternative models for agents to reason about actions that are not dependent on explicitly 
represented goals and goal structures. Goals then become intermediate or possibly emergent 
properties of reasoning. Foner and Maes (1994) distinguish between goal-driven and world-
driven attention focus. The models presented in this paper are similar to Foner and Maes (1994) 
concept of world-driven focus for creating goals or acting when there are no pre-defined explicit 
goals directing the agent in a learning or problem solving situation.  Emergent goal-driven behav-
ior is critical for cognitive systems that can use ‘idle time’ effectively by continuing to monitor 
their environment to discover and pursue self-generated goals that extend or improve their 
knowledge base or skill set. 
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