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Introduction

Reinforcement learning (RL) [START_REF] Richard S Sutton | Learning to predict by the methods of temporal differences[END_REF] has been one of the most popular machine learning paradigms of the past decade. Originally developed as an approach to model animal learning, the field has witnessed an exponential growth in recent years, owing to advances in deep learning [START_REF] Goodfellow | Deep learning[END_REF] and the availability of powerful and inexpensive computing technology. Ever since, it has been driven by promising results in game playing [START_REF] Mnih | Human-level control through deep reinforcement learning[END_REF][START_REF] Heaven | No limit: Ai poker bot is first to beat professionals at multiplayer game[END_REF] and robotics [START_REF] Openai ; Marcin Andrychowicz | Learning dexterous in-hand manipulation[END_REF][START_REF] Marc G Bellemare | Autonomous navigation of stratospheric balloons using reinforcement learning[END_REF], with a primary focus on improving the sample efficiency of learning. However, with respect to the ultimate goal of realizing fully autonomous agents, concerted efforts at developing contextaware and trustworthy learning systems have been few and far between. In particular, most RL systems are not equipped with a notion of intent; the agent is simply provided with a predetermined, arbitrary reward function, over which it has little or no control. Moreover, these reward functions may or may not result in the behaviors we desire from the agent, particularly in challenging scenarios, for instance, when the reward signal is sparse [START_REF] Andrychowicz | Hindsight experience replay[END_REF][START_REF] Trott | Keeping your distance: Solving sparse reward tasks using self-balancing shaped rewards[END_REF][START_REF] George | Experience replay using transition sequences[END_REF], or when the problem inherently requires a considerable degree of exploration. These scenarios are common in real world applications, and in such cases, contextual awareness of the environment in question can potentially allow for appropriate modifications to the reward function in order to accelerate learning.

A classical example of the aforementioned concept is reward shaping [START_REF] Andrew Y Ng | Policy invariance under reward transformations: Theory and application to reward shaping[END_REF], where potential-based shaping rewards are added to the original reward function, allowing the agent to learn the intended policy at an accelerated pace. In some sense, the shaping rewards can be viewed as encoding the notion of intent, as it is a signal that is external to the original reward function, and generally contains some contextual information of the task/environment under consideration. Although reward shaping aims to improve the learning performance, in reality, there exist other aspects, such as safety, task awareness and explainability, which are not addressed through reward shaping, but are relevant in real world scenarios. For example, in safety-critical environments, it may be desirable for the agent to automatically acquire contextual awareness of unsafe actions, and appropriately modify the reward function to improve its safety during training. In the context of multi-task RL, it may be useful for the agent to be aware of 'interesting' regions in the environment, in case subsequent future tasks benefit from such knowledge. Typical reward functions, which are fixed, and exclusively designed for solving the task at hand, fail to consider these aspects, even though it may be useful to do so, particularly from a continual learning perspective [START_REF] Mark | Continual Learning in Reinforcement Environments[END_REF]. In RL platforms deployed in the real world [START_REF] George Karimpanal | Adapting low-cost platforms for robotics research[END_REF][START_REF] Tani | Duckietown: an innovative way to teach autonomy[END_REF], apart from aspects such as safety and sample efficiency, it is also desirable for agents to exhibit a certain degree of trustworthiness. This can partly be accomplished by accompanying an agent's selected actions with corresponding, human-understandable explanations, and through the act of consulting with human experts in critical and/or uncertain states. Current systems are generally incapable of assessing their own knowledge gaps, and actively seeking out expert advice as and when needed. Such intentional behaviors could be a critical factor when it comes to the practical deployment of RL agents in real world applications.

The above examples highlight the need to equip RL agents with context-aware, intentional behaviors, a learning philosophy we term Intentional Reinforcement Learning. The idea here is not to enable agents to do as they please, with the sole guidance of arbitrarily defined reward functions, but rather, it is to develop trustworthy agents that are capable of contextualizing their experiences and the current state of their knowledge to autonomously regulate their behaviors as and when they interact with the environment. Such context-aware RL agents are likely to become a necessity for the realistic deployment of RL in embodied and other real-world applications, to ensure their practical cohabitation in human society.

Intentional RL

The motivation behind intentional RL is to equip (deep) RL agents with a notion of intent. This goes beyond the current RL approach of simply mapping states to actions in a way that maximizes a human-designed arbitrary reward function. One of the intended effects is to allow the agent itself to either fully or partially construct its own reward function. While this idea may initially seem far-fetched, there already exist topics such as reward shaping [START_REF] Andrew Y Ng | Policy invariance under reward transformations: Theory and application to reward shaping[END_REF], intrinsic rewards [START_REF] Özgür | An intrinsic reward mechanism for efficient exploration[END_REF], task generation in curriculum learning [START_REF] Narvekar | Curriculum learning for reinforcement learning domains: A framework and survey[END_REF] and curiosity in RL [START_REF] Pathak | Curiosity-driven exploration by selfsupervised prediction[END_REF], which incorporate agents with such capabilities, either directly or indirectly. However, the main aim of this article is to underscore the need to move away from the notion of rigidly specified reward functions by allowing agents to actively seek out contextual information, and incorporate such information to deviate (if needed) from the specified reward functions in useful ways. The idea is to develop trustworthy learning agents capable of context-aware decision making. Such an approach could give birth to several novel research directions, some of which are listed below:

1. Task aware RL: The idea behind task awareness is that agents should be able to anticipate potential future tasks and be 'aware', and vaguely prepared for them. In a multitask RL setting, when the agent is tasked with solving a given primary task, during exploration, it may come across other 'interesting' regions, which may correspond to subsequent future tasks. Such regions may correspond to, for instance, regions of the state space that contain features that are outliers with respect to the agent's historical experience up to that point in time. Intuitively, it makes sense for the agent to keep track of such regions by treating them as auxiliary tasks, and to simultaneously update their action value functions, using the same behavior policy it uses to learn the primary task. By doing so, the agent would gather at least partial knowledge of the auxiliary tasks, using the same number of environment interactions. This partial knowledge could be used to induce jump-start improvements, as done in transfer learning [START_REF] Matthew | Transfer learning for reinforcement learning domains: A survey[END_REF][START_REF] Lazaric | Transfer in Reinforcement Learning: A Framework and a Survey[END_REF][START_REF] George | Self-organizing maps as a storage and transfer mechanism in reinforcement learning[END_REF], when a new task is assigned to it. Without this capability, upon being assigned a new task, the agent would need to explore the environment from scratch, even though it may have previously experienced trajectories that are successful with respect to this new task. It is thus generally useful for the agent to discover and learn such auxiliary tasks, irrespective of the target policy it is aiming to learn. Although previous works have examined concepts such as novelty [START_REF] Özgür | Using relative novelty to identify useful temporal abstractions in reinforcement learning[END_REF][START_REF] Thommen | Identification and off-policy learning of multiple objectives using adaptive clustering[END_REF] and utility [START_REF] Mcgovern | Accelerating reinforcement learning through the discovery of useful subgoals[END_REF] to learn auxiliary tasks, these concepts have seldom been tied to the agent's reward function. Doing so could potentially incentivize the agent to discover and learn auxiliary tasks which may be beneficial in the long term. One potential solution could be a more generalized and dynamic reward function that takes into account the extent to which the different auxiliary tasks have already been learned. The idea is that regions corresponding to tasks that have been fully learned should be associated with low or neutral rewards, as it is no longer beneficial to continue exploration in these regions. The policy resulting from such a modified reward function could potentially lead to improved and context-aware exploration, which could be beneficial for learning any arbitrary task in the environment.

2. Questioning RL agents: One of the fundamental aspects of human learning is the act of identifying knowledge gaps in our own understanding of a subject, and proactively filling these gaps by asking questions in a purposeful and intentional manner. From an RL point of view, this phenomenon can be viewed as a form of directed exploration [START_REF] Thrun | Efficient exploration in reinforcement learning[END_REF], wherein the agent explores the state-action space in a directed manner, without having to resort to random exploratory actions, which can be highly ineffective. In general, directed exploration has been shown to improve the sample-efficiency of RL agents. One such approach for directed exploration could be to allow the agent to actively seek out action advice from a human expert. A preliminary approach for incorporating the act of questioning into RL would be to allocate a predetermined question budget, and to allow the agent to periodically ask a human for the correct actions to execute from a particular state, at strategic times. These acts of questioning could be optimized by taking into account the available budget, and the extent to which the task has been learned. The latter could be represented in the form of say, the average or maximum temporal difference error experienced as per the agent's action value estimates. In addition to the correct actions, the human may also specify the most appropriate reasoning behind the choice of the advised action. Following an initial set of enquiries, the agent would have access to a data set comprising of states as input data, and the advised action, accompanied by the justification, as labels. By learning a model to fit this data (say, using a feedforward neural network), one could obtain an advisor model (neural network that maps states to advised actions), as well as an explanation model (neural network that maps states to the most appropriate explanations). Such a system could potentially address many of the issues surrounding explainable RL [START_REF] Puiutta | Explainable reinforcement learning: A survey[END_REF], which is an emerging field of research. The key benefit of such an approach is that it uses humans (who are good at providing explanations) to generate explanations, and deep learning (which is good at mapping data to labels) to map states to the suggested explanations/advice. In general, pursuing such lines of research would likely be a step towards realizing trustworthy RL systems that are capable of not only efficiently optimizing its action choices, but also explaining these choices to a human user.

Behaviorally constrained RL:

The imposition of behavioral constraints are often necessary, particularly in environments where factors external to the agent's learning performance is considered to be important. For example, in risk-sensitive environments, it may be ideal to constrain the agent to operate within a subset of all possible behaviors to ensure the safety of the agent and the environment. In a similar vein, in multi-agent scenarios, behaviors may need to be constrained depending on how they would affect the other agents. This ties back to topics in machine ethics [START_REF] Anderson | Machine ethics[END_REF], which is concerned with the development of morally-aware systems. In general, irrespective of the scenario, behavioral constraints can be brought about by suitable modifications to the reward function, as shown in previous works [START_REF] Tessler | Reward constrained policy optimization[END_REF][START_REF] Achiam | Constrained policy optimization[END_REF]. However, these methods require the explicit specification of constraints, which may not always be feasible to do. The challenge is to autonomously identify, perhaps through a meta-learning approach [START_REF] George Karimpanal | Learning transferable domain priors for safe exploration in reinforcement learning[END_REF], actions that generally correspond to undesirable behaviors, and to further use this information to design more adaptive and risk-aware reward functions. This is an exciting direction for future research, and an absolute necessity as we equip agents with a higher degree of autonomy, and deploy them in environments shared by humans and other agents.

Discussion

The overarching motivation behind intentional RL is to simply equip RL agents with intentional behaviors, be it through mechanisms that enable useful deviations from rigidly defined reward functions, those that facilitate inquisitiveness, or other mechanisms sharing the similar underlying philosophy of intentionality. In this article, we briefly discussed a handful of research directions that could result from such an intentionalitycentered approach. However, it could also benefit existing research topics such as safe RL [START_REF] Garcia | Safe exploration of state and action spaces in reinforcement learning[END_REF], intrinsically motivated RL [START_REF] Singh | Intrinsically motivated reinforcement learning: An evolutionary perspective[END_REF] and curriculum learning [START_REF] Narvekar | Curriculum learning for reinforcement learning domains: A framework and survey[END_REF], all of which ideally require some degree of context-awareness.

Although conditions such as policy invariance under modified rewards need not be strictly respected depending on the specific application, developing a formal framework to describe the conditions for convergence and policy invariance could be beneficial. The development of benchmark environments with experiments designed to test the various facets of intentionality could also be useful.

In conclusion, intentionality is a concept that is largely overlooked in current RL research. Although challenging, it is important to explore this perspective, as it presents a potential path forward for realizing fully autonomous, context-aware and trustworthy agents that can learn safely, under practical constraints that are common in embodied, and other real world applications.