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1 Motivation

Robots are increasingly being used in practical applications due to advancements in Al methods. Modern Al frameworks
based on deep networks and foundation models such as Large Language Models (LLMs) and Vision Language Action Models
(VLAs) are considered state of the art for perception, reasoning, manipulation, and interaction problems [4, 9, 43]. These
methods and models are excellent statistical predictors for well-defined tasks, but they make arbitrary decisions in truly novel
situations [19, 26]. Also, the many network architectures being developed are based on a narrow set of representations and
update processes. In addition, they are resource-hungry batch-learning systems whose internal operation remains opaque.
Furthermore, they are having a negative impact on the reproducibility and sustainability of robotics research.

Robot systems that sense and (inter)act in the physical world are, on the other hand, required to make decisions at different
spatiotemporal abstractions based on multimodal (e.g., visual, verbal, tactile) inputs. They have to operate under strict resource
constraints and open world uncertainty, where optimal decisions are unknowable and probabilities may not always meaning-
fully model the uncertainty. Also, they have to rapidly revise models for perception, planning, and navigation, and they may
be required to express their decisions in terms of human concepts to promote understanding in critical applications. There is
thus a fundamental mismatch between the requirements of robot systems and the characteristics of modern Al methods.

The mismatch identified above can be addressed by revisiting key principles that can be traced back to the pioneers of
Al but are not fully leveraged in modern robotics/Al research. These pioneers had a deep understanding of cognition and
control in humans (i.e., natural intelligence). They knew that human behavior is determined by internal cognitive processes
and the environment, and that we maintain and automatically direct attention [6] to relevant representations and processes
at different abstractions [35, 40]. They understood that we acquire skills incrementally, interactively, and compositionally,
making rational decisions under resource constraints and open world uncertainty [33]. They also appreciated that replicating
some of our hardware on robots will not equip them with the sensorimotor capabilities that have evolved in humans over a
long time [27, 41]. Based on these insights, I would like to outline some of these principles and draw on my work over the last
5-10 years to highlight the benefits of embedding these principles in robot architectures [37].

2 Key Principles and Examples

I would like to draw attention to three sets of principles that I think are particularly useful in robotics.

Refinement, Compositionality, Attention. The first set of principles represent a domain’s actions and changes as transition
diagrams at different abstractions, with the fine(r)-granularity diagram being a refinement of the coarse(r)-granularity dia-
gram. Refinement has been explored in computing over many decades; it is also related to compositionality, the hierarchical
representation of knowledge at different resolutions. These principles have played a key role in computing and other disci-
plines over many decades [12, 7]. Research has also identified that these principles and related representations lead to a good
computational model for human cognition [22, 30], and for computer vision and robotics tasks [10, 42].



These principles can be applied to different robotics problems by establishing a suitable representation (i.e., vocabulary)
and update processes at each level of abstraction, and defining a formal relationship between these levels. The relevant in-
formation can then be chosen automatically for any given domain and tasks using the principle of selective attention [6]; a
limited exploration of attention has provided impressive results with deep networks too [9]. Refinement of an agent’s action
theories has been defined using situation calculus, but with limited expressivity due to the assumption of a strong bisimulation
relation between these theories [2] or the assumption of deterministic causal models [3]. There has also been related work
on combining discrete and continuous planning at different resolutions for task and motion planning in robotics [13, 23],
but existing methods do not fully support bidirectional flow of relevant information, or handle uncertainty and discontinuous
interaction dynamics.

Toward addressing these limitations, our refinement-based architecture supports different representations (logics, proba-
bilities) and processes (non-monotonic logical reasoning, probabilistic sequential decision making) at two abstractions [38].
It acknowledges that uncertainty does not always have to be modeled using probabilities [17]; embeds cognitive theories of
intention, affordance, and explainable agency [16, 36]; and enables the robot to identify and reason with relevant informa-
tion using the other principles described below. We demonstrated better performance than knowledge-based or data-driven
baselines, with the robot using the representations to describe its decisions such that they make contact with human concepts.

Ecological Rationality (ER) and Decision Heuristics. The second set of principles build on Herb Simon’s definition of
Bounded Rationality [33] and the algorithmic theory of heuristics [14]. ER explores decision making under open world uncer-
tainty, i.e., when the space of possible scenarios is not known. It views an agent’s behavior as a joint function of its cognitive
processes and the environment, making decisions based on adaptive satisficing. It uses decision heuristics such as tallying,
sequential search, and fast and frugal (FF) trees, to ignore some information and make decisions more quickly, frugally, and
accurately than complex methods with many free parameters [15]. The associated models are both prescriptive and descrip-
tive, automatically supporting process-level explanations of the decisions. Such an approach is complementary to theories and
methods that define and use causal relationships to provide explanations [18], or categorize methods in terms of their ability
to extract causal relationships and provide explanation [29].

Although ER and decision heuristics have provided good performance in different domains [5, 21], there is very limited
use of these methods in robotics [25] because their inherent simplicity makes researchers doubt their suitability. We have
used decision heuristics for multiagent collaboration without prior coordination, i.e., ad hoc teamwork (AHT) [28]. Methods
considered state of the art for AHT use a large labeled dataset of prior observations to model the behavior of other agent
types and determine the ad hoc agent’s behavior [31]. We instead adapted our refinement-based architecture, with an ad hoc
agent choosing its actions based on non-monotonic logical reasoning with prior knowledge (at different abstractions) and an
ensemble of FF trees learned rapidly to predict the behavior of other agents. We experimentally demonstrated collaboration
with other agents in complex and novel scenarios, providing better performance than data-driven baselines while using orders
of magnitude fewer resources [8].

We also used these principles on a robot manipulator making and breaking contacts with objects and surfaces. These
changing-contact manipulation tasks are characterized by abrupt transitions (in force, acceleration) that can damage the robot
or the objects. Unlike data-driven methods that explore different transitions in advance, posing smooth motion as an opti-
mization or learning problem, we drew inspiration from human motor control [11]. We enabled the robot to rapidly learn and
revise simple models predicting the end-effector sensor observations from a single demonstration. During run-time, any mis-
match between predicted and actual measurements revises these predictive forward models and a simple control law, leading
to smooth changing-contact manipulation in novel situations [32].

Interactive learning and Memory Consolidation. The third set of principles refer to different types of learning such as
supervised (or unsupervised) learning and learning from reinforcement [24]. Modern Al systems focus on learning a single
(foundation) model or policy for different categories, situations, platforms, and domains. This approach is considered essential
for generalization, but the corresponding design choices make the learned model (policy) hard to understand, explain, or revise
meaningfully. These approaches are appropriate when the space of options or situations is known a priori and there are no
strict resource constraints; they are unsuitable for decision making in the wild [20]. Interactive learning, on the other hand,
uses reasoning and decision heuristics to trigger (and guide) online learning as needed to adapt to any given domain and set
of tasks, revising the learned knowledge offline through memory consolidation [39, 41].

We used these principles for vision-based scene understanding, planning, and question answering. Unlike methods that
train deep networks on a large dataset of images, questions, and answers, we adapted our refinement-based architecture
to determine the occlusion and stability of objects, achieve desired object configurations, and answer questions about the



decisions. This architecture reasoned with prior domain knowledge to make the target decisions if possible. For examples
that could not be handled through reasoning, the robot automatically identified the relevant regions in images to be used for
learning. In addition, these examples were processed using decision heuristics to induce new actions and axioms that revised
existing knowledge. We experimentally demonstrated how leveraging the interplay between reasoning and learning resulted in
better performance than deep network baselines while using orders of magnitude fewer examples, and in on-demand relational
descriptions as explanations in response to different types of questions (causal, contrastive, counterfactual) [36].

We also used these principles to enable Al agents to collaborate with humans to complete daily living tasks in a 3D sim-
ulation environment. Instead of making dubious claims about the “planning” or “general intelligence” capabilities of LLMs,
our architecture leveraged their predictive abilities to anticipate the upcoming sequence of high-level tasks. The Al agent then
jointly planned for the current and anticipated tasks, using decision heuristics to collaborate effectively with humans. We
demonstrated substantial improvement in reliability and computational efficiency compared with LLM baselines [1, 34].

Summary: Although I unfortunately never had the opportunity to work with Joseph Halpern, my work (like that of many
other researchers around the world) has been influenced by his papers and books. I would like to use this workshop as an
opportunity to express my gratitude, promote appreciation for some key principles that are not being leveraged in modern
robotics research, and illustrate how embedding these principles in architectures is an important step toward enabling robust
decision making in robots.
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