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Abstract
The goal of the project was to develop novelty-aware, novelty-handling agents that
would be able to deal with a great variety of novelties in as much of a task- and
domain-independent fashion as possible. For this purpose, we started with our
cognitive robotic DIARC architecture as a framework for all algorithm development and
code integration in the three TA1 domains: Polycraft, Monopoly, and NLP (the last
domain was eventually abandoned when the TA1 team dropped out).

The main scientific innovations include a formal framework for analyzing the
concept of novelty and its different forms; the combination of knowledge-based models
with statistical learning models for detecting deviations from predicted outcomes:
novelty detection via model prediction error; the development of novel problem solving
strategies for how to handle model prediction errors (e.g., prediction failures of action
outcomes) and model repairs; the synergistic combination of high-level planning with
low-level reinforcement learning to quickly learn how to accommodate novelties
(“RapidLearn”); a modification to the MCTS algorithms used for determining best
responses after novelty introduction with accommodated novelties in large state-action
spaces in multi-player stochastic environments; and finally novel neural network models
for vision and agent behavior models to determine deviations from learned behaviors,
and novel methods for novelty detection and accommodation in NLP domains.

We achieved top performance in Polycraft and NLP, and second best
performance in Monopoly, either meeting or coming very close to all expected
benchmarks, and exceeding them in several measures. We were able to demonstrate
the operation of the integrated architecture in additional domains including the CARLA
driving simulation as well as a physical assembly task using the Fetch robot.
Throughout the project we disseminate our research in top national and international
venues and we still have several project-related papers under review or in preparation.
The integrated architecture has already been transitioned to Thinking Robots Inc. which
is already using it in its social robot product. We already have made several datasets
and tools like the NovelGridWorlds simulation available through github and plan to
release the improved integrated DIARC architecture at a later point this year as well.



Objectives
The ACT-NOW project was a joint effort of the Tufts and ASU teams who collaborated
on all aspects of the research and developments of the main project objective: to
develop an integrated architecture for novelty-aware and novelty-handling
agents.

We utilized the initially selected three TA1 domains: Polycraft (an action-perception
domain), Monopoly (an action domain), and NLP (a perception domain) for all
algorithms and technology developments in the four project years as follows:

Year 1: The goal was to start with the DIARC cognitive robotic architecture shown
below as an architectural framework for all agent developments (except for the NLP
domain which did not find the architectural template), and initially develop the first
novelty detection and accommodation methods in Polycraft for object novelties.

Year 2: The goal was to add the Monopoly and later NLP domains and develop
additional novelty methods for detecting relations, agents, actions, and interaction
novelties. In particular, the goal was to combine knowledge-based with statistical
methods, including learned statistical models for both perception and action.

Year 3: The goal was to develop additional methods for detecting, characterizing, and
accommodating the remaining novelties (goal, environment, and events), including a
comprehensive task-general method for addressing different types of expectations
failures that are caused by novelties.

Year 4: The goal was to improve the performance of our agents and to characterize the
novelties in as much detail as possible symbolically to allow for human understandable
natural language descriptions of the characterization.

For all algorithm and code development the guiding aim was to be as task-general as
possible even though we used specific tasks and environments during the project. We
also aimed to demonstrate the integrated architecture on other domains at the end of
the project, including simulated and physical robotics domains.

We accomplished all objectives and exceeded them in several areas.



Summary of Accomplishments
The main project outcome includes several scientific accomplishments, technical
breakthroughs, as well as technical transitions and software and dataset contributions.

The scientific accomplishments include a formal framework for analyzing the
concept of novelty and its different forms; the combination of top-down
knowledge-based models with bottom-up statistical models for detecting deviations from
predicted outcomes: novelty detection via model prediction error and deviation from
known entities, properties, etc.; the extension of a cognitive natural language-enabled
robotic DIARC architecture to handle all types of novelties in stochastic multi-agent
environments; the development of novel problem solving strategies for how to handle
model prediction errors (e.g., prediction failures of action outcomes) and model repairs;
the synergistic combination of high-level planning with low-level reinforcement learning
to quickly learn how to accommodate novelties (“RapidLearn”); a modification to the
MCTS algorithms used for determining best responses after novelty introduction with
accommodated novelties in large state-action spaces; novel neural network models for
vision and agent behavior models to determine deviations from learned behaviors, and
novel methods for novelty detection and accommodation in NLP domains.

Technical breakthroughs includes significant speedup in life-long open-world
learning using sequences of novelties where state-of-the-art reinforcement learning
algorithms or life-long learning algorithms cannot even solve the first novelty; integration
of SAIL-ON algorithms and methods into the cognitive robotic DIARC architecture which
makes them immediately applicable to real-world autonomous systems; the
demonstration of the performance of the integrated architecture in the Polycraft and
Monopoly domains (which was among the highest in both domains); and an additional
demonstration of the architecture in simulated environments (e.g., a shopping task in a
Supermarket OpenAI Gym simulation and driving on country roads in the Carla
simulator), and on robots (e.g., action discovery and learning on a Baxter robot and
task-based human-robot interaction on a Fetch robot).

The technical transitions include the integrated architecture which was
transitioned to the startup company Thinking Robots Inc. as well as the software which
will be used on deployed service robots to improve robustness to unexpected changes
during task performance.

Finally, software and dataset contributions include the release of various data
sets (e.g., the NovelCraft dataset published in Transaction on Machine Learning
Research) and open-source software packages published on github (e.g., the
Novelgridworlds OpenAI Gym for novelty detection, characterization, and
accommodation work, or datasets for“GAN ensemble for anomaly detection”; additional
releases, in particular of the integrated DIARC architecture with all SAIL-ON integrations
are currently in progress, expected for Fall 2023).



Detailed Accomplishments
We started with the DIARC cognitive robotic architecture shown below as an
architectural framework for all agent developments, except for the NLP domain which
did not find the architectural template, and developed various algorithms and
components for the architecture to detect, characterize, and accommodate novelties.

The red components in the above diagram represent components that were either
extended and augmented by new algorithms (e.g., the Vision Processing component, or
the Goal and Skill Manager), or develop from scratch (e.g., the novelty exploration
component or the MCTS component for multi-player novelty accommodation). Among
the TA1 evaluation domains, Polycraft was unique in that it presented a combined
domain in which to do perceptual novelty detection as part of performing an
action-oriented task. Our novelty detection paradigm was built on the idea that both
top-down knowledge-based inferences as well as a bottom-up learned statistical models
are needed to detect the various types of novelty categories selected as part of the
program, the former to detect state differences from rule-based expectations while the
latter detects distributional differences. Novelty characterization builds on novelty
detection to determine the type of novelty based on what was detected and how (e.g., a
distributional shift of a set of known actions is different from encountering an unknown
action). Note that novelty characterization might require exploration to determine the
properties of the novelty. Finally, novelty accommodation uses novelty characterization
to augment the agent's knowledge base and to update machine learning models.

In the following, we will detail the various research and development efforts
performed by the team in seven sections:



1. Foundational work on novelty concepts
2. Architectural developments for novelty handling
3. Visual novelty detection
4. Agent novelty detection and accommodation
5. Inference-based novelty detection
6. Hybrid planning reinforcement learning for novelty accommodation
7. Multi-player novelty detection and accommodation
8. Evaluations
9. Publications

In addition, we put together a comprehensive video for the DARPA Open House/Family
Day that showcased not only our agents detecting and handling novelties in the
Polycraft/Minecraft environment, but also additional demonstrations of novelty detection
in the simulated CARLA driving domain as well as the detection of expectation
violations and automatic recovery in a robotic assembly task on a physica robot.



1. Foundational work on novelty concepts
Performing tasks in open worlds requires an agent to be ready for the unknown, for by
definition what makes a world open is that not all ontological types or entities (widely
construed to include objects, actions, events, goals, rules, etc. and their properties,
properties of properties, etc.) are known in advance to the agent. For example, an agent
might be confronted with an unknown change in the environment which is task-relevant
if not necessary for completing the task and the agent must cope with it. Coping might
take different forms, from ignoring it (either due to the failure of detecting it or because
the agent does not know what to do with it), to accommodating it by working “with” or
“around” it (e.g., finding alternative plans, treating it as if it were something known that
the agent knows how to handle, or something that won’t happen again etc.), to
attempting to characterize it and, based on the characterization, accommodate it (e.g.,
through learning more about the entity and how it affects the agent’s task performance,
utilizing its properties for better task performance, understanding the counterfactual
effects for future situations, etc.). The extent to which an agent is ready for open worlds,
i.e., can accomplish its goals in an open world setting (given a set of initial states), we
will call “open-world readiness” and is something we want to quantify. In the course of
doing so, we need to distinguish different agent abilities to detect, characterize, and
accommodate novelties in the open world. Some agents might be able to accommodate
novelties by learning, others simply by selecting different existing behaviors, it all
depends on their goals and tasks.

Open-world learning is also not required for novelty detection, characterization,
and accommodation. An agent might detect a novelty, characterize it relative to its goals
and decide that it can be ignored and does not need to be remembered, which is a form
of accommodation that does not require learning (the agent might go through the same
reasoning over and over again if it repeatedly encounters the same type of novelty).
Open-world learning thus is orthogonal to novel detection, characterization, and
accommodation and can occur irrespective of novelty-awareness (e.g., through simple
reinforcement, Hebbian learning, etc.). We do, however, claim that open-world learning
based on novelty detection, characterization, and accommodation can be beneficial to
agents if done right (it can also be detrimental to the agent’s goals if it ends up chasing
down novelties and trying to characterize them, even though they have no relevance for
its tasks). For example, while novelty detection and characterization might produce
overhead initially (compared to other ways of coping with novelties), it might provide
longer-term benefits and thus putting in the effort to characterize novelties that seem
task-relevant and to store the characterization might pay off later when that knowledge
can lead to better accommodation (e.g., discovering and remembering how a
screwdriver can be used to open a can of paint could be helpful for using a pry bar). We
start by analyzing the concept of novelty: what it is and what it is not; what different



types there are; how it can be detected, characterized, and accommodated; and how it
could be evaluated in artificial agents.

1.1 Concepts of Novelty
Novelty can arise in many different ways, from novel objects with novel properties, to
novel relations and contexts, to novel actions and events, to novel goals and tasks, to
novel constraints and rules, and so forth, even in closed worlds. For example, suppose
a closed-world agent encounters an unforeseen fault during task performance (such as
data corruptions, sensor failure, insufficient compute power, etc.) which causes a
change in its performance. The agent then may or may not be able to detect the
change, and even when it detects the change, it might not be able to characterize the
fault and find a way to address it. Similarly, in open worlds, agents ought to handle
novelty when it presents opportunities for improving performance, especially when it
enables goal accomplishment (which would not have been possible without utilizing the
novelty). We thus need a definition of “novelty” that can distinguish novelty from other
related phenomena (such as surprising non-novel states of affairs).

Novelty is not a property of entities. Entities in the world do not have labels that
say “novel” on them. Rather, novelty is always relative to an agent’s cognitive system
and past experiences, which is essential for how we approach novelty in the design of
our algorithms and agent architectures. Novelty thus is an intrinsically relational
concept: something is “novel” with respect to some reference frame describing or
reference system instantiating entities (e.g., a set of images that does not contain the
image of a particular object or type of object); it is a relation between an agent and an
environment; more precisely, a relation between the agent’s belief state and a
representation the agent cannot accommodate with its past memories or inferences
from those memories.

The reference system is typically realized in an epistemic agent, i.e., as the
agent’s internal representations, stored or inferred, of certain entity instances and types:
something is “novel” for the agent if the agent does not have an internal representation
of it and cannot generate a representation for it (e.g., by way of making inferences, or
through other types of internal processes generating combinations of representations).
I.e., when an agent has previously encountered an entity, being able to recall the
encounter makes a subsequent encounter not novel. However, if the agent does not
remember encountering the entity previously and can also not identify the entity or its
type through inference, the encountered entity will be novel for the agent (and it will
continue to be novel for as long as the agent does not form memories or acquire the
requisite knowledge about the entity, regardless of whether an external observer
watching the agent’s repeated encounters with the entity expects the
agents to know the entity after the first encounter).



For agents that do not form (long-term) memories, every encounter will be novel
whether the agent is aware of it or not, while for others (that remember every past
experience and can make inference based on those memories, say) nothing will be
novel because they can already represent all possible encounters (e.g., an
obstacle-avoiding robot that for each obstacle configuration in its perceptual occupancy
grid has a policy for how to avoid it). For many entities it does not even make sense to
ask whether something is novel for them (e.g., a lamp), since they do not have
perceptions or internal processes that generate representations of entities, while for
others it might not be interesting to ask that question because encountering novelty
does not cause any changes in the agent’s behavior (e.g., the agent might remember
the novel encounter, but without using it to adapt its internal processes). Yet other
agents are able to detect novelty and adjust their internal processes based on it (e.g.,
as many machine learning algorithms do automatically without explicitly noticing
novelty).

Since novelty is in the mind of the beholder, i.e., agents observing or
contemplating an entity, action, process, etc., we need to keep in mind whose novelty
we are evaluating when we design artificial agents that can detect, characterize, and
accommodate novelty: the agent’s or ours? Typical machine learning tasks require our
agents to detect what we – the agent designers and evaluators – consider “novel in the
data”, i.e., novel items in evaluation data relative to a set of given items in training data
that does not contain these items. Our reasoning is that any agent familiar with the
training set ought to be able to determine that the evaluation data contains novel items.
Whether this is actually so, however, will depend on a variety of factors, not the least the
agent’s discrimination capabilities.

We introduce the concept of “original” vs. “derived” novelty to elucidate an
important distinction regarding the agent’s cognitive capabilities: for some agents,
entities they have not per se experienced will not be novel as these agents can
construct patterns representing or denoting such entities (e.g., by combining patterns
resulting from other previously experienced entities), while others not capable of such
(hypothetical) constructions will always find unexperienced entities novel. We will thus
count an item as only novel for an agent when the agent has not experienced the item
before (i.e., cannot recall it) and cannot actually derive it from its knowledge base, which
leaves us with four cases:

● the agent has experienced it before and remembered it, hence it is not novel
● the agent derived it without having experienced it, so if and when it experiences

it, it will not be novel (note that this does not exclude the possibility that the
experience of the novelty will have other aspects the agent did not foresee that
would be novel)



● the agent could in principle derive it based on its knowledge and derivation
processes if it did it for long enough (but practically not derivable), hence
practically the item is novel

● the agent could not derive it given its cognitive capabilities, hence it is novel

When we intend to evaluate whether an agent detected novelties and accommodate
them in a task, it is possible and in some cases will be extremely likely, that the agent
detected novelties that we were not aware of or novelties that we did not consider novel
because we did not understand what the agent did and did not know. What can appear
to be accidentally novel or not novel at all to us, might be genuinely novel to an agent
which raises the question of what it means to evaluate an agent-relative concept like
novelty.

“Novelty” is different from other related concepts that are often conflated with
novelty:

● “Surprise”: is based on forming expectations about states, entities, properties,
etc. based on past experience; being surprised by the outcome is one way for an
agent to detect novelty which ought to be maximally surprising (as it will have
had zero probability based on the agent’s internalized distribution); however,
novelty may or may not be surprising to an agent

● “Outlier” or “distributional change”: whether a distributional change really involves
a novelty will depend on whether the range of the distribution is novel (e.g., “we
didn’t know we could have negative values”), whether the shape of the
distribution is novel (e.g., “we didn’t know we could have zig-zag probability
density functions”), or whether there are novel elements in the distribution (which
is different from the above ”negative values” case where we know what those
values are, just not that the particular distribution could range over them, and
different from the shape of the distribution above where we also knew the values
but just not how they could be distributed). So even in the novel distribution case
the novelty does not lie in the change of the distribution per se (because I can
learn about a change of the distribution in a biased die by observing it long
enough; but even without learning that particular change I know that there can be
biases and what possible distributional shapes they can take for die rolls, so
while I might not expect the different distribution with that particular die, I am not
caught by surprise that it could exhibit the one it does precisely because of my
knowledge about die rolls and biased dice). Rather, a distributional novelty would
have to be an unknown mathematical form which the agent has not experienced
before and could not have derived from its knowledge.

● “Anomaly”: is the mismatch between an expectation/prediction (based on a law, a
regularity, a distribution, etc.) and an observation that does not match the
expectation/prediction; the difference between “noise” and “anomaly” then is that



anomalies are systematic, repeatable, and thus indicative of lack of knowledge in
the law, regularity, or distribution used to predict future behavior whereas noise
may indicate a one-off outcome; anomalies may or may not be novel depending
on what the anomalous outcome is and how it relates to the underlying law,
regularity, distribution, etc.; note that an agent witnessing an anomaly once might
encounter novelty (e.g., a novel state) but when the anomaly occurs again it is no
longer novel, while still being an anomaly; critically, if the agent does not update
its model for making predictions under which the specific outcome was
anomalous, it will continue to be anomalous, even though it will not be novel.

● Novelty and similarity: a red apple that differs slightly in terms of color from
another red apple is still an apple, and still a red apple, because it is similar
enough (based on some notion of similarity); hence, an agent that has seen the
first red apple will not have seen a novel property instantiated in the second
apple , even though the second apple’s redness differs slightly from the first one
unless one includes “trivial novelty” which counts any quantitative deviation in
redness as different (note that it will have a seen a novel apple instance though,
but different instances of the same type are usually not a concern)

Overall, it’s essential to distinguish the concept of novelty from the process of how
novelty can be detected by an agent (e.g., whether and how “surprise”, “anomaly”, and
“similarity” can be used to detect novelty).

1.2 Novelty detection and characterization
While the concept of “novelty” is different from those of “surprise”, “anomaly”,
“prediction”, “distributional outlier”, “expectation failure”, and other related concepts,
many of the related concepts (some which implicitly refer to architectural mechanisms)
can be used to detect novelty.

Forming expectations based on past experience and being surprised by the
outcome, for example, is one way for an agent to detect novelty which ought to be
maximally surprising (as it will have had zero probability based on the agent’s
internalized distribution). However, surprise does not entail detecting novelty: surprise
requires the formation of expectations, but just noticing that an expected outcome did
not happen is not sufficient for detecting novelty (e.g., if the agent cannot characterize
or classify the actual outcome, if it only knows that it does not know it, or if it cannot
determine what about the outcome is different, it could only hypothesize that something
novel might have happened). For example, if an agent cannot distinguish between two
types of objects A and B given a set of objects but notices that other agents seem to
have consistently clear preferences when they deal with these objects (e.g., in terms of
value of the object), it might infer that there must be something about the objects it is
not perceiving or cannot discriminate (e.g., think of the subtle difference in patterns



between poisonous and edible mushrooms). Even without forming expectations,
something to be judged as being out-of-distribution can indicate novelty (although if the
distribution is continuous, then it is unclear whether out-of-distribution item is truly not in
the distribution or the distribution is not represented well enough to include the item).

Being told about something new or being in a situation where something novel is
expected is another way to learn about novelty (this does not require surprise, but it still
requires the ability to compare to stored memories). Generating an internal combination
of symbols in a way that has not happened before and that is meaningful w.r.t. to types
of entities is another way to discover novelty without surprise. While some methods
such as forming expectations based on past distributional knowledge is a good way for
detecting pattern-based novelties, other types of novelties such as semantic or
conceptual novelties cannot be simply found based on pattern-based similarities. There
is also the case of meta-novelties, i.e., novelties arising due to presence or absence of
novelties at some object level (e.g., the expectation to see new pictures at an exhibit
when only old known ones are displayed).

Based on the novelty hierarchy, we have some qualitative measures of difficulty
of different types of novelty, e.g., relational novelty involves entities in which the relation
is grounded, hence recognizing relational novelty at the very least requires the
recognition of the involved entities (I cannot determine the relation between two entities
if I cannot recognize them as entities; I might be able to determine the relation without
being able to determine the types of the entities, but at the very least I need to be able
to see them as entities that can be related to each other). For example, consider
“symmetry” and “asymmetry” as properties of relations: It seems that an agent could not
discover/detect the properties of “symmetry or asymmetry” of a relation without being
able to detect the particular relation (e.g., “next to” or “taller than”), which, in turn, would
require it to detect entities that could be in the “next to” or “taller than” relations. Note
that there is a complex interplay based on the agent’s employed ontology and formalism
for representing it that will potentially trade off different ontological categories.

When novelty is detected, an agent might opt to characterize it, i.e., determine
what it is in order to be able to utilize it and possibly better accommodate it (now or in
the future). However, what ontological types are detected or are relevant for an agent
will essentially depend on the agent’s goals, and hence the question arises what we
mean by novelty characterization when it is again a agent-relative and not absolute
notion, one that depends on the agent’s ontology, representational formalism, goals,
and possibly other aspects. For example, consider the tree in Polycraft that only yields
one log (instead of two). From the agent pursuing the Pogostick goal it might be
characterized as a “poor” tree because it only yields one log, whereas from the clean-up
lumberjack agent’s perspective it might be characterized as a “light” tree because only
one log needs to be cleaned up. Or it could be considered a different kind of object, a
shrub, say, which looks identical to a tree. In either case, the new object must have a



property, potentially unobservable to the agent, that distinguishes it from trees according
to Leibniz’ principle of the identity of indiscernibles: “x is identical to y iff for every
property F, object x has F if and only if object y has F” (for otherwise it would be the
same object). Note that as a result of either internal difference (i.e., novelty
characterization relative to the agent’s goals) or external differences (i.e., novelty
characterization to difference in hypothesized types) we get two conceptually different
novelty accounts. Moreover, if the tree yielding only one treelog is perceptually
indistinguishable from other trees yields it could be interpreted as either “tree novelty” –
in this case the tree has a hidden, unobservable property that makes is only produce
one log – or an “chop action novelty”. I.e., the above can also be construed as a
different action outcome of the “chop” action (e.g., and thus as the “chop” affordance of
the tree): what distinguishes two perceptually indiscernible trees is that one yields one
tree log as action outcome of “chop” while the other yields two (the two trees are
identical in all other aspects). Conversely, the “chop” action could be viewed as
non-deterministic on the same tree, sometimes yielding one, other times yielding two
tree logs (e.g., depending on how hard the tree is chopped; maybe the agent does not
have enough control of how it chops trees and small deviations in low-level behavior,
possibly unobservable to the agent, have an effect on the outcome). The action
outcome then also points to the construal of differences in “events”: “one treelog
appearance” event vs. the “two treelog appearance” event. Similarly, the chop action
can be viewed as an interaction with the tree rather than applying an action to an object,
hence “interactions”, too, can be traded off with object affordances, events, object
properties, etc. Even objects themselves could be viewed as “action outcomes” of
“look” actions in context (if I look over there from here I see a tree, i.e., the tree appears
because I looked there from here). Hence, the look action can have different
non-deterministic outcomes.

All of this points to the difficulty of assessing and evaluating novelty
characterizations because even within the same ontological and representational
frameworks the same novelty might receive different characterizations by different
agents. Since novelty characterization depend on the agent’s tasks and goals, the
agent’s ontology, and the agent’s representational repertoire, it is, like novelty itself, as
an agent-relative notion not directly measurable, unless a particular representational
format is explicitly imposed on the agent and the agent has an explicit goal (as part of
its task) to generate novelty characterizations in the specified format. This is important
because external evaluations of novelty characterizations without requiring a shared
vocabulary would have otherwise to resort to behavioral measures and those will likely
have to measure “novelty accommodation” and thus conflate “novelty characterization”
with “novelty accommodation”. If characterization accuracy, or more generally, success
is to be evaluated, it is thus critical to make it made part of the agent’s task and to
require the agent (again as part of the task) to produce the proper representational



description in the prescribed ontology, as otherwise there is no incentive for the agent to
characterize novelty, let alone in the format used for evaluation (for an agent might well
be able to detect novelties and accommodate them, even in cases where proper
accommodation is necessary for task accomplishment, but without ever characterizing
novelties, or characterizing them in any way understandable for human observers). Also
note that novelty characterization may or may not involve learning (e.g., the agent may
be able to describe what is novel about a novel item without storing that description and
using it for its operation).

We need to distinguish “novelty accommodation” from “novelty characterization”
in that accommodation, in the simplest case, does not require “characterization”, just to
deal with novelty in some way (without necessarily attempting or even being able to
characterize it). While “characterization” requires the agent to somehow “understand”
novelty in terms of its conceptual system (i.e., accommodate it at the conceptual level),
“novelty accommodation” in the sense used here only means to be able to deal with it
behaviorally, i.e., work with or around it for the purposes of the agent’s task (of course,
one way to accommodate it is precisely to characterize it).

Detecting novelty does not automatically “accommodate it”, the same way it does
not automatically lead to characterization (e.g., noticing an outlier to a distribution or an
out-of-distribution element does not update the distribution which might be difficult or
itself unknown for certain types of distributions). Whether novelty is, will, or ought to be
accommodated will depend on the agent’s goals (a driving agent with the goal to get to
a location as quickly as possible might notice traffic cones on the street as novel
objects, but might end up treating them simply as obstacles that it needs to avoid
without generating new representations for them or attempting to determine their
properties, functions, etc.). Novelty accommodation, thus, is, just as novelty detection
dependent on the agent’s goals, knowledge, etc. depending on the task, the same
agent might characterize and accommodate the same “novel experience” differently.
Note also that accommodation can happen with and without learning (e.g., avoiding
novel obstacles does not necessarily require the agent to learn new behaviors).

1.3 Core requirements for accounts of novelty
Successful accounts of novelty must, at the very least do the following:

● define novelty as a relation between an agent and an entity: Novelty is not a
property of entities (concrete or abstract), but rather an epistemic relation
between an agent and an entity to whom the entity is or is not novel. The theory
needs to define what it means to be novel for agents by making recourse to their
architecture and the functional capabilities enabled by the architecture (e.g.,
whether there are memories of past experiences that can be retrieved, whether
there are inference processes that can generate patterns, etc.).



● not solely focus on patterns: Whether an agent has seen a particular pattern or
whether it can classify the pattern as belonging to a particular pattern type is
often not relevant for semantic or conceptual novelties which do not depend on
the particulars of patterns so much as they depend on finding the right
interpretation in the right domain (mapping from patterns to concepts).

● define novelty at different levels of abstraction: Especially with novelty that is not
pattern-based (e.g., conceptual novelty that might be expressed in familiar
patterns), it is important to determine the conceptual spaces in which novelties
are detected, where the patterns are a mere means for communication, but not
the domain themselves (e.g., just take any formal theory with countably many
formulas over an uncountable domain).

1.4 Evaluating open-world readiness
Since novelty and thus whether it is being detected by an agent intrinsically depends on
the agent, the question arises how we – as outside observers of the agent – can tell
whether the agent has detected novelty and whether it accommodated it? This is the
same question that arises with our fellow humans because, unlike artificial agents
where in some cases “looking inside” might be possible – it is definitely not possible to
look inside people’s heads (certainly not at present). But if we cannot look inside an
agent, there is no direct way to assess whether it detected novelty, nor whether it
“accommodated” novelty in any meaningful sense of the term; i.e., an agent might
encounter something that “ought” to be novel for it (because the agent has not
encountered that entity, an object say, before), but unless this encounter leads to
behavior that counterfactually would have been different, there is no way for us to tell
whether it detected it or whether it only had the “opportunity” to detect it; the same goes
for accommodation. Of course, we could ask the agent if it can handle questions, but
that presumes that the agent forms a memory of the encounter and that that memory is
accessible to introspection in a way that it can be expressed in a
human-understandable form. As designers of novelty detection and accommodation
evaluation tasks, we need to be careful both in the way we introduce novelties and with
the kinds of novelties we introduce, to allow us to at least determine when an agent has
the “opportunity” to detect novelty; this is the best we can hope for, short of the agent
itself allowing for a conversation about its experiences after the task. An “opportunity to
detect novelty” arises in the case of perceivable objects and actions, say, when the
objects or actions are in the agent’s perceptual range and when the agent either has the
perceptual capability to discriminate them directly or indirectly via context-based
inference; hence, agents that have no way of detecting a particular novelty cannot be
blamed for not discovering it – nothing is ever novel for a lamp. Similarly, whether an
agent truly accommodated novelty and not just accidentally acted in a way that seems
to suggest it did, can only be determined indirectly via the agent’s behavior in a task



where accommodating the novelty is the only way for the agent to succeed; i.e., a task
needs to be designed with a modification in a way that the agent (who has learned to
solve the task without the modification, say), has to detect and accommodate the
novelty in order to solve it.

We should thus design evaluations with the above constraints in mind: first, make
modifications to the task settings that require the agents to detect novelties (i.e.,
aspects that we know the agent was not exposed to because they were not present in
the training/practice setting the agent used to learn the task) and then record novelty
detection opportunities (to the extent that we can) and determine how far in the task the
agent got. Note that we should not use action costs or “shortest solution” as
performance measures for novelty detection and accommodation, for novelty detection
will often mean to become suboptimal, to explore and learn about the novelty without
pursuing the task goals. It
is, of course, possible to compare the agent’s performance to best possible
performance assuming an agent (incidentally) acted optimally (e.g., because it was able
to consult an oracle about what to detect and what to do with it); however, such
baselines are themselves meaningless because such agents are unrealistic, but they
can serve as a yardstick to compare the performance of different agents to each other
(especially when those agents failed at the task, which might be likely depending on the
complexity of the novelties they have to detect and accommodate).

It is also important to keep in mind that, precisely because novelty is an
agent-centric property, what is novel for one agent might not be novel for another agent.
This also applies when we compare human agents (e.g., the designers of artificial
agents evaluating an artificial agent’s ability to handle novelty) to artificial agents. When
we, as agent designers, make statements about something being novel (without
qualifying for whom) there are three interpretations: (1) we believe it is novel for the
artificial agent under consideration based on what we know about the agent and its
operation; (2) we believe it’s novel for any agent placed in particular settings (based on
the properties of the setting which is such that there would have been no opportunity for
any agent to experience or derive the novelty); or (3) the item is novel from our
perspective (and if our perspective is the yardstick as agent designers it it mutatis
mutandum novel for the artificial agent). It is important to not conflate these three
notions. (1) can typically be assessed and potentially be established if the operation of
the agent is clear enough (which might not be the case with self-learning and
self-improving systems such as deep neural networks where internal representations
cannot be clearly isolated and assessed; in that case, it might be necessary to develop
externalized evaluations such as forcing the agent to come up with a known or new
label depending on whether it something is known or novel). (2) needs to be establish
through formal arguments based on precisely characterizing what agents can potentially
know and why the situation will generate something new (e.g., “diagonalizing out” of an



agent’s knowledge can produce something that the agent provably cannot know). (3) is
usually established through reflection on one’s own knowledge and then simply
stipulated about the artificial agent (and might, as a result, be false: a “novel object” in
an image for the human designer might not be “novel” for the artificial agent given its
internal representations of objects).



2. Architectural developments for novelty handling
We introduce the architectural framework with the essential components depicted below
for developing novelty-aware agents:

Through their function and interactions, these components define the agent’s
knowledge repository K, its inference algorithms ⊢, and operate its sensors 𝜁 and
effectors 𝛯. The agent has a DOMAIN INTERFACE component that mediates its
interactions with the environment through the sensors 𝜁 and effectors 𝛯 (this will
typically be itself a set of components for different sensors and effectors but we are not
concerned with those architectural details in this work). Sensory information is
organized into symbolic state descriptions 𝑠∈ S and passed on to other components
for processing, including recognized actions of other actors in the environment.
Additionally, subsymbolic perceptions 𝑋 (e.g. images) acquired by the sensors are also
made available by the DOMAIN INTERFACE. The knowledge base 𝐾𝐵∈ K stores
facts using about the environment as extracted from state description obtained from the
domain interface, as well as the operators available to the agent. The GOAL
MANAGER and TASK PLANNER are the symbolic inference mechanisms of the
architecture. The GOAL MANAGER detects novelty by comparing inferred expected
state descriptions from rules and facts in 𝐾𝐵 to state descriptions obtained through the
DOMAIN INTERFACE. The TASK PLANNER generates plans for the agent to execute
in the environment. The GOAL MANAGER also detects novelty due to plan failure.
Whenever novelty is detected, it is submitted to the 𝐾𝐵 for further inference and
exploration.



The subsymbolic knowledge repository 𝛩∈ K , along with the VISION MODEL and
AGENT MODEL components, make up the probabilistic inference algorithms of the
agent. The VISION MODEL receives subsymbolic state descriptions (e.g., images) and
detects out-of-distribution samples using statistical methods. The AGENT MODEL
receives symbolic state descriptions and, with statistical methods, monitors the behavior
of other actors in the environment to detect when their behavior is inconsistent with the
agent’s expectations. When either component detects novelty, it sends a description of
the novelty to the 𝐾𝐵. The NOVELTY EXPLORATION component is comprised of
symbolic novelty exploration algorithms, as well as a reinforcement learner that can
learn policies to form new executors if necessary. It accepts a description of the novelty
and symbolic state from the 𝐾𝐵. It returns sub-goals to the GOAL MANAGER that aim
to explore the environment or specifications of operators that can be used to aid in
solving task 𝑇 . The operation of these components is described in detail in subsequent
sections.

2.1 Symbolic inference
Symbolic inference is performed by the GOAL MANAGER and TASK PLANNER on
facts and rules from the 𝐾𝐵 to solve task 𝑇 and to detect and characterize novelties .

2.1.1 Knowledge Base
The knowledge base 𝐾𝐵∈ K stores facts about symbolic state descriptions using the
language . It is populated with facts and rules defined a priori and through interaction
with the environment. This may include objects, actors, functions, symbolic state
representations, and a semantic type hierarchy used to describe planning tasks.
During execution, other components in the architecture may assert, retract or query
facts in 𝐾𝐵 to detect novelty, create plans, or store new knowledge. The 𝐾𝐵 is part of the
knowledge repository against which novelties are detected. As a result, when
information about a detected and explored novelty is asserted into 𝐾𝐵, subsequent
encounters with it will no longer be novel for the agent. This is not limited to novelties
detected using symbolic inference, as novelties detected with probabilistic inference are
also eventually expressed in and stored in 𝐾𝐵.

2.1.2. Task Planner
The TASK PLANNER is one of the two symbolic inference mechanisms utilizing the 𝐾𝐵.
Once a desired goal state description 𝑠𝑔 is received from the GOAL MANAGER, the
TASK PLANNER retrieves a planning domain definition 𝛴 (operators, predicates, etc.)
and an initial state description 𝑠0 from the 𝐾𝐵 to form a planning task 𝑇 and searches for
a plan P ⊳ 𝑇 . Whether a plan is found or not, along with the plan itself, is then
submitted to the GOAL MANAGER for further inference and execution.



2.1.3. Goal Manager
The GOAL MANAGER is responsible for managing the agent’s top-level goal(s), which
can consist of multiple concurrent goals, and is responsible for detecting novelties in
symbolic state descriptions. The component submits goals to the TASK PLANNER and
performs inference on state descriptions, a process during which novelties of different
types may arise due to planning failure, execution failure, or unexpected aspects of
state descriptions. Once a novelty is detected, the GOAL MANAGER produces a
description of it and asserts it to the 𝐾𝐵. Depending on the novelty type, the NOVELTY
EXPLORATION component (see Section 2.3) may be invoked. The GOAL M ANAGER
is also the primary component communicating with the DOMAIN INTERFACE.

Prohibitive novelties that prevent task completion. Prohibitive novelties are most often
encountered due to the failure of the TASK PLANNER. For a given goal, the GOAL
MANAGER consults the TASK PLANNER for a plan to execute. If the TASK PLANNER
fails to find a plan for a particular goal, assuming that the goal is achievable based on
the agent’s knowledge, then the failure may be due to an prohibitive novelty.

Obstructive novelties that make task accomplishment harder. Obstructive novelty is
most likely encountered due to plan execution failure. Once a plan sequence has been
generated, the GOAL MANAGER enters an execution phase where it verifies that each
operator’s preconditions are met. In this inference task, the D OMAIN INTERFACE is
consulted to verify that the preconditions 𝜓𝑜 of an operator 𝑜∈ O hold in the current
symbolic description of the environment state. If inference on prior states indicates that
all of the operator’s preconditions 𝜓𝑜 should be met, but they are not in the current
state, this constitutes a novelty. If all preconditions are met, the executor 𝜒𝑜 of the
operator is sent to and executed by the DOMAIN INTERFACE component. The agent
may receive feedback through the DOMAIN INTERFACE component indicating the
success or failure of the executor. In case of failure when success was anticipated, this
again constitutes novelty. Additionally, obstructive novelty may occur even when an
executor succeeds, if its effects are not consistent with the agent’s expectations.

Beneficial and nuisance novelties that either help or distract. Success in the task does
not eliminate the possibility of novelty. The GOAL MANAGER may still encounter
beneficial or nuisance novelties during its inference of the expected state of the world.
If the inferred state does not match the observed state of the world solicited from the
DOMAIN INTERFACE, then that still constitutes a novelty, regardless of its effect on the
task. Otherwise, plan execution continues until all operators in the plan have been
executed.



In all cases where novelty is detected, a symbolic description of it is asserted to 𝐾𝐵 and
sent to the NOVELTY EXPLORATION component, which utilizes different exploration
policies depending on the way novelty is encountered.

2.2. Probabilistic inference
The architecture’s probabilistic inference components are used to detect novelty in the
subsymbolic state representations 𝑋 as well as in statistical relationships between
elements of the state descriptions S. The knowledge repository 𝛩∈ K stores the
agent’s knowledge of these modalities in the form of machine learning model
parameters. The first component for probabilistic inference is VISION MODEL, which
implements a visual novelty detector based on images from the DOMAIN INTERFACE.
The second component of probabilistic inference is an AGENT MODEL that models the
behavior of other actors in the world to detect deviations from their known behaviors If
either module detects model deviations with sufficient confidence, a symbolic
representation of the hypothesized novelty is submitted to the knowledge base for
further inference and exploration.

2.2.1. Vision Model (see also Section 3)
The VISION MODEL is responsible for detecting visual novelty. At every step, the
DOMAIN INTERFACE provides a 2-dimensional color image of the agent’s current view
of the world. The VISION MODEL’s task is to determine whether each new input image
represents a plausible view of the known standard environment, or a different “novel”
distribution. Some authors refer to similar problems as anomaly detection or
out-of-distribution detection (Ruff, Kauffmann, Vandermeulen, Montavon, Samek, Kloft,
Dietterich and Müller, 2021). Visual novelties could include new object types, new agent
appearances, or new backgrounds. Scene composition properties could also change
(sizes, frequencies, relative locations, etc.). To solve the detection problem, our VISION
MODEL takes a deep autoencoder approach, following Abati, Porrello, Calderara and
Cucchiara (2019). Deep autoencoders are often applied to visual novelty detection for
their ability to learn effective representations of data through self-supervision (Pang,
Shen, Cao and Hengel, 2022). The model consists of two component neural networks:
an encoder e𝜙 with weights 𝜙 that maps image 𝑋 to a code vector 𝑧∈ ℝ𝐶 ,
and a decoder d𝜙′ with weights 𝜙′ that maps code vector 𝑧 back to an image 𝑋. After a
model is suitably trained (see below), given a new image X̃, the model assesses
possible novelty via reconstruction error: 𝑟(X̃; 𝜙,𝜙′)=||X̃-𝑑𝜙′ (𝑒𝜙 (X̃))||2, which measures
Euclidean distance between the input and its reconstruction. Intuitively, a well-trained
model should have low reconstruction error for images that represent the normal
environment used for training, while images containing novelty will yield higher error.
The effectiveness of this novelty detection method is determined



by the separability of the normal and novel reconstruction error distributions (Richter
and Roy, 2017). The VISION MODEL can pass the reconstruction error signal directly to
the Symbolic Inference. Naturally, we can also apply a threshold 𝜏 to produce binary
detection decisions, where “novelty” is called if 𝑟(X̃) > 𝜏 and “normal” otherwise. The
value of 𝜏 can be selected on a validation set containing labeled examples of normal
and novel data to maximize a performance metric of interest.

The VISION MODEL can be trained in advance on a dataset of images depicting
the “normal” environment. Given 𝑁 training images, we seek encoder and decoder
weights 𝜙, 𝜙′ that minimize the total reconstruction error: ∑𝑛 𝑟(𝑋𝑛;𝜙,𝜙). This can be
solved via stochastic gradient descent (Abati et al., 2019), and the optimal weights 𝜙, 𝜙
stored within 𝛩 for later processing. If the VISION MODEL detects abnormal images, it
generates a description that is sent to 𝐾𝐵. The description includes an identifier that
allows the 𝐾𝐵 to associate a visually-detected novelty with the state description of the
environment state in which it was observed.

2.2.2. Agent Model (see also Section 4)
The AGENT MODEL is a crucial part of the architecture when operating in multi-agent
environments. It uses probabilistic inference over symbolic state descriptions and is
responsible for maintaining knowledge about other actors. The aim of the AGENT
MODEL is to evaluate whether facts about other agents contained in symbolic state
descriptions are consistent with its knowledge of those agents’ behavior. One major
factor we consider here is the types of other agents.

Behavioral modeling with behavioral cloning. The main approach of the AGENT MODEL
is to model other agents’ behaviors via behavioral cloning (Bain and Sammut, 1995;
Daftry, Bagnell and Hebert, 2016; Argall, Chernova, Veloso and Browning, 2009) which
is an offline reinforcement learning technique that learns policies from a dataset of actor
trajectories. That dataset can be collected from repeated interactions with the
environment and the policies are learned using supervised learning.

Suppose other actors 𝛷 identified in the state descriptions have actor-types in a
set 𝑄, also provided in the state description. For each type 𝑞∈ 𝑄, the AGENT MODEL
learns the policy 𝜋(𝑎|𝑠, 𝑞) of an agent of type 𝑞. It is implemented with a neural network
nn𝜃 (𝑠, 𝑞), which outputs the probability of actions in the action space 𝐴𝑞 of the
agent of type 𝑞. Here the input (𝑠, 𝑞) is represented as a feature vector. If necessary,
other representations such as graphs and text can also be consumed by neural
networks. If complete knowledge of another actor’s state is not known, then a
pseudo-state 𝑠′ can be inferred using knowledge in . Then the model becomes nn𝜃(𝑠′,𝑞)
and the action likelihood can be estimated. The model is trained via supervised learning
using the true actions each actor took at that state (described in symbolic
representations). The resulting model parameters 𝜃 are stored in 𝛩 and used to



evaluate action likelihoods during execution. The exact architecture, hyper-parameters,
training procedure and feature representation is also application dependent and is
discussed in the experiment section.

Unlikely action detection. During operation, the AGENT MODEL uses the learned neural
network to monitor an actor’s behaviors and detect unlikely actions. Our agent may
encounter actors that deviate from their actor-type’s policy. Such an event is
inconsistent with the agent’s in the sense that the actors exhibit behavior that is unlikely
under the actor policies encoded in 𝛩. Such novelty can be detected by evaluating the
likelihood of observed actions using nn𝜃 . Focusing on a single actor of type 𝑞∈ 𝑄 and
its action 𝑎∈ 𝐴𝑞 from a symbolic state description 𝑠∈ , the likelihood under the learned
model is computed by 𝑙 ̂ = nn𝜃 (𝑠, 𝑞). Then, 𝑙̂ is compared to previously encountered
values to decide if 𝑎 deviates from the known distribution. For instance, if nn𝜃 is trained
offline with a dataset of trajectories from the environment, then a portion of the dataset
can be used for validation to set a threshold below which actions are considered
inconsistent with the model for that actor type.

Actor type classification. Using the model nn𝜃, the AGENT MODEL can also classify
actors into the known actor types 𝑄. During operation, a voting scheme over the 𝑄
known actor types is used to classify actors into types using their action likelihoods, see
the algorithm below:

The predicted types can be compared with the types extracted from the symbolic
description to determine if some actors deviate from their actor types. If the the AGENT
MODEL detects novelties due to unexpected actor behavior, it can provide feedback to
the rest of the architecture for accommodation. It produces a symbolic description 𝜈 that
includes the state description in which novelty was detected, any unlikely actions
detected for each actor in the environment and an indicator of the inferred agent-types



using the vote-based classifier, if they deviate from those expected. The novelty
description is submitted to the 𝐾𝐵 and used for accommodation if necessary.

2.3. Novelty Exploration Component
The NOVELTY EXPLORATION component receives symbolic descriptions of novelties
from the GOAL MANAGER and is responsible for generating exploration strategies
depending on the type of novelty encountered. These include heuristic search strategies
on the symbolic descriptions of states (and on failed operators) as well as
knowledge-guided reinforcement learning-based exploration to learn new executors for
existing failed operators.

Knowledge discovery. If the NOVELTY EXPLORATION component receives a novelty
description before the agent attempts to generate a plan, then the type of the novelty
(i.e. how it may impact its ability to solve the task) has not yet been determined. In that
case, a knowledge discovery routine is utilized to gather information about the
encountered novelty. The exploration strategy is dependent on the symbolic description
of the novelty and can involve exploratory subgoals and operators related to the novelty.
If additional information is gathered, it is appended to the symbolic novelty descriptions
and, if necessary, used for additional exploration and recovery. For instance, if a novel
actor is encountered, the NOVELTY EXPLORATION component would submit subgoals
to the GOAL MANAGER that would involve interactions with the novel actor. These
subgoals are generated using the agent’s type hierarchy: known operators applicable to
known actors are used on the novel actor. Such interactions may reveal additional
information about the novelty and aid in further failure recovery depending on the
novelty type.

4.3.1. Failure recovery
The FAILURE RECOVERY component is responsible for deploying recovery strategies
for novelty accommodation and is invoked when novelty causes a planning or execution
failure. Depending on the novelty description it receives, it employs various recovery
strategies to address the particular failure. The left part of the figure below illustrates
the agent’s recovery policies for different failure cases attributed to novelty. Special
attention is paid when novelty is attributed to the effect failure of an operator. The right
part of the figure shows in detail the strategies employed when an operator’s known
effects are inconsistent with the state description after its execution.



Depending on the severity of the failure, the agent employs different recovery
strategies. If the state description is consistent with only a subset of the operator’s
effects (partial effect failure), then the 𝐾𝐵 is updated with the new effects, and the agent
attempts to replan. If instead, none of the operator’s effects are observed (total effect
failure), the agent attempts to discover new operators that may assist it in solving the
task. This process involves hypothesizing new preconditions, a heuristic search over
known operators to uncover unknown effects, and a reinforcement-learning based
exploration methodology that learns new executors for failed operators (see also
Section 5). These strategies may be executed in the order presented, or may be applied
to novelties at any order depending on the domain implementation and novelty
descriptions. Overall the failure recovery policies are general and flexible, as each may
be involved in recovery from multiple novelty types and they can be composed to
recover from complex failures.



3. Visual novelty detection

3.1 New benchmark dataset: NovelCraft
We developed and published (Feeney et al. 2023) a new open-access dataset, which
we call NovelCraft, for assessing novelty detection and accommodation from both visual
and multi-modal observed data. This dataset is built from prerecorded imagery obtained
from an agent exploring the Polycraft POGO environment released by our TA1 partners
at UT-Dallas. This dataset makes visual detection in this challenging open-world
environment accessible to researchers around the globe who want to focus on visual
processing rather than build fully interactive agents.

Example contents of our new multi-modal NovelCraft dataset. Left: Select image
frames from two normal episodes (rows 1-2) and two novel episodes (rows 3-4).
Typical episodes contain 40-60 frames. Detection is challenging as only a few images
in novel episodes actually contain novel objects, here outlined in orange when visible.
Right: Example symbolic information available at each frame. At each frame, we
record a complete JSON representation of the player state and all objects and
artificial agents in the world (x,z,y position in 3D, orientation, etc.). This includes
objects outside the player’s view recorded in images.

Our NovelCraft dataset addresses the program goal of principled characterization
and detection. It contains imagery of an open world scene in a MineCraft-like world
from the perspective of an agent attempting to complete a task (build a pogo stick). The



movement of the agent ensures that novelties are depicted from a variety of
perspectives. Our data is grouped into episodes, where each episode is one attempt at
the task by the agent. Within each episode, the open world scene is consistent and
evolving over time, with sensory information captured at each step of the agent
completing the task. Thus computer vision models can be tested on data representative
of an integrated AI system operating in an open world without having to spend time and
computational resources rerunning the environment and agent. Labels are provided for
each episode denoting whether there is novelty and what the novelty is. This enables
evaluations to measure novelty detection performance and the ability of models to infer
novel concepts.

This dataset should substantially improve evaluation practices in the research
community compared to what is currently done in the status quo. Most existing methods
for novelty detection are evaluated on datasets like CIFAR-10 and ImageNet, which
were originally intended for supervised classification of visual object types. However,
these datasets tend to be object-focused and do not have images representative of
open world scenes, where novelties may not be large, centered, or fully visible in the
images. Some recent works, like the Common Objects in Context (COCO-2014)
dataset, have developed datasets that depict complex visual scenes similar to open
worlds. These datasets include only one image per scene, which limits their applicability
to an AI system operating in a consistent open world scene over time.

3.2 Evaluation of Detection on NovelCraft
In the NovelCraft paper (Feeney et al. 2023), we evaluate visual, symbolic, and
multimodal models’ ability to algorithmically detect novelties during an episode. Visual
models are provided with image data, symbolic models are provided with JSON data
representing the state of the world, and multimodal models ensemble the outputs of
each of those models. The symbolic model detects novelty by extrapolating from
previous world states, so we test the model when given a sequence of 2 or 5 previous
states to extrapolate from.

Table 1 (from Feeney et al 2023): Episodic novelty detection performance (higher is



better for all but delay) on test episodes where the novelty is detectable by both visual
and symbolic methods. Multimodal models perform better than either visual-alone or
symbolic-alone models.

Overall, we find that multimodal ensembles that combining algorithmic novelty detection
techniques from both vision and symbolic data types tend to reach the highest level of
performance, especially in “area-under-the-curve” metrics. This arises from an
ensemble’s ability to take advantage of visual and symbolic methods’ differing
performance on novelties at different levels of abstraction. We further find that models
with more context perform better (5 step is recommended over 2 step).

Another key takeaway from our work is that different methods may be
recommended depending on whether false positives or false negatives are more
important to minimize. Looking at detector performance in the true positive rate (TPR)
equals 95% regime represents the case where finding all novelties is most important
(prioritizing models that avoid false negatives). The multimodal 5-step model performs
the best, with the visual model getting similar performance while slightly reducing the
number of frames in an episode before the novelty is detected (delay). Looking at the
regime when positive predictive value (PPV, aka precision) equals 95% represents the
case where being confident that a predicted novelty is really novel is most important
(prioritizing models that reduce false positives). The multimodal 5-step model provides
the best overall performance, but the symbolic and multimodal 2-step model can better
identify normal episodes though at the expense of novel episodes.

3.3 Evaluation of novelty characterization on NovelCraft
Moving beyond simple visual novelty detection, we investigated generalized category
discovery (GCD) is a task that provides a principled approach to characterization of
visual novelties. GCD assumes a set of normal data labeled with examples of different
classes. Given a set of unlabeled data, some of which may be novel, GCD aims to
group the unlabeled data into both the normal classes and new novel classes. In the
context of an integrated AI in an open world environment, the goal of GCD is to
determine whether incoming data is from a normal environment, a novel environment
that has been seen before, or a novel environment that is new to the agent.

When evaluating GCD methods on NovelCraft (Feeney et al. 2023), we found
that current GCD models need to be made more robust to class imbalance to be
suitable for an open world environment setting. Our experiments utilized a long tailed
class frequency distribution, which assumes that there are a few normal classes with
lots of data and a mix of normal and novel classes with significantly less data. The
model’s strong performance on normal data, listed as labeled in the table, can be
attributed to successfully recognizing data from normal classes with lots of data.



Although some of the less frequent classes are successfully clustered, future work is
needed to achieve this result consistently and raise the accuracy for novel, listed as
new in the table, data.

3.4 Integration of vision into DIARC agent
To provide algorithmic novelty detection for our team’s integrated AI system, DIARC, we
provided a visual autoencoder novelty detection model. Our experiments found that
autoencoders perform surprisingly well in open world settings, being more robust and
outperforming state of the art novelty detection models for object-focused datasets.
Autoencoders also perform well under a variety of thresholding regimes, making the model
flexible enough to be quickly adjusted to satisfy the needs of our agent development team.

Our TA1 partner from UT-Dallas generously provided an evaluation of our visual novelty
detection module on the subset of their novelties that include new, visually distinct objects in the
environment. This includes novelties such as trees with different colored bark or new fence
objects. Novelties that vary visual stimuli seen in the normal environment, such as trees
producing more logs when broken without changes to the tree or log visuals, are not included.
This evaluation also disabled the agent team’s novelty detection system in order to evaluate the
visual novelty detection module in isolation. However, the agent is still informed by the visual
novelty detection module in order to determine when exploration of the environment is
necessary.

method M1: Fn_CDT M2: CDT% M2.1: FP%

Patch AE @ 36 mo 6.70 27.8% 58.3%

Patch AE @ 42 mo 3.44 56.6% 34.1%

Table: Progress of our vision-only agent at novelty detection on Polycraft via a
third-party evaluation by TA1, in terms of SAILON metrics. First row represents the
agent at 36 months, final row represents our performance after 42 months.

Our initial evaluation at 36 months revealed two weaknesses of the visual novelty detection
module. First, we found that our validation set of novelties provided by UTD was significantly
less challenging than the novelties UTD tested us on. This led us to more aggressively reduce
the number of false positives when choosing a threshold for our model. Second, we found that
the novelties we performed worst on were very different from the novelties in our validation set.
Increasing the variety of novelties in our validation set through further data collection allowed us
to more accurately predict how the model would generalize to UTD’s evaluation. Our final
evaluation showed significant improvement and suggests that our vision module complements
the DIARC agent’s other novelty detection modules moving forward.



4. Agent novelty detection and accommodation
We developed new machine learning algorithms to detect novelties encountered by the
agent. In particular, we have innovated models for detecting novelties in the i.i.d. and
time series settings. We also have investigated methods to update classifiers in a
gradient-free fashion.

4.1 GAN ensemble for novelty detection
In our work of detecting novelties, we innovated Generative Adversarial Networks
(GANs) to detect novelties more accurately. GANs are powerful models for detecting
novelties in the data, however, they are hard to train: the training procedure of a GAN
model is a min-max problem, whose optimal
solutions are hard to reach. In the novelty
detection task, the discriminator is usually
used to compute representations to
distinguish normal examples and novel ones.
If the discriminator is not well trained, then its
ability in detecting novelties is compromised.

We addressed this problem by using
an ensemble of generators and
discriminators in the GAN model to greatly
improve the model performance over
previous GAN-based novelty detection
models. In our work, we used multiple
discriminators and generators in the GAN
for novelty detection. In our ensemble model, a generative model was an auto-encoder:
it perturbed a normal example to generate a “fake” example. Each discriminator
received “fake” samples from multiple generators, and the discriminator was trained to
distinguish these fake examples from normal examples. Therefore, all these samples
provide better profiling of normal examples, and thus a discriminator’s ability in
detecting novel instances is enhanced. To further improve the detection performance,
we also concatenate learned representations from all discriminators to enrich the
information.

We have conducted an extensive empirical study of the proposed model.
Compared with a previous GAN model, the representations from a GAN ensemble
better distinguished abnormal examples from normal ones. We tested our model on
several novelty-detection tasks, and the proposed model significantly outperformed
previous GAN-based detection models.



4.2 Novelty detection in time series
The detection of novelties also needs to consider the context of the data. This is
especially true in the tasks of detecting novelties from time series data. For example, a
hot day is normal, a hot day after a cold day with freezing temperature is not normal.
Therefore, a novelty detection model needs to be able to model the relationship
between data entries.

In this part of the work, we devised a new novelty detection model that was able to
model both temporal relationships and relationships between feature entries each time
step. To capture the temporal relationship, we used an autoregressive predictive model.
To capture relationships between feature entries, we proposed a new asked training
strategy. In each step, we masked out some data entries and let the model predict these
masked entries based on other data entries and previous steps. With the new training
strategy, the model had an enhanced ability to capture relationships between data
entries in the current time step. It also captured the relationship between data in the
time step and data from previous time steps through the autoregressive model. We
further developed a transformer-based neural network as an autoregressive predictive
model. This new model had stronger abilities to learn from the data than recurrent
neural networks.

We tested this model on Polycraft and Monopoly tasks. Our experiments
indicated that the strategy of masked training does improve the performance of novelty
detection.

4.3 Fast adaptation after detecting novelties
Once a model detects a novel object, it should be updated to remember the object and
not detect it as a novelty in the future. Ideally, the model update should be fast and need
little training, instead of running further optimization iterations to learn new concepts.
Learning new concepts has been studied in the field of continual learning. However, the



focus of the research in this field is to avoid forgetting previously learned concepts, and
it rarely concerns the computation issue.

In this part of the work, we devised a learning model that was updated without
gradient-based optimization. It combines the strength of neural networks and
K-nearest-neighbor classifiers (KNN). We used a neural network as a flexible feature
extractor and did not need to update it in new tasks because representation learning

could be done on the training set. We used a KNN classifier as a classification head
because it requires little computation to update the classifier: we only needed to add
representations of a few new examples. When an example of a seen novelty type was
fed to the classifier, it gets its representation from the neural network and then is
classified by the KNN into the known novelty type. Compared to a pure neural model,
which needs expensive computations to get updated, our model has a clear advantage
of low cost in model updates.

We tested our model in a series of benchmark tasks and showed that our model
has the ability to adapt to new classification tasks.



5. Inference-based novelty detection
The main methodology that was used in novelty detection was having two modules, one
for detecting novelty with respect to the environment and another with respect to the
agent which we use both in Monopoly and Polycraft, even though the details of the
detection were different given the differences in the tasks and settings (e.g.,
observability, stochasticity, etc.). The first covered the environment and event novelties
in M42 and the second covered the goal novelties in M42. For the first we developed
an accurate simulation of how the environment would change in a normal situation and
compared that with the observation about the environment. When there was a
difference between our expectation based on the simulation with our observation,
novelties were detected. For the second, we developed a simulation of the normal agent
behavior and compared that with the observation about the agent. When there was a
difference – beyond a well-designed threshold – between our expectation based on the
simulation with our observation, novelties were detected.

For novelty characterization, we first detected if it was an agent related novelty
(such as a goal novelty) or not; if not then if an environment related novelty was
detected, then we analyzed the difference between the environment expected and the
environment observed and based on that made the characterization of whether it was
an environment novelty or an event novelty,

For novelty accommodation we used a two stage MCTS (Monte Carlo Tree
Simulation) rollout method (to be described in Section 7).

5.1 ASP-based novelty detection
Our ASP novelty detection component for Monopoly is an inference-based novelty
detection module where we perform simulations based on the environment states and
actions (we used a similar module for Polycraft as well). Specifically, given the current
game board state, a sequence of actions, and a ground truth next game board state, we
infer the next state by executing actions on the current state with ASP. If the inferred
next state deviates from the ground truth next state, our ASP novelty detection module
will report novelty. The intuition is that if there is any novelty during inference, for
example, a new sell factor or a new color for a property, the inferred next state using the
current knowledge will deviate from the ground truth next state. Advantages of using
ASP simulator to perform inference include that ASP rules can be automatically
generated from PDDL descriptions in any action domain, and a large varieties of
novelties can be covered without caring too much about what those novelties are and
their novelty hierarchy since we only care about whether deviation exists. Below we first
give a glimpse of how ASP can be used for reasoning about the next state and how that
code can be minimally modified to infer a novelty. In the Monopoly game, to reason



about the next state, the ASP code will first define the game parameters through facts
such as the following:

dice_value(1..6).
player(player1;player2).
cash(1..1000).
asset("B&O_Railroad").
penalty(50).

Then rules of the following form are used to define actions and fluents.

action(sell_property(P,X)) :- player(P), asset(X).
fluent(asset_owned(P,V)) :- player(P), asset(V).

Properties of actions, such as their pre-conditions, and their effects are defined using
rules of the following kind:

%Executability of selling assets
:- occurs(sell_property(P,V), T), player(P),
asset(V), time(T), not holds(asset_owned(P,V),T).

%Effect of selling assets
not_holds(asset_owned(P,V),T+1)
holds(asset_owned(P,V),T),
occurs(sell_property(P,V),T),
player(P), asset(V),time(T).

not_holds(asset_mortgaged(P,V),T+1) :- holds(asset_owned(P,V),T),
occurs(sell_property(P,V), T),
player(P), asset(V), time(T).

holds(current_cash(P,X+Y),T+1) :- holds(current_cash(P,X),T),
occurs(sell_property(P,V),T),
not holds(asset_mortgaged(P,V),T),
asset_price(V,Y), player(P), asset(V), time(T).

not_holds(current_cash(P,X),T+1) :- holds(current_cash(P,X),T),
occurs(sell_property(P,V),T),



not holds(asset_mortgaged(P,V),T),
asset_price(V,Y), player(P), asset(V), time(T).

holds(current_cash(P,X+Y),T+1) :- holds(current_cash(P,X),T),
occurs(sell_property(P,V),T),
holds(asset_mortgaged(P,V),T),
asset_m_price(V,Y), player(P), asset(V), time(T).

not_holds(current_cash(P,X),T+1) :- holds(current_cash(P,X),T),
occurs(sell_property(P,V),T),
holds(asset_mortgaged(P,V),T),
asset_m_price(V,Y), player(P), asset(V), time(T).

%Executability of paying jail fine
:- occurs(pay_jail_fine(P), T), player(P), time(T),
not holds(in_jail(P), T).

:- occurs(pay_jail_fine(P), T), player(P), time(T),
not holds(current_cash(P, _), T).

:- occurs(pay_jail_fine(P), T), player(P), time(T),
holds(current_cash(P,X),T), X < 50.

%Effect of paying jail fine
not_holds(in_jail(P), T+1) :- holds(in_jail(P), T),
occurs(pay_jail_fine(P), T),
player(P), time(T).

not_holds(current_cash(P, X), T+1) :- holds(current_cash(P,X),T), holds(in_jail(P),
T), occurs(pay_jail_fine(P), T), player(P), time(T).

holds(current_cash(P, X-50), T+1) :-holds(current_cash(P,X),T), holds(in_jail(P),
T), occurs(pay_jail_fine(P), T), player(P), time(T).

The inertia rules are expressed as follows:

holds(F,T+1) :-



fluent(F), holds(F,T),
not not_holds(F,T+1), time(T).
not_holds(F,T+1) :- fluent(F), not_holds(F,T),
not holds(F,T+1), time(T).

The initial state is defined using holds facts with respect to time point 0 such as:

holds(in_jail(player1), 0).
holds(current_cash(player1,500),0).

An action occurrence at time point 0 is then defined as a fact in the following form.

occurs(pay_jail_fine(player1),0).

Now when a complete ASP program with rules and facts of the above kind is run, we
get an answer set from which we can determine the state of the world at time point 1.
Suppose that the answer set has the facts:

holds(in_jail(player1), 0).
occurs(pay_jail_fine(player1),0).
holds(current_cash(player1,500),0).
holds(current_cash(player1,450),1).
while our next observation gives us:
obs(current_cash(player1,477),1).

The discrepancy between our prediction about player1’s current_cash being 500 (at
time point 1) is different from our observation that player1’s current_cash is 477. This
suggests there is a novelty. This can be determined by the following two simple rules.

discrepancy(F,T) :- fluent(F), time(T),
holds(F,T), not observed(F,T).
discrepancy(F,T) :- fluent(F), time(T),
not holds(F,T), observed(F,T).

While the above could have been implemented in any language, including in the
simulator language, which we also implemented in Python, having it in ASP, makes it
easier for us to take the next step, which is to find out what the novelty is. In ASP, we
have to modify the above ASP code by adding the following and removing “penalty(50)”
(referring to the jail fine in the Monopoly game) from the original code.



oneto200(1..500).
1 { penalty(X) : oneto200(X)} 1. %choice rule
:- obs(current_cash(P,X),1),
holds(current_cash(P,Y),1), X!=Y, player(P).

In the above, the first fact and the choice rule defines the range of penalty that we are
exploring. If we had just those two rules, we would get multiple answer sets with a
penalty ranging from 1 to 500. The constraint (the last ASP rule) then eliminates all the
answer sets where the observation about current_cash does not match with the holds.
In the answer set that remains, we get the penalty value that would make the
observation match with the holds, thus allowing us to figure out the novelty with respect
to the penalty. In this particular case, the program will have the answer set with
“penalty(23)" thus characterizing the novelty that the penalty is now 23. The agent uses
a novelty identification module to characterize the novelty. This module has several
sub-modules (which can be run in parallel), each focused on determining a specific
novelty type. We add two modifications that are used for hypothetical reasoning about
the effect of an action. The first modification allows the ASP module to replace
parameters with constant values by choice values. For the second modification,
constraints are added to remove answer sets where the predicted game board state
does not match the observed game board state. The resulting answer sets give us the
parameter values which reconcile the predicted game board state and the observed
game board state. Now we can update our ASP code that was used for hypothetical
reasoning by simply replacing the earlier value of the parameter with the new value.

We illustrate the novelty characterization process using ASP as follows. For an
action whose effects or preconditions are changed to cause a novelty, to detect the
changed preconditions, ASP rules can be written to enumerate the various possible
preconditions, and then constraints would be written to pick the right precondition, and
similarly for effects. An ASP sample code snippet (in Clingo) to discover effects is as
follows:

not_holds(f,0).
0 { causes(a,f); causes(a,neg(f)) } 1.
holds(F, T+1) :- occurs(A,T), causes(A,F).
occurs(a,0).
:- not holds(f,1).
#show causes/2.



Here knowing 𝑓 is not true at 0, and observing an occurred at time step 0, and 𝑓 is true at
time step 1, one can use the above code to infer “𝑐𝑎𝑢𝑠𝑒𝑠(𝑎, 𝑓 )”. An ASP sample code
snippet to discover preconditions is given below. Using that, one can infer

“prec(a,neg(p))”.
0 { prec(a,p); prec(a,neg(p)) } 1.
1 { holds(p,0) ; not_holds(p,0) } 1.
fails(A,T) :- prec(A,F), time(T), fluent(F),
not holds(F,T).
fails(A,T) :- prec(A,neg(F)), time(T), fluent(F),
not not_holds(F,T).
:- not holds(p,0). %observed that p was initially true
:- not fails(a,0). %observed that a failed in time 0
#show prec/2.

The ASP enumerate, and test-based modules were very good at detecting small
changes; they not only detected a novelty but often predicted the exact novelty, e.g.,
some novelties, such as rent price change, can be easily detected and characterized.

5.2 Natural language author-attribution domain
Novelty detection and accommodation in the natural language domain was one of the
domains that we had proposed in our original proposal. In the first phase of SAIL-ON we
did not have an external TA1 team that would generate challenges for our TA2 effort.
When a TA1 team developed an NL challenge on “author attribution” in Phase 2 of the
SAIL-ON program, we were the only TA2 team that worked on it but ceased work as the
TA1 team dropped out in Phase 3. Our M30 results are shown below:



While the PAR-UIC team did not officially continue for the third phase. However, we
continued working with them informally which resulted in the following paper.

1. Neeraj Varshney, Himanshu Gupta, Eric Robertson, Bing Liu and Chitta Baral. A
Unified Evaluation Framework for Novelty Detection and Accommodation in NLP
with an Instantiation in Authorship Attribution. Findings of ACL 2023.
https://arxiv.org/pdf/2305.05079.pdf

The main contribution of this paper was a unified evaluation framework for Novelty
Detection and Accommodation in NLP.

https://arxiv.org/pdf/2305.05079.pdf


The above figure illustrates our multi-stage pipelined formulation of NoveltyTask. Initially,
examples of a set of K labels (‘known labels’) are provided for training a classification
system. The first evaluation stage i.e. the ‘novelty detection’ stage consists of evaluation
instances from the K known labels and ‘N’ novel labels. For each instance, the system
needs to either classify it to one of the K known classes or report it as novel (not from
any of the K known classes) i.e. the system is evaluated on a (K + 1) class classification
problem. This stage is followed by a Feedback phase in which the ground truth label of
the novel instances that the system correctly reports as novel is revealed. The system
then needs to leverage these new examples (of the novel labels) for the second
evaluation stage (novelty accommodation) in which it is evaluated on a (K + N) class
classification problem.

5.2.1 Natural Language Domain (independent of an external TA1
evaluation):
Novelty detection and accommodation in the natural language domain was one of the
domains that we had proposed in our original proposal. In the first phase of SAIL-ON we
did not have an external TA1 team that would generate challenges for our TA2 effort.
Nevertheless, we worked on it on our own and this led to the following papers:

2. Neeraj Varshney, Swaroop Mishra, Chitta Baral. Investigating Selective
Prediction Approaches Across Several Tasks in IID, OOD, and Adversarial
Settings. Findings of ACL 2022.
https://aclanthology.org/2022.findings-acl.158.pdf

3. Neeraj Varshney, Swaroop Mishra, Chitta Baral. Towards Improving Selective
Prediction Ability of NLP Systems. ACL 2022 RepL4NLP Workshop.
https://arxiv.org/pdf/2008.09371.pdf

Without external evaluation we followed the existing terminology used in the NLP
domain. For example, we modeled the notion of “novelty detection” in terms of
“selective prediction”. The idea behind is that when a novelty is detected the model
being not sure of its ability to predict accurately would decline to predict; thus the term
“selective prediction”. We studied this in the above two papers with respect to 17
datasets across multiple NLP tasks such as Natural Language Inference (NLI),
Duplicate Detection, and QA tasks and under In-Domain (IID),Out-Of-Domain (OOD),
and Adversarial (ADV) settings.

We then studied novelty accommodation in two ways. Initially we studied OOD
generalization methods in NLI, Question Answering and Image Classification tasks in
the following paper.

https://aclanthology.org/2022.findings-acl.158.pdf
https://arxiv.org/pdf/2008.09371.pdf


4. Tejas Gokhale, Swaroop Mishra, Man Luo, Bhavdeep Singh Sachdeva, Chitta
Baral. Generalized but not Robust? Understanding the Effects of Out-of-Domain
Generalization Methods. Findings of ACL 2022.
https://aclanthology.org/2022.findings-acl.213.pdf

We then explored novelty accommodation, which we referred to as “Post-Abstention”,
that allows re-attempting the abstained instances with the aim of increasing coverage of
the system without significantly sacrificing its accuracy. We provided a mathematical
formulation of this task and then explored several methods to solve it. Comprehensive
experiments on 11 QA datasets showed that these methods lead to considerable risk
improvements–performance metric of the Post-Abstention task– both in the in-domain
and the out-of-domain settings. Our paper on this is accepted in ACL 2023.

5. Neeraj Varshney and Chitta Baral. Post-Abstention: Towards Reliably
Re-Attempting the Abstained Instances in QA. ACL 2023.
https://arxiv.org/pdf/2305.01812.pdf

5.2.2 Vision-language domain (independent of an external TA1 evaluation):
We also worked on developing robust methods in various vision-language tasks. These
methods are useful in novelty accommodation. Following are two papers of ours on this.

6. Tejas Gokhale, Abhishek Chaudhary, Pratyay Banerjee, Chitta Baral, Yezhou
Yang. Semantically Distributed Robust Optimization for Vision-and-Language
Inference. Findings of ACL 2022.

7. Tejas Gokhale, Rushil Anirudh, Bhavya Kailkhura, Jayaraman J. Thiagarajan,
Chitta Baral and Yezhou Yang. Attribute-Guided Adversarial Training for
Robustness to Natural Perturbations. AAAI 2021.

https://aclanthology.org/2022.findings-acl.213.pdf
https://arxiv.org/pdf/2305.01812.pdf


6. Hybrid planning reinforcement learning for novelty
accommodation
We developed several novel algorithms that would allow us to handle novelties we
could not easily detect or characterize based on a novel hybrid planning
reinforcement learning (RL) framework, initially the SPOTTER algorithms and later a
specialization and refinement with the RapiLearn algorithms, and also the biplex
planning framework. The idea is that the planner should plan for discoveries and if it
does not have any operators that apply in a world changed by the introduction of a
novelty, it needs to make a discovery to find out what has changed. As described in
Section 2, we had developed an elaborate framework for handling unexpected
changes and events that includes characterizing them and recovering from them.
But sometimes it was not possible to determine how to get past an impasse, in which
case the hybrid framework resorted to different types of RL algorithms to detect
possible actions that could lead again to plannable states from which the planner
could find a path to the goal state. In particular, when facing a prohibitive novelty that
results in the failure of execution of known actions, the agent can still use its domain
knowledge as well as any observations it made about the failure to formulate an RL
problem on-the-fly and try to reach a state from which it can recover. We extended
the framework from a tabular representation to rich and continuous sub-symbolic
spaces that require function approximation to learn successful policies. To evaluate
the proposed methods, we developed NovelGridWorlds, a 2D environment designed
to mimic the Polycraft environment that our agent was tested on throughout the
program. The NovelGridWorlds environment contains versions of all tasks used in the
evaluation but it also features simpler crafting and navigation problems.

6.1 The NovelGridWorlds environment for benchmarking
novelty-aware agents
We developed “NovelGridworlds”, an OpenAI Gym
environment framework for developing and evaluating
AI agents that can detect and adapt to unknown sudden
novelties in their environments. The environment was
designed to mimic the Polycraft domain at the
gridworld-level representation of the domain, an
example visualization of a simple 2D world is seen on
the figure to the right. The environment was originally
designed so that we can perform internal evaluation of
our across a wide-spectrum of novelties. The
environment also provides an interface for specifying a variety of tasks in addition to the
main task used in the Polycraft environment, allowing us to test our agent on crafting



tasks that are simpler as well as more complex compared to the original pogo stick
crafting domain.

The environment affords an easy to use interface for implementing novelties
according to the custom-designed hierarchy shown to the right. This interface allows the
user to specify novelties that affect objects, actions, and their attributes. For example,
one of the novelties consists of a novel action called “jump”, allowing the agent to move
faster and hop over obstacles. Another action novelty is that of action remapping, where
the control outputs of the agent are “scrambled” to call different actions as compared to
the pre-novelty scenarios. A novelty may affect actions, objects, and attributes at the
same time – e.g., the “ax to break” novelty is implemented as a novel action, performed
with a novel object, resulting in a novel affordance.

The environment also affords multiple types of sub-symbolic representation of the
world which are often used by the research community for evaluating
reinforcement-learning algorithms. These representations include image-based
top-down views of the world for use by CNNs, as well local-view, LiDAR-like
representations which mimic a physical robot’s partial observation of the world. The
environment was used for evaluating our RaPID-learn framework and algorithm for
knowledge-guided RL, where an agent formulates an RL problem on-the-fly when it
faces a novelty that breaks down its solution based on the pre-novelty domain
knowledge, shown in the figure below.

In September of 2022, the environment was cloned into NovelGridWorld 2.0 and
extended as follows:

1. The 2.0 version supports multiple-agents that include a competitor crafting agent
as well as agents that can be used to trade items with.

2. The new environment supports the notion of partial-observability at the symbolic
level; it can include multiple rooms as well as objects (e.g., a “safe”) that may
contain items that are unseen until interacted with.



3. The 2.0 version also provides a code-free interface for specifying certain classes
of novelties, in addition to the code-based interface which requires the user to
specify the novelty in Python code.

Some example worlds generated with NovelGridWorlds 2.0 are seen below:

The environment will be submitted as a paper to the 2024 AAAI Conference.

6.2 The hybrid planning reinforcement-learning framework
When prohibitive or obstructive novelties are attributed to operator failure, the agent
needs to discover new operators that may allow it to solve the task.

Precondition discovery. The first strategy to discover new operators involves
precondition exploration. For a given failed operator 𝑜∈ O with preconditions 𝜓𝑜 , a
new operator 𝑜′ is constructed with the same effects and executor as 𝑜 but with a new
set of preconditions. The new preconditions 𝜓𝑜′ are constructed using a priority-based
order of all possible preconditions encountered in O. The preconditions are added to 𝜓𝑜′
one by one, and goals are submitted to
the GOAL MANAGER to satisfy them and attempt the new operator 𝑜′ . If the operator
succeeds, the broken operator 𝑜 is replaced with this new operator 𝑜𝑖 and added to 𝐾𝐵.

Operator variations. If the precondition discovery fails to produce a working operator,
the agent actively searches for known operators with unknown effects. This process is
guided by the agent’s type hierarchy and has two phases. In the first phase, the agent
attempts (compatible) operators with the same parameters as the failed one, and in the
second phase, prioritizes operators that act on different parameters of the same type as
the failed operator. If any operator produces unexpected effects, a new operator 𝑜′ is
added to 𝐾𝐵, and the agent re-plans. For instance, consider a scenario where traders
are no longer available to interact. In this scenario, when the interact operator fails. The



agent may attempt to interact with the pogoist as it belongs to the same type as the
traders. If both precondition discovery and operator variations fail to produce an
operator that enables a successful plan, then the agent attempts to learn a new
executor for the failed operator using knowledge-guided reinforcement learning.

Due to the exponentially large search space of precondition discovery and
operator variations, the agent cannot exhaustively search that space. After expending
some effort in those directions to no avail, a more intelligent search strategy is
employed to create a new executor for the failed operator. That way, the agent can
discover ways to achieve a desired effect that would assist it in solving the task. The
executor learning component employs RL with a reward function encoding the failed
operator’s desired effects. A new operator is then created with preconditions derived
from the state description where the failure occurred and effects identical to the failed
operator. The learned policy is used as the new operator’s executor, and the agent can
use it to reach a state from which it can plan and complete the task. The proposed
algorithm called RAPid-learn uses knowledge-guided exploration informed by the
novelty. The component receives symbolic state descriptions 𝑠∈ S and novelty
descriptions from the goal manager and temporarily guides the agent’s behavior to
explore the environment.

The procedure for learning a new executor is described in Algorithm 2.

Knowledge-guided exploration of novelties. An important feature of the executor learner
is its knowledge-guided exploration strategy. Using a description of novelties , the
exploration strategy of the RL learner is biased towards states and actions that are
related to the novelty. For instance, if the presence of a novel object is detected in the
environment, the RL learner may be encouraged to explore actions on that object. The
knowledge-guided exploration



improves the efficiency of exploration and makes the plan recovery process easier.
Once a new policy 𝜋𝜇𝑜 for the executor 𝜒𝑜 is learned, the resulting operator is stored in
the 𝐾𝐵. The parameters of the policy 𝜇 are stored in and retrieved when 𝜒𝑜 is executed.

7. Multi-player novelty detection and accommodation
For multi-player novelty detection, characterization and accommodation we used
Monopoly as the main task which is a multi-player adversarial board game with up to
four players. For the SAIL-ON program evaluation, agents were tested with one novelty
injected per trial, where each trial is 100 games of Monopoly. The novelty could be
added in any one of the 100 games and persists for the remaining games. The novelty
could be changing the number of properties in a set required for Monopoly, the rent of a
property after building a hotel on it, the order of properties on the board and such. The
set of possible novelties is not shared with us by the evaluation/test team, and so it is
left to us to make the agent as robust and adaptable to novelties as possible.

We developed the novelty accommodation component as a policy controlled by a
state-value function. The value of a state is primarily determined by the expected short
and long term reward obtained from that state. Typically, approaches that use a value
function for game-playing agents – like Monte Carlo Tree Search – either simulate
trajectories to the end and backpropagate the terminal state value to compute the
starting state’s value, or they use a limited lookahead with an evaluation function that
captures the value of the rest of the trajectory. We use the simplest form of the
limited-lookahead approach where we just lookahead by one-step and then evaluate the
next state by approximating the expected short and long term returns that would result
by taking the action. The reason for planning with a one-step lookahead was that in the
game of Monopoly, a single roll of the die, or a chance card, or an adversary’s decision
could change the entire value of a state. So to compute the value of a state accurately
with simulated actions, requires considering a very large set of branches from an
extremely wide and deep tree that includes many possible combinations of dice rolls,
combination of player decisions, auction bids, and more. It should be noted that each
turn of a player also includes what are called out-of-turn moves by other players, which
further increases the branching factor of the search tree.

If one had a very accurate mental model of adversaries, the possible branches of
the search tree might become more manageable. Additionally, pre-training a large
neural network for state evaluation is not viable since our agent would have to handle
novelties or modifications to the game (the space of which we did not know). Lastly, the
evaluators impose a max time limit of 3 hours per full-game, so simulating enough
MCTS rollouts for each action did not seem feasible. Rather than requiring an accurate
and complete model to rollout and evaluate each state, we consider long-term
consequences with simplifying assumptions (to be described below). The state value
includes the current monetary value of possessions, potential short and long term gains,
as well as the future benefit of monopolized properties. Importantly, the evaluation
function is largely parameterized with game attributes (that can change) and has few
tuned constants; this helps make it robust to game variations. We will first go over the



evaluation function. We will then provide some examples of the state attributes that are
tracked and updated in V(s) to accommodate for novelty.

The value of a state should consider the current (monetary) value of owned
properties as well as the potential for future earning as possible future rewards. Thus,
the evaluation function we propose is a linear combination of four terms i.e., V(s) =
Massets+ Rs+ Rl+ Mmonopoly. Each of these terms is described below:

Massets: Property value of all the agent’s assets that are not currently mortgaged. Each
property can be mortgaged with the bank for cash. We can buy back the property from
the bank for the mortgaged amount plus interest on the mortgage.

Rs: short term expected gain in funds computed as the difference between expected
rent the agent will get for the properties that it owns in state s and the expected rent it
would owe to other players based on current ownership of properties over the next k
turns. The expectations are computed over the probabilities of each player landing in a
particular position in the next k turns. This is akin to a rollout with the strong relaxation
(assumption) that no more properties will be bought or developed. To be specific, let G
be the set of all agents, g1 be our agent, P(g) denote the properties owned by agent g,
r(p) denote the rent of property p, and P r(g, p, k) denote the probability that an agent g
will land on a property p in the kth turn from state s, then Rs is
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Rl: the expected long term change in funds. The computation for this term is similar to
Rs, except that the probability of an agent landing on a property is assumed to be
uniform over all properties. Note that the long term gain is calculated for k full
loops/passes around the board (not turns). The value of k for both Rs and Rl was taken
as 5.

Mmonopoly: A monopoly gain term is computed to incorporate the monetary benefit our
agent would get for monopolizing and improving all properties of the same color. The
purpose of this term is to drive our agent towards taking actions that would let it gain a
monopoly on a color and subsequently perform maximal improvements on its proper-
ties. To compute Mmonopoly, we start by calculating the expected funds, F, our agent
would have after going around the board (full loop) k times ( k = 5 in our
implementation) from its current position as F= cash possessed+ k ∗ go increment+
Rl where the last term Rl is also computed for k loops around the board. Now let C(g1)
be the set of all colors such that our agent owns at least one property of that color. Then
for each c∈ C(g1), we compute the combined potential rent for that color (Rc) that our
agent will get from all the properties of that color if it spends all of F in buying all the
properties of color c followed by im- proving each of the properties as much as possible
with the remaining amount from F. This potential rent value is then scaled down based
on how many properties the agent actually possess (currently) for that color. For



example, if we own 1 out of 3 blue properties, then the potential value from that color
should be much less than if we own 2 out of 3 red properties. The scaled potential value
Rsc is computed as Rsc= Rc /2P(c) −P(g1 )where P(c) is the total number of properties of
color c. We use an exponential function in the denominator to value color sets that are
closer to completion significantly more than others. Since the set size can change as
part of game novelties, we think this is prudent. Finally, the monopoly component of the
state evaluation, Mmonopoly, is simply computed as the maximum Rsc over all the c∈
C(g1). What this monopoly term does for the agent is to allow it to eschew buying new
or bidding for proper- ties if that amount can be used to complete and develop a
monopoly.

Another complication for the agent is that it must try to avoid bankruptcy in the
face of a lot of stochasticity from the game. So even if the expected value of a policy is
high, if it risks bankruptcy then a lesser-value policy that minimizes the risk of
bankruptcy might be preferred. Concretely, at any state s, the agent considers if each
possible move from the set of possible moves m∈ M with cost C(m) satisfies the
following conditions:

Condition 1: cashcurrent+ Rnext − C(m) ≥ cashmin where cashcurrent is the current
amount of money our agent possess, Rnext is the expected change in cash due to rent
after one round, cashmin denotes the absolute minimum amount needed to protect
against bankruptcy. This covers misfortunes from the Chance and Community chest
cards that the agent might draw.

Condition 2: cashcurrent+ Rowed+ worthscaled − C(m) − Rworst> 0 where Rowed
is the expected income from charging rent that our agent will get in the next round,
worthscaled is some mortgage value of all properties our agent owns, and Rworst is the
maximum possible rent our agent could be charged in the next round. This protects
against bankruptcy from landing on an adversary’s property. Both the above conditions
were used to prevent the agent from aggressively spending its cash and going
bankrupt. Once we have pruned the moves in M, our agent simply chooses the move
such that m = arg maxm V (s′m) where s′m is the next state after simulating the move
m.

7.1 Novelty Detection and adaptation
To perform well in the SAIL-ON evaluation, our agent needs to detect the novelties
introduced and adapt state evaluation accordingly. The novelties that the agent was
tested on were hidden. To adapt, we maintain knowledge of the expected values for
game-board attributes like property rent, dice out- come likelihood, etc. The evaluation
function is parameterized with such attributes and is updated once a change is
detected. Some of these values are provided directly as the state information and thus
we keep track of the current values of these attributes by observing the state. For other
at- tributes, the agent needs to observe the outcome of certain actions (like selling a
property) to infer how the relevant at- tributes changed. In attribute value changes, we



also detect novelties related to dice. This includes addition/deletion of a die, additional
sides added to the dice, and the distribution of rolling any number on each die. The first
two are inferred by observing the dice rolls in the game. For the last one, we model the
distribution of rolling any number as Dirichlet distribution and use MAP estimates to
update this distribution. This updated dice distribution is then used to compute the
probability function Pr, as used to compute Rs.

As mentioned, accommodation
used a 2-stage rollout based
controller for efficient online action
selection. It involved a (a)
model-based controller to account
for novelty and (b) a
parameterized simulator module
updated at runtime with detected
novelties

Stage - 1 rollout: In the stage-1
roll-out we rolled out the original
problem, but kept it short to avoid
high branching factor

Stage -2 rollout: In the stage-2
rollout we rolled out a relaxed
domain (such as just going
through the board, and only
paying and collecting rents, but
not indulging in any other
activities) which had a low
computational cost and allowed
for long horizon value
computation. Some of the
strategies for problem relaxations that we experimented with are domain independent
and could be used in other domains are: limiting adversarial actions, and removing
stochasticity from the stochastic dynamics.

7.2 Evaluation and Results
Our agent was evaluated against other teams in the SAIL-ON program by the USC TA1
team. Evaluation consists of multiple trails, where each trial consists of 100 games of
monopoly against 3 baseline agents. The baseline adversarial agents were
programmed by the evaluation team to serve as the competition baseline. The behavior



of the baseline agent is described in (Haliem et al. 2021) as the ”simple baseline agent”
in that work. During each trial, a novelty is injected during one of the 100 games, and
kept for the remaining games.

The following metrics help compare agent performance: (1) Pre-Novelty
Win-Percentage (PNWP): The ratio of games won before any added novelty. (2) Novelty
Detection Accuracy (NDA): This is the percentage of trials in which the novelty was
correctly detected, and without a false positive before the novelty was added. (3)
Novelty Reaction Performance (NRP): To compute this, the win ratio of our agent after
the novelty was added is divided by the win ratio of the baseline agent before the
novelty was added. These measures were not defined by us, but by the evaluation
group, and directed by discussions in the SAIL-ON pro- gram. For every measure, our
agent was evaluated with different classes of novelties, these are: Class Novelties (CN)
such as new classes of objects like property classes, or new classes of actions;
Attribute Novelties (AN) such as changes in the mortgage rate, rent costs; and
Representation Novelties (RN) such as changes to the position of properties, and the
color sets to which they belonged. Within each type of novelty, the evaluators further
classified them into easy, medium and hard. As mentioned, we do not have more de-
tails about the specific type and distribution of novelties that our agent was evaluated
on, as this information is currently hidden from us to evaluate agent adaptation better.

The results shown in the table below compare our performance and the
performance of the best competitor for
NDA and Win percentages for the
different novelty settings. With respect
to the win ratio of our agent, our pre-
novelty win ratio (PNWR) was 76.48%,
i.e. the 3 other base- line agents
combined only won less than a quarter
of the games when there was no
novelty injected. This win rate
represents the efficacy of our agent
design/playing algorithm for the
standard Monopoly game. In
comparison the win rate for the next
best team was 63.61%. Our agent
performs better before novelty was
added to the game, and also in most
set- tings after novelty was added to the game. The only setting in which our agent did
not get the best result was for ”NRP- CN-hard” (Novelty Reaction performance for hard
class- novelties). This reflects our agent’s ability to accurately capture both the short
and long-term effects of actions, as well as, how well it can adjust for novelties in the
game while making decisions by modifying the evaluation function during the gameplay.
The evaluators also ran a special test to see how well our agent performs against
another instance of our agent, and a baseline agent. The two instances of our agent
won 40.75 and 39.43% of the games on average (over many trials).



8. Evaluations
Below is the novelty hierarchy as it was used eventually for evaluations:

Here we only show the final evaluation results from M42 evaluations for both the
Polycraft and the Monopoly domains compared to the other teams that participated in
those domains.

As can be seen, our agent achieved or exceeded all measures in the Polycraft domain
and achieved or came close to all measures in the Monopoly domain (and note that



these evaluations are only performed on the Phase 3 novelties). Moreover, in Polycraft
our agent had the best performance in every measure except for CDT (where SIFT was
better). We also had the biggest improvements in performance gains of all teams from
the M36 to the M42 evaluations.

We were also the only team that performed a separate evaluation on the visual novelty
detection subtask in Polycraft:
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