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Abstract— Adapting to novel tasks in human-robot interac-
tion (HRI) is crucial for long-term autonomy, yet remains a ma-
jor challenge for autonomous agents deployed in unpredictable
open-world settings. This paper introduces CAPA-AI, a novel
framework that integrates probabilistic novelty detection with
continual post-deployment adaptation achieved via transfer
learning to address this challenge. The framework’s novelty
detection component employs conditional probability and the
Jaccard Index to identify unfamiliar tasks by quantifying
their deviation from the agent’s knowledge base of previously
learned tasks. Upon detecting a novel task, the agent utilises
transfer learning to repurpose prior knowledge and update
its models without retraining from scratch. We detail the
design of CAPA-AI, including an isolated learning phase for
initial skill acquisition and the construction of a dynamic
knowledge base. The complete system was deployed on a social
robot in real-world HRI scenarios to evaluate its performance.
Experimental results demonstrated that the agent accurately
detects novel tasks and adapts to them, achieving adaptation
and novelty detection accuracies of 80% and 89%, respectively.
These findings underscore the efficacy of the proposed approach
and highlight a significant step towards robust open-world
deployment of AI agents in HRI, where continuous adaptation
and the safe handling of unforeseen tasks are essential.

I. INTRODUCTION
Developing AI agents capable of effectively adapting to

novel environments and managing unforeseen circumstances
remains an enduring challenge, primarily due to the inherent
complexity and unpredictability of real-world interactions.
Adaptation within robotics and AI spans a broad spectrum
of tasks, ranging from simple gestures—such as a social
robot waving goodbye when a user departs—to sophisticated
social behaviours that accurately interpret and respond to
subtle human intentions. Equipping such an agent, typi-
cally comprising multiple integrated AI models, necessitates
extensive training and an in-depth understanding of the
diverse scenarios it might encounter. Nonetheless, given the
inherent uncertainty of real-world environments, anticipating
and preparing for every conceivable scenario is fundamen-
tally impractical. Development generally commences with
the training of individual models, subsequently integrating
them into a cohesive agent capable of robust real-world
interactions [1].

AI agents’ adaptive capabilities can be conceptualised as
comprising two distinct phases: initial training and post-
deployment adaptation. In the initial phase, the model
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undergoes rigorous training via simulations or extensive
datasets, exposing it to diverse learning scenarios. This
training employs varied strategies aimed at optimising per-
formance while mitigating prevalent issues such as overfit-
ting and underfitting. Nevertheless, despite thorough pre-
deployment training, effectively updating an AI model’s
knowledge during the subsequent post-deployment phase
remains notably challenging. Introducing new information
in operational environments, particularly in the absence of
suitable supervision, can trigger substantial issues such as
catastrophic forgetting [2]. Consequently, this deterioration in
performance exacerbates the risks associated with overfitting
and underfitting.

Furthermore, real-world interactions inherently involve
significant uncertainty: sensor data can be noisy, environ-
ments may be only partially observable, and sudden changes
can render previously acquired knowledge obsolete. An agent
must therefore assess its confidence accurately and recognise
when it encounters an unforeseen or novel state. Without the
capacity to estimate uncertainty, an agent risks acting reck-
lessly in unfamiliar or ambiguous situations. Contemporary
safe Reinforcement Learning (RL) methodologies attempt to
mitigate this risk by estimating the potential danger associ-
ated with actions, thereby avoiding those deemed excessively
uncertain or unsafe [3]. Yet, reliably managing unforeseen
circumstances remains an intricate challenge. This uncer-
tainty is intrinsically linked to the necessity for continual
adaptation, wherein the agent identifies when its current
policy or model is no longer sufficient and subsequently
updates itself accordingly.

Addressing these complexities necessitates the develop-
ment of robust methods enabling AI agents to continu-
ously adapt their internal models in response to novel post-
deployment scenarios—a critical yet relatively underexplored
aspect of artificial intelligence research [4]. This requirement
is especially pressing in HRI contexts, where maintaining
human safety is of paramount importance.

In view of these considerations, the present study ex-
plicitly investigates the post-deployment behaviour of AI
models, aiming to enable autonomous learning and effective
adaptation in unfamiliar environments without prior explicit
context. Our research highlights the essential first step in this
adaptive process: accurately discerning whether encountered
tasks represent genuinely novel or previously experienced
scenarios. To achieve this, we propose an AI agent named
Cognitive Agentic Probabilistic Adaptation AI (CAPA-AI),
incorporating a Novelty Detection (ND) module alongside
a pre-trained RL model. The ND module facilitates the



effective identification and adaptation to novel situations. The
performance of the proposed agent is evaluated through both
simulated and real-world experiments involving a humanoid.

The subsequent sections presents the detailed design of our
proposed agent and elaborate upon our novel methodology
for novelty detection, which constitutes the core component
underpinning the agent’s adaptive capabilities.

II. FOUNDATIONS OF CONTINUAL ADAPTATION

A. Adaptation Challenges and Identified Gaps

Adapting AI models to diverse environments represents an
active and rapidly progressing research domain, with signif-
icant implications across numerous applications. Continuous
advancements and innovation remain crucial to enhancing
model adaptability and generalisation, ensuring the effective
deployment of AI systems within complex and dynamically
evolving scenarios. Effective generalisation across diverse
contexts necessitates AI frameworks capable of adapting
seamlessly to generalised tasks—such as those encountered
in radio communication systems—through centralised train-
ing mechanisms combined with decentralised data generation
and management [5], [6]. Furthermore, techniques such as
Transfer Learning (TL) and randomisation considerably aug-
ment model robustness, empowering agents to dynamically
adapt to shifting environments [7], [8], [9].

Under these frameworks, AI models can leverage pre-
cise, real-time data, enabling sophisticated adaptive decision-
making, particularly in contexts characterised by limited data
availability. Approaches such as supervised learning, rein-
forcement learning, and multimodal learning have demon-
strated substantial efficacy in customising adaptive strategies
to heterogeneous groups, thereby achieving productive syner-
gies and effectively managing inherent trade-offs [10], [11].

Despite rigorous training protocols, updating AI mod-
els post-deployment poses significant challenges, notably
the phenomenon of catastrophic forgetting [2]. Catastrophic
forgetting refers to models’ propensity to lose previously
acquired knowledge when integrating new information with-
out adequate supervisory mechanisms [12]. This issue is
especially pronounced during transitions from structured,
supervised training environments to potentially unsupervised,
real-world interactions, considerably increasing the risk of
performance deterioration [13].

Extensive research underscores the necessity for robust
continual adaptation strategies to mitigate knowledge loss
during post-deployment model updates [14]. Thus, the devel-
opment of resilient methodologies for continual adaptation
represents a significant open research challenge, necessitat-
ing innovative approaches to facilitate autonomous learning
within dynamic real-world settings [15]. The imperative for
real-time learning and adaptive capabilities becomes particu-
larly evident in HRI scenarios, where ensuring human safety
remains paramount [16]. Real-time adaptation inherently
carries risks, as agents may inadvertently demonstrate unsafe
behaviours when confronted with unfamiliar circumstances
[17]. Consequently, environmental feedback mechanisms be-
come indispensable, serving not only to validate adaptive

learning efficacy but also to ensure adherence to safety con-
straints [18]. Ultimately, the overarching ambition remains
the development of autonomous systems capable of self-
adaptation without persistent external supervision [19], a goal
that highly relies on the agent’s capability to identify and
track novel events in a dynamic environment.

B. Novelty Detection in Artificial Intelligence

Effective ND is a prerequisite for successful adaptation
in AI models, particularly within open-world environments,
where adapting to unforeseen data is essential [20]. Nov-
elty detection capabilities are critical for continual learning
paradigms, enabling AI systems to incrementally assimilate
new knowledge and maintain robust performance in response
to environmental shifts [21]. This capability is particularly
significant in class-incremental learning—a specialised do-
main within continual learning—where distinguishing accu-
rately between known and unknown inputs ensures effective
adaptation to novel tasks [22].

Historically, ND methods have predominantly focused
on offline scenarios. However, adaptive environments char-
acterised by continuous data inflow introduce substantial
complexities into ND processes. The intricate relationship
between ND and adaptive learning is particularly significant,
as each considerably influences the performance of the other,
highlighting the need for integrated frameworks capable of
concurrently addressing both challenges [22].

Considering these intricate dynamics, this study introduces
an advanced AI agent featuring a pre-trained RL model
specifically engineered to capitalise effectively on environ-
mental feedback, adhering rigorously to the constraints in-
herent in continual adaptation scenarios. The proposed agent
utilises a sophisticated probabilistic approach to assess the
novelty of incoming observations in relation to previously
encountered situations. Through this methodology, the agent
effectively leverages TL techniques, dynamically and effi-
ciently updating its foundational knowledge [7], [23]. These
innovations equip AI agents with enhanced capabilities to
discern and respond accurately to novel scenarios, substan-
tially improving their autonomous learning and adaptive ca-
pacities. These advancements aim to bridge the existing gap
between theoretical potential and practical deployment, en-
hancing the adaptability, intelligence, and operational safety
of AI systems within real-world environments.

III. DEVELOPMENT OF THE COGNITIVE AGENTIC
MODEL

In this section, we provide a detailed explanation of
CAPA-AI model, presenting its mechanisms for detecting
novelty and adapting to similar scenarios. Figure 1 presents
the architectural outline of our Agentic AI, illustrating an
independently trained RL model actively interacting within
real-world environments. Such interactions enable the agent
not only to respond effectively to familiar tasks but also, im-
portantly, to refine its decisions based on feedback received.

Prior to executing any given task, the previously es-
tablished Reinforcement Learning-based Attention Model
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Fig. 1: CAPA-AI Agentic AI Architecture An RL agent is pre-trained using Isolated Learning, while the Agent Knowledge
Base is concurrently established to store task-related data for Novelty Detection. During interaction with the open world,
environmental feedback is processed by the Adaptation module to assess novelty. If a novel task exhibits sufficient similarity
to previously learned tasks, the agent adapts using Transfer Learning, leveraging its existing knowledge base. Otherwise,
feedback is passed to the RL agent to select an appropriate action.

(RLBAM) [24] is utilised to pinpoint salient features during
interactions in real-world scenarios. This model efficiently
directs the agent’s focus towards key aspects pertinent to the
primary task or environmental context, thereby significantly
reducing the collection of noise and irrelevant data. When
the ND module recognises an unfamiliar task, the agent
engages TL methodologies to assimilate the new task, condi-
tional upon its similarity to prior experiences. Subsequently,
the RL policy undergoes updates incorporating strategies
derived from the most analogous tasks. Concurrently, the
Agent’s Knowledge Base (AKB), which stores data from
each encountered scenario, is updated to include information
about this newly assimilated task, thus enhancing future ND
capabilities.

The agent’s framework is divided into two primary phases.
The first phase involves constructing the AKB and pre-
training the RL model through the Isolated Learning (IL)
method, introducing initial tasks to the agent using a ded-
icated dataset. The second phase is the Adaptation stage,
activated upon agent deployment. During the second phase,
incoming observations are processed by the ND module.
If the similarity between the new observation and existing
AKB data exceeds 90%, the agent leverages its pre-trained
RL model for decision-making. Conversely, if the similar-
ity ranges between 60% and 89%, indicating a novel yet
reasonably familiar situation or tasks, the agent employs
TL to adapt accordingly. Thus, the ND module is integral
to our AI agent’s functionality; effective recognition of
novelty empowers the agent to adapt proactively, fostering
efficient learning and superior performance in subsequent
interactions. Without reliable ND, indiscriminate processing
of observations—without validation against existing knowl-
edge—would result in unreliable outputs when facing tasks
beyond the agent’s existing understanding.

Upon detecting novelty, the subsequent essential step
involves enabling the agent to adapt effectively. Our research
outlines two distinct adaptation pathways: firstly, employing
the AKB to facilitate adaptation if the novel task sufficiently
mirrors previously encountered tasks; secondly, initiating

exploratory behaviours to gather additional data in scenarios
significantly different (with similarity below 60%). Within
this study, we primarily emphasise the first approach, utilis-
ing the agent’s existing knowledge base for task assimilation,
while exploratory behaviours for unfamiliar scenarios are
reserved for future research efforts.

A notable advantage of our proposed model lies in its
environmental independence. Specifically, an RL agent pre-
trained in a given environment can efficiently generalise
its operation across diverse environments through the inte-
grated use of ND and TL, rapidly adapting to new tasks
encountered. To evaluate this capability, we utilised three
distinct datasets: one dedicated to IL for initial construction
of both the RL agent and AKB, and two additional datasets
to assess the agent’s adaptability through ND. Ultimately, the
agent was deployed onto the ARI humanoid within a real-
world context, with performance evaluations focusing on its
ability to accurately respond to both familiar and novel, yet
similar, tasks. The following subsections delve deeper into
the architecture, particularly emphasising the ND module due
to its central role within our proposed framework.

A. Isolated Learning

IL within AI and RL denotes the process of training
an agent in an environment without direct interaction with
other agents or external stimuli beyond pre-defined ex-
periences. In our approach, we utilise IL to pre-train an
RL agent using a dataset or simulations encompassing a
limited and well-understood set of situations. This method
is specifically adopted because accurately estimating novelty
and effectively using similar prior actions require a robust
foundational model exhibiting high reliability and accuracy.
Such a model serves as the critical baseline during TL;
therefore, it must demonstrate acceptable performance. In
essence, integrating a reliable and potent base model and
subsequently updating it for novel tasks directly influences
the success of adaptation.

To facilitate the pre-training phase of the RL agent, we
employ the RHM dataset [25], which comprises 26,804 video



Task Robot Verbal Actions

Drinking

That looks delicious! What are you having?
Enjoying a little break with a drink?
Is that your favorite snack?
How does that taste?
Staying hydrated is important!
That must be refreshing!
Taking a quick energy boost?
Do you prefer something sweet or savory?
Looks like a good meal—hope you’re enjoying it!
Is this your usual choice?

TABLE I: Example set of categorised verbal responses
generated by the RL agent for the Drinking task. The agent
selects contextually appropriate dialogue to foster natural
interactions within HRI scenarios.

clips spanning 14 distinct human activities. In line with
AI literature conventions, each activity within the dataset is
referred to as a task. The included tasks consist of walking,
stretching, carrying objects, cleaning, closing cans, drinking,
lifting objects, opening cans, putting down, reaching, sitting
down, stairs down, stairs up, and standing up. Correspond-
ingly, we constructed 14 distinct sets of robot’s verbal actions
aligned with each task, with each set comprising ten diverse
sentences relevant to the particular activity. The agent is
tasked with selecting the correct sentence set corresponding
to a given activity and then choosing one sentence from the
set to be employed as robot dialogue. For instance, Table I
exemplifies one such set of the task Drinking, illustrating
the ten related sentences. During operation, once the RL
agent correctly identifies the relevant task set, it subsequently
selects one sentence at random from this set. Consequently,
the RL agent is explicitly trained to perform accurate task-set
selections.

For the training process, we adopted proximal policy op-
timisation (PPO), a well-established Actor-Critic algorithm
recognised for its effectiveness in model training [24]. The
parameters of PPO have been meticulously tuned using the
Optuna library1, resulting in optimal values, including a
policy learning rate of 0.000407, a value learning rate of
6.662× 10−5, a hidden layer size of 64 with a single layer,
and a clip epsilon of 0.202. The discount factor γ was opti-
mised to 0.911, the lambda parameter λ to 0.889, and both
the entropy coefficient and value function coefficient were
set to 0.0418. Training was conducted over 500 episodes, at
which point the reward function converged to a stable value.
Concurrently, we developed the AKB intended to store task-
specific data utilised for ND. The details on the ND algorithm
are provided in subsection III-B.1.

B. Adaptation

Interaction in real-world environments inherently involves
uncertainty, as anticipating every possible event is impracti-
cal. It is therefore crucial, especially within HRI guidelines,
that an agent is equipped to firstly identify novel occurrences
and subsequently adapt by learning from these events to
ensure safe decision-making. To address this challenge, we
propose an agent architecture featuring a structured pipeline

1https://optuna.org

that systematically processes incoming observations. Ini-
tially, the pipeline evaluates these observations to detect
novelty. Depending on the outcome of this novelty assess-
ment, the observations are then routed to the appropriate
subsequent layer, either for further learning or immediate
decision-making. As illustrated in Figure 1 (highlighted in
green), our model specifically handles the incoming feedback
generated from RL interactions, enabling effective ND and
adaptation. The following sub-section elaborates further on
the adaptation capabilities of the proposed system.

1) Novelty Detection: To effectively detect novelty within
our environment, we first process incoming data to ex-
tract essential information required to evaluate the current
task context. Our approach begins by converting visual
inputs, specifically frames extracted from video sequences,
into meaningful textual descriptions. We utilised a vision-
language large language model, LLaVA [26], to perform
this conversion. Carefully designed prompts guide LLaVA to
generate comprehensive environmental context descriptions
for each selected video frame.

To ensure these descriptions remain concise and contextu-
ally relevant, we subsequently refine LLaVA’s textual outputs
using DeepSeek [27], a self-hosted language model spe-
cialised in contextual keyword extraction. DeepSeek distils
the descriptions, selectively retaining keywords that capture
essential contextual information while discarding irrelevant
details, such as general descriptive phrases or prepositional
terms. This refinement process produces a focused set of
contextually pertinent keywords that accurately represent the
current state of the environment.

These distilled keywords form the foundational input for
our novelty detection framework. By analysing changes or
deviations in these extracted keywords over time, our system
can reliably identify and flag novel or previously unseen
events within the monitored environment.

Our method employs probabilistic techniques to analyse
keywords for ND, structured into two distinct phases. Firstly,
during the IL phase, we extract frames from video clips in the
RHM dataset, processing these through our ND pipeline. For
each specific task, we compile a list of associated words. For
instance, in the case of the Drinking task, based on frames
processed by LLaVA and DeepSeek during pre-training, the
agent generates a keyword list that includes terms such
as Drinking, Coffee, Stairs, Chair, Cup, Glass, Alcohol,
Wine, Bar, and Beer. Each word’s frequency is assessed
to determine its relevance. Specifically, Drinking emerges
as the most frequent word, appearing 1900 times, and thus
represents the task’s centre of mass, or in probabilistic terms,
the expected value. Following Drinking, Coffee appears 1400
times, Stairs 1200 times, Chair 800 times, and Cup and Glass
each appear 600 times. Less frequent terms include Alcohol
with 300 occurrences, Wine with 200, and Bar and Beer, each
with 100 occurrences, indicating their decreasing relevance
to the focal context of the Drinking task.

We also utilise this pipeline during real-world interactions
following the agent’s deployment. In this phase, frames
extracted from the robot camera’s captured video replace the



dataset’s video inputs. Subsequently, LLaVA and DeepSeek
process these frames to extract textual data, converting
the environmental context into descriptive words. These
extracted words are then compared against the existing AKB,
established during the IL phase, to identify instances of
novelty. The following subsection outlines our proposed
approach to novelty detection.

2) Assessing Novelty Using a Probabilistic Approach:
This section is pivotal to the study, as ND serves as an
essential prerequisite for the agent to initiate adaptation.
The agent carefully analyses the extracted keywords, util-
ising conditional probability alongside the Jaccard Index
[28] to compute the posterior probability. This calculated
probability assesses whether newly encountered words are
associated with any of the pre-trained tasks. Should the
posterior probability exceed a predefined threshold ranging
between 0.6 (60%) and 0.89 (89%), TL is employed to
transfer actions from a related pre-trained task to the novel
situation. To compute the posterior probability, each keyword
is treated as a random variable. In every interaction, the
sample space encompasses all potential words, covering
both those already existing within the AKB and newly
encountered terms. A uniform distribution is assumed, with
its Probability Mass Function (PMF) employed to facilitate
probability calculations. Following each interaction, the AKB
undergoes updates, integrating new keywords from learned
tasks and incrementally enhancing the frequency counts for
recurring words. This updating mechanism is critical for
accurately determining likelihood functions. ND evaluation
at each interaction is performed using Eq. 1.

P (Ti | w1, w2, . . . , wn) ∝ P (Ti) ·
n∏

j=1

P (wj | Ti) (1)

Here, P (Ti) represents the prior probability, and P (wj |
Ti) is the likelihood function, expressing the probability that
wj belongs to Ti. Our experiments demonstrate that, due to
the dynamic update of the AKB, the number of words per
task varies. As the PMF of a uniform distribution is computed
by dividing the number of occurrences of a word by the total
number of words in a task (Eq. 4), tasks that are performed
more frequently see their probabilities decrease over time,
leading to potentially unreliable results. To address this, we
apply the Jaccard Index as a prior probability, neutralising
the effect of uneven word list sizes. The revised computation
using the Jaccard Index as the prior probability is given in
Eq. 2.

P (Ti | w1, w2, . . . , wn) ∝ J(Ti,W ) ·

 n∏
j=1

P (wj | Ti)


(2)

The Jaccard Index J(Ti,W ) is calculated using Eq. 3,
where intersect(Ti,W ) denotes the number of new words
present in Ti, and union(T,W ) is the total number of unique
words, combining the agent’s knowledge base and newly
encountered words.

J(Ti,W ) =
|intersect(Ti,W )|
|union(T,W )|

(3)

To compute the posterior probability using the chain rule,
we first calculate the Jaccard Index (Eq. 3). Then, utilising
Bayes’ rule, we transform P (Tj | wj) into P (wj | Tj) as
shown in Eq. 5. Here, P (wj | Ti) is computed according to
Eq. 4, and P (Ti), being equal for all tasks, is computed via
Eq. 6.

P (wj | Ti) =
Total frequency of wj in task Ti

Total frequency of all words in task Ti
(4)

P (Ti | wj) =
P (wj | Ti) · P (Ti)∑
j P (wj | Tj) · P (Tj)

(5)

P (Ti) =
1

Number of Tasks
(6)

Upon evaluating Eq. 2, the posterior probability obtained
is forwarded to the method selection module, wherein it is
assessed for novelty relative to the agent’s existing knowl-
edge base. Should the observation be classified as novel,
yet exhibit a similarity ranging between 60% and 90% with
a previously learnt task, TL is employed. This mechanism
enables the agent to leverage actions associated with the
known task, thereby enhancing its initial approach to the
novel task. Consequently, the RL agent is positioned advan-
tageously to make informed decisions, facilitating effective
action selection and promoting policy refinement driven
by subsequent feedback. Thus, the RL policy undergoes
appropriate updates, applying insights from the previously
acquired task policy to the newly identified task.

IV. PROOF OF CONCEPT EVALUATION

We conducted an evaluation of the proposed CAPA-AI
framework in two distinct phases: firstly, within a simulated
environment, and subsequently, in real-world HRI scenarios.
In the first stage, following the pre-training of the RL agent
and the establishment of the initial version of the AKB
using a comprehensive dataset, we evaluated the agent’s
performance with two distinct and separate datasets. In the
second stage, the agent’s effectiveness was assessed through
a practical HRI scenario in which experimenters interacted
directly with a social robot. Detailed descriptions of the
evaluation methodologies and findings are presented in the
following sections.

A. Isolated Learning Using the RHM Dataset

Utilising the RHM dataset [25], we undertook IL to pre-
train the agent and establish its foundational knowledge
base. Although our model targets scenarios involving two
experimenters, the original RHM dataset frequently features
frames with only a single person. To mitigate this limitation
and ensure comprehensive coverage of two-person scenarios,
we employed the method proposed by [24], leveraging
randomisation and generalisation techniques to synthesise
additional states featuring a second individual. Concurrently,



each frame underwent processing within our pipeline to con-
vert visual information into task-specific textual descriptors,
thereby enriching the agent’s knowledge base.

B. Evaluation Using Two Distinct Datasets

Upon completion of the IL stage, our framework un-
derwent evaluation against two separate datasets: Eatsense,
which includes 16 tasks [29], and Polar, encompassing 9
tasks [30]. The evaluation commenced with the extraction
of frames from videos corresponding to each task, subse-
quently processing them through our established pipeline.
Post-processing, the ND module assessed whether incoming
frames represented novel tasks when compared against the
existing AKB. If novelty was detected, TL was initiated to
update both the RL agent’s policy and its knowledge base.
Conversely, frames demonstrating similarity rates exceeding
90% to previously learned tasks prompted updates to the
RL agent’s policy without invoking TL, due to the high
confidence in task familiarity.

C. Preliminary Human-Robot Interaction Test

To further validate the agent’s performance, we imple-
mented it on the ARI robot across various real-world sce-
narios comprising familiar and novel tasks. Accuracy was
measured based on the ratio of correct decisions against
the total tasks presented. Figure 4 illustrates three distinct
experimental scenarios.

In the first scenario, an experimenter performed the fa-
miliar action of drinking water, accurately identified by
CAPA-AI (Figure 4a). The second scenario introduced a
novel action—using a tissue—categorised by the agent as
Cleaning, demonstrating effective novelty adaptation (Figure
4b). A third scenario involved lying down, with sufficient
similarity to the known task Sitting Down, thus prompting
the corresponding adaptive response (Figure 4c).

Each figure illustrates the comprehensive processing work-
flow of observations collected during interactions. Frames
from ARI’s head camera were processed via CAPA-AI’s
perception pipeline employing LLaVA and DeepSeek models
to extract relevant keywords.

V. RESULTS AND DISCUSSION

The performance of the proposed CAPA-AI framework
was rigorously evaluated through both simulation-based and
real-world experiments, demonstrating its capacity to adap-
tively respond to dynamic task variations.

A. Simulation and Dataset Evaluation

In the initial evaluation stage, we assessed ND accuracy
by calculating the proportion of correctly identified novel
tasks relative to the total number of processed frames across
simulation environments and benchmark datasets, specifi-
cally RHM, EatSense, and Polar. For instance, frames cor-
responding to the Eating task were recognised as novel yet
contextually similar to the previously learned Drinking task.
This similarity triggered the TL module to reuse behavioural
policies initially acquired for Drinking, thereby demonstrat-
ing effective task generalisation capabilities.

Intersection of new words with Drinking

Word occurrences for DrinkingJaccard Index for the top and two random
tasks

Posterior probabilities shown for the top task and
two random tasks

0 0

0 0
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0.700

Fig. 2: Result of Novelty Detection for a sampled frame
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Fig. 3: Showing how Evaluating the CAPA-AI using Polar
and EatSense datasets

Figure 3 illustrates the evaluation pipeline. Initially, the
agent undergoes pre-training to establish the AKB and the
RL model. Subsequently, a simulation environment built
using Gymnasium2 was configured to process video clips
sourced from the EatSense and Polar datasets. Following
this, frames were extracted using a scene-change detection
algorithm, combined with feedback from the last executed
action, and passed to the CAPA-AI module. CAPA-AI then
estimated novelty and refined the RL policy based on the
received environmental feedback.

A critical advantage of employing RL in this context is
its ability to leverage environmental feedback to improve
ND accuracy dynamically. Specifically, if the ND module
estimates the similarity between a novel and known task

2https://gymnasium.farama.org/



(a) Task: Drinking, CAPA-AI Decision: Drinking

(b) Task: Using Tissue, CAPA-AI Decision: Novelty, Sim-
ilar Task: Cleaning

(c) Task: Laying, CAPA-AI Decision: Novelty, Similar
Task: Sitting Down

Fig. 4: Real-world results Three samples of CAPA-AI
decision base on the real task.

within a range of 60% to 89%, but this estimate proves
incorrect, subsequent environmental feedback from executing
an action related to the known task will rectify the misclas-
sification. This interactive feedback loop enables the agent
to adapt continuously, enhancing its performance during task
interactions.

Additionally, Figure 2 presents an illustrative example
where the ND module accurately identified task similarity.
Here, the Jaccard Index demonstrated a 100% overlap in
linguistic descriptors with the Drinking task, resulting in
posterior probabilities indicating a 70% likelihood of task
equivalence. Despite environmental variability, the shared
linguistic descriptors significantly facilitated accurate de-
tection and effective adaptation, culminating in an overall
novelty detection and adaptation accuracy of 89% during the

simulation stage.
Furthermore, the integration of the Jaccard Index into

the posterior probability computation significantly influences
outcomes when task similarity falls below 100%. This
methodology aids in moderating the influence of task-specific
keyword counts, ensuring the posterior probability reflects
genuine keyword relevance and avoids potential overfitting
or underfitting by appropriately scaling the significance of
keyword intersections between novel and known tasks.

B. Real-World HRI Evaluation

To assess the real-world applicability of the proposed
framework, the CAPA-AI system was initially pre-trained
using the RHM dataset and subsequently deployed on the
ARI robot during a 30-minute HRI session. This session
incorporated a variety of randomly generated activity scenar-
ios designed to evaluate the agent’s adaptive capabilities in
realistic conditions. The ND module continuously processed
incoming data streams in real-time, assessing task familiarity
using probabilistic measures. Adaptation responses were
strategically determined by these probability scores: values
ranging between 60% and 89% initiated TL-based adapta-
tion, whereas scores exceeding 90% prompted immediate
responses through direct RL.

Under these experimental conditions, the CAPA-AI frame-
work successfully achieved an adaptation accuracy of 80%.
The agent consistently demonstrated robustness, effectively
managing several environmental complexities, including am-
biguous task descriptions, significant background noise, and
sensor variability.

All experiments were performed using a high-performance
workstation equipped with an NVIDIA GeForce RTX 4090
GPU (24 GB GDDR6X), ensuring efficient real-time pro-
cessing of Robot Operating System (ROS) messages from
the ARI robot. This computational setup enabled rapid task-
switching capabilities and seamless adaptation, essential for
dynamic and interactive real-world scenarios.

C. Observations and Challenges

While the overall performance confirms the adaptability
and robustness of CAPA-AI, several key challenges emerged.
Firstly, as the vocabulary in the knowledge base grows,
the number of likelihood functions required for posterior
estimation increases, raising computational complexity. Sec-
ondly, semantically related descriptors occasionally led to
false-positive task matches. Although training on diverse
datasets mitigated this effect, future work must further en-
hance contextual disambiguation and consider hierarchical
task representations to improve precision and scalability.

VI. CONCLUSION

This study proposed CAPA-AI, a novel agentic framework
designed to support continual adaptation in open-ended, real-
world environments. The system integrates probabilistic nov-
elty detection with transfer learning mechanisms, enabling
autonomous agents to identify task novelty and repurpose
prior knowledge where appropriate.



Comprehensive simulation-based experiments, supported
by deployment on the ARI robot, demonstrated effective nov-
elty detection (89% accuracy) and robust adaptation under
real-world HRI conditions (80% accuracy). These findings
highlight the practical utility and resilience of CAPA-AI in
dynamic and unpredictable environments.

Nevertheless, the framework presents some limitations.
Increasing knowledge base size elevates computational de-
mands due to the proliferation of likelihood evaluations.
Additionally, semantic ambiguity in task descriptors can
impair accuracy during task recognition. While partially
mitigated through dataset diversity, these challenges require
further attention.

Future work will aim to address these limitations by: (i)
improving computational efficiency through model optimi-
sation, (ii) enhancing task disambiguation via hierarchical
or contextual modelling, and (iii) investigating unsupervised
learning approaches to enable adaptation in entirely dissim-
ilar and previously unseen tasks.

In summary, CAPA-AI offers a robust, scalable, and
context-aware approach to novelty detection and continual
task adaptation, providing a strong foundation for long-term
autonomous operation in real-world settings.
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