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Abstract. Humans can dynamically adjust the priority of stimuli to 
determine which are relevant to a given objective in a specific context. 
Humans are also able to detect stimuli crucial for survival, even when 
they are unrelated to the current objective. Commonly, computational 
models prioritize stimuli using static thresholds, evaluating relevance 
according to the demands of the task. However, to achieve human-like 
flexibility, it is necessary to adjust stimulus priorities according to both 
the task at hand and the appearance of new relevant stimuli. This work 
presents an approach to modeling dynamic stimulus prioritization using
thresholds informed by neuroscientific evidence. It draws on three key
brain networks involved in detecting significant stimuli that can trigger
changes in sensitivity. To validate the proposal, a case study was used
to simulate an agent capable of adjusting stimulus priorities and sending
alerts when dangerous events are detected, illustrating how sensitivity
thresholds are adapted according to the assigned task.

Keywords: attention · dynamic threshold adjustment · cognitive 
approaches · computational model of attention

1 Introduction 

Humans can process multiple sensory inputs and dynamically adjust the impor-
tance of each input to determine when a stimulus becomes relevant to a given
objective [1]. They also have the ability to interrupt an activity when another
important stimulus is detected [2]. This stimulus detection is related to the con-
cept of thresholds; a threshold is defined as the minimum intensity of a stim ulus
that must be reached for it to be detected by the sensory system [3]. Atten tion
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is a key function in determining the level of activation of thresholds. This cog-
nitive function also has a key role in filtering stimuli t o indicate which stimuli
should be processed and which should be ignored [4–6]. This paper focuses on 
attentional thresholds, which are fundamental for dynamic attention that regu-
lates the priority of processing between internal and external stimuli. A system 
without the ability to adjust these thresholds dynamically cannot adapt its goals 
to changes in the environment or to modifications in a task. The central premise 
of this study is that by calibrating the activation levels of dynamic thresholds in 
a precise manner, it may be feasible to channel processing towards salient stim-
uli, thereby enhancing the performance of an attentional system. Therefore, this 
paper proposes a threshold mec hanism associated with a set of characteristics
and a function that updates the detection of the characteristics associated with
the threshold. In this work, a case study was used to evaluate the performance
of an attentional system considering the prioritization of task-related internal
inputs, as well as the detection of external stimuli that were not necessarily
task-related.

The rest of this paper is structured as follows. Section 2 describes the psy-
chological and neuroscientific evidence supporting this work. Section 3 describes 
the analysis of related works published in the literature. Section 4 describes the 
proposal for this work. Section 5 describes the case study and results, and Sect. 6 
presents some conclusions and future work.

2 Psychological and Neuroscientific Evidence 

This section explores how the human brain relates the detection of salient stimuli 
to the thresholds of bottom-up and top-down attention [7–9]. These thresholds 
adapt based on stimuli characteristics, prioritizing relevant information. The 
analysis focuses on three key brain networks: the Salience Network (SN), the 
Default Mode Network (DMN), and the Central Executive Network (CEN) [10]. 

The SN detects relevant stimuli and modulates attentional thresholds, ensur-
ing that only sufficiently salient stimuli receive attention [11]. Key brain regions 
include the anterior insula (AI) and anterior cingulate cortex (ACC), which fil-
ter stimuli and allocate attentional resources based on task relevance [10,11]. 
The locus coeruleus (LC) dynamically adjusts t hresholds via norepinephrine
release [12]. This work is focused on visual attention, in this case, the SN shifts 
attention to the relevant stimuli, continuously recalibrating the thresholds. The 
DMN remains active during rest, maintaining thresholds that prevent atten-
tion to low-salience stimuli [13,14]. When a stimulus exceeds the threshold, SN 
activity suppresses the DMN, activating the CEN [10]. Key brain regions, such 
as, the ventromedial prefrontal cortex (VMPFC) and posterior cingulate cortex 
(PCC), regulate self-reflection, decision-making, and memory, contributing to
attentional threshold modulation [15,16]. 

The CEN, involved in working memory and goal-directed attention, filters 
information and adjusts thresholds based on task demands [17,18]. The dorsolat-
eral prefrontal cortex (DLPFC) modulates sensory activation [10,17], while the
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posterior parietal cortex (PPC) integrates sensory inputs and maintains focus 
by ignoring irrelevant stimuli [19,20]. Notably, if the SN deems a stimulus suf-
ficiently salient, it can override task focus. Together, the SN, DMN, and CEN 
regulate atten tion by dynamically adjusting thresholds, balancing sensory mon-
itoring, internal processing, and task execution [10]. 

3 Related Works 

In this section, we analyze relevant papers found in the literature, evaluating 
whether they consider the interplay of the performance of adjusting detection 
thresholds, prioritizing relevant stimuli by salience over task-related stimuli com-
ing from the 3 networks mentioned in the neuroscientific evidence section. LIDA 
is a cognitive architecture inspired by the human mind that uses memory mod-
ules, codelets, and attention mechanisms to process and interpret sensory infor-
mation. [21]. Its approach is based on codelets competing to determine the action
to take [21,22], which could be related to the CEN network. LIDA also includes 
alarm mechanisms akin to the Salience Network (SN) [23]. However, it does not 
explicitly model how such alarms influence detection thresholds or trigger task-
switching in response to con textual demands—key aspects for adaptive behavior
in dynamic environments.

ACT-R is a cognitive architecture that models the mind with two levels: a 
symbolic one for declarative k nowledge and a subsymbolic one for parallel pro-
cessing [24]. It includes specialized modules connected through buffers, which 
store information shared across modules [24]. ACTR has top-down and bottom-
up attention mechanisms [25] could define the interaction between SN and CEN 
networks. However, the activ ation of elements in memory follows predefined rules
[26,27], requiring constant updates if thresholds change. A study on the d istri-
bution of attentional resources is found in [5], which proposes a default energiza-
tion of computational representations, linked to dynamic detection thresholds,
although these are not continuously adjusted.

SOAR is a cognitive architecture [28,29], that detects stimuli following rules 
to determine which stimuli are relevant, which could be considered as part of the 
functionality of SN and CEN networks. However, it does not perform priority 
adjustment if the task changes, while A CONA is a framework that avoids prede-
fined rules, separates processes and memories to facilitate reuse of components
without redesign [29]. However, Acona’s codelets act at specific moments and 
may not respond to continuous environmental changes. An approac h for dynam-
ically adjusting thresholds is presented in [6], considering accumulated fatigue 
and microlapses. Thresholds are adjusted to select productions with lower utility 
over time, compensating for fatigue but increasing the selection of inappropriate 
productions. One limitation, is the omission of contextual factors, which can play 
a critical role in modulating thresholds. Without taking context into account, 
the model overlooks how sudden changes, such as a change in task demands or
the appearance of a salient stimulus, should dynamically influence which actions
or stimuli are prioritized.
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4 Proposal 

In this paper we propose a strategy to endow agents with the ability to adapt 
stimulus relevance through adaptive thresholds that take into account the prior-
itization of environmental factors and the task-relevance of stimuli. To achieve 
this goal, the proposal is based on the functioning of the three networks: SN, 
DMN, and CEN . These networks interact to adjust the priority of the stimuli 
according t o their relevance to the task. To model this process, we introduce
the concept of adaptive threshold, which regulates the relevance of stimuli as a
function of their context. The formal representation of this model is defined by:

M = {d1,  d2,  .  .  .  ,  dn} (1) 

where M represents a finite set of data elements (d) stored in memory. Each di 
is a representation of a concept with a label (e.g., “apple”, “danger”), and is 
associated with a set of features describing that label. For example, the label 
“apple” may be linked to features such as “r ed” and “round”. These features are
considered by the attentional function to guide attentional focus and processing
towards the relevant attributes of the stimulus.

Each data element di is defined as:

di =  [e, h, f(h),  A, l, c] (2) 

where: 

– e is a stimulus associated with a threshold (label).
– h is a threshold h ∈ [0, 1] ⊂ R, determining sensitivity to the stimulus. Lower 

values of h indicate greater sensitivit y, while values near 1 reflect reduced
sensitivity to stimuli.

– f(h) is a threshold adjustment function: f :  [0, 1] → [0, 1], allowing d ynamic
modulation in response to contextual information.

– A is the set of features associated with e , influencing its evaluation.
– l is a default threshold value l ∈ [0, 1], representing baseline sensitivit y before

any adjustment.
– c is a con text indicator:

• c =  1  → Stimulus is relev ant to the task.
• c =  0  → Stimulus is not related to t he task (may trigger attentional

shifts).

In this work, an element di is used to represent a stimulus and its threshold, 
encoding its salience and relevance to the task. The DNM handles background 
activity and may allow unrelated stimuli to influence processing when c =  0.  The  
SN detects relevant or salient stimuli by comparing input intensity to threshold h,
while the CEN shifts attention and updates thresholds when a non-task-related
event e exceeds h.
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5 Case Study and Results 

To verify the functionality of the proposed model, a case study was conducted 
to simulate the behavior of an agent responsible for sending alerts in a smart 
environment designed to supervise elderly individuals. For this purpose, a sce-
nario was designed with five rooms (kitchen, living room, gym, bedroom, and 
game room) in which the movement of an elderly person is simulated. Some 
events were also simulated to represent some situations of the elderly person, 
the first objective of the agent is to detect falls and consider some events (such
as a sudden loss of vertical posture, prolonged immobility, or abrupt changes
in acceleration) as part of the task. In this case study, several thresholds were
defined, considering a specific label to describe each detected event. An example
of such a threshold is as follows:

DataElement("fall", 0.5, f(h) , ["impact","immobility"], 0.5, 1) 

This DataElement represents the event “fall” of an elderly person with an 
initial detection threshold of 0.5, which is also the default value. Features such as 
“impact” support its iden tification. The sensitivity of this event can be dynam-
ically adjusted by the Eq. 3 because it is currently relevant for the task. 

f(h, l, context) = h + l 
2

− 0.1 · h + l

2
(3) 

Events were simulated at different levels of intensity, representing the salience 
of the event. This salience was compared to the predefined threshold value, 
determining whether the event should trigger a response. The task in question 
was associated with a set of thresholds and each time one of these thresholds 
was exceeded, a dynamic function adjusted the corresponding threshold values
associated with the task. This mechanism ensured that not only a single task-
associated threshold was sensitized, but also other task-associated thresholds
were sensitized, allowing a balanced response to the task stimuli.

5.1 Case Study Results 

Figure 1 shows how our proposal can dynamically adjust the thresholds in 
response to the detection of specific events. Initially, the threshold for detecting 
falls was set at 0.5, and for immobility events at 0.4. Throughout the interaction 
with the environment, and based on the relevance of the events to the ongoing 
task, the thresholds were progressively sensitized. At the end of the evaluation, 
the thresholds were reduced to 0.4128 for the label fall and 0.3279 for immo-
bile. During this phase, five events were introduced, considering that the values 
of immobility were already determined by other cognitive functions: a possi-
ble fall detected in the living room with an intensity of 0.50; the immobility of
the adult for one hour in the bedroom (intensity of 0.60); a possible fall in the
gym (intensity of 0.80); another fall in the playroom (intensity of 0.48); and a
repeated immobility event in the bedroom (intensity of 0.34). In addition, two
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events were not detected because their intensity was below the initial threshold 
required by the salience network: a possible fall in the kitchen (in tensity of 0.47)
and immobility in the living room (intensity of 0.34).

These events would not have been identified with the original thresholds. 
However, after the adjustment process, they were successfully recognized, demon-
strating the system’s ability to adapt its sensitivity. This adjustment was based 
on the interaction between the Default Mode Network (DMN) and the Central 
Executive Network (CEN). While the DMN provided the initial threshold values 
based on prior expectations and the general context, the CEN played a cru-
cial role in adapting these thresholds according to task-relevant goals. Thus, the
proposed mechanism ensured the detection of events with lower, yet contextu-
ally significant, intensities thereby enhancing the system’s responsiveness and
accuracy under dynamic environment.

Fig. 1. Threshold evolution by event t ype

6 Conclusions and Future Work 

This work proposes a model of adaptive attentional thresholds inspired by the 
interaction of key brain networks: DMN, SN, and CEN, linked to the dynamic 
regulation of attentional thresholds based on both internal states and external 
stimuli. Unlike existing cognitive systems that rely on static thresholds, the pro-
posed model adjusts its sensitivity, taking into account the contextual relevance 
of stimuli. This allows it to respond not only to task-relevant cues, but also 
to salient stimuli that may not be directly related to the current task, ensur-
ing a more flexible and biologically plausible attentional modulation, as these
can generate task changes, allowing for greater flexibility and adaptability. Pre-
liminary results from the case study suggest that it is possible to endow an
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agent with the ability to balance internal goals and external demands by pre-
cisely modulating attentional thresholds. These results support our hypothesis 
that adjusting the activation levels of dynamic thresholds allows the system 
to prioritize task-relevant stimuli while remaining responsive to salient exter-
nal cues. The strategy of functionally updating task-bound thresholds improves
attentional performance, highlighting the importance of threshold dynamics as
a central mechanism of context-sensitive cognition in an assigned task.

Our current work addresses to assess the scalability of this mechanism in more 
dynamic environments by considering task switching and explore its integration 
with additional cognitive functions such as learning and decision making. In 
addition, we intend to investigate how these adaptive thresholds may contribute 
to long-term behavioral adaptation and cognitive resilience in artificial agents. 
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