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Featured Application: This work combines a decentralized multi-agent system working form,
using a similar approach to associative memory, focusing on the dynamic association of motion
processes, to achieve clustered recognition of motion behavior by designing a multilayer struc-
tured multi-agent system.

Abstract: Multi-agent systems are suitable for handling complex problems due to their high paral-
lelism and autonomous evolution ability. In this paper, we propose an adaptive clustering multi-agent
learning system for intelligent applications with continuously changing requirements. Each agent
model changes temporal sequences using the longest common subsequence (LCS) algorithm. Mul-
tiple agents collaborate in a multilayer decentralized approach to enhance learning adaptability
and achieve self-supervised behavioral clustering. The system is constructed using a “memory-like”
method and operates primarily on memory access and comparison, avoiding extensive matrix opera-
tions of artificial neural networks while achieving learning and prediction functions. We chose an
unsupervised vehicle behavioral clustering scenario for feasibility validation in which the system’s
cognitive objective is to cluster and recognize vehicle behaviors. In a low computational environment,
the system can complete clustering functions and exhibit continuous learning capabilities when new
behavioral changes occur. The proposed approach achieves an accuracy of 97.4% while processing at
a speed 1–5 times faster than similar clustering algorithms. The verification results indicate that this
system has excellent potential to enhance intelligent sensing front ends.

Keywords: continuous learning; multi-agent system; prediction; adaptability; clustering

1. Introduction

Multi-agent systems are extremely adaptable in dealing with complex problems. These
systems have since been combined with reinforcement learning algorithms, enabling even
more research progress [1,2]. Independent training approaches, such as independent Q-
learning (IQL) [3], suffer from difficulty in achieving learning convergence due to the
shared dynamic instability environment factors, while centralized execution, such as value-
decomposition networks (VDNs) [4], integrates the value function of each agent, improving
performance by ignoring individual characteristics to a greater extent. Most multi-agent
systems use the centralized training and decentralized execution (CTED) approach, such as
MADDPG [5] and QMIX [6]. However, centralized training usually evaluates the agents
and computational tasks based on the system goal in a multi-agent system. In some cases,
learning takes place in a simulator or laboratory [7], where agents have access to additional
state information and can communicate freely through global data sharing.
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In contrast, the decentralized execution approach uses a strategy of decentralizing the
computational tasks, where each agent performs its learning process with local data and
the environment. The decentralized approach also reduces the complexity of interaction
with the increased number of agents and avoids partial observability challenges. There-
fore, finding an effective decentralized execution strategy is important for both training
and execution.

In addition, the process of changing the visual information of the video is always
continuous and connected to the temporal task. If the frame is divided into several regions,
the changes in different regions over time will show a clear regularity. The regularities of
these changes can be summarized in higher dimensions. Therefore, the frame’s change
can be summarized in higher dimensions by focusing on the dynamic situations of many
small regions. The law enables encoding of changes in different regional pictures to
obtain temporally related but different temporal encoding sequences. Real-time clustering
recognition requires neighboring regions at the same level to form a new sequence based
on discrete temporal sequences (DTSs). A multilayer structure for clustering recognition
can cover the global video frame and learn from the summary of small change patterns to
achieve global behavioral recognition.

A multi-agent system is a computing system comprising multiple autonomous enti-
ties that interact with each other to achieve certain goals. Each agent possesses its own
objectives, knowledge, and decision-making capability and can effectively handle parallel
tasks. More importantly, clustering of video behavior would be a very complex task if
only regular modeling was used, whereas a multi-agent approach can segment the frame
to effectively reduce the computational complexity of each agent, and using a multilayer
agent system can cover the entire frame, achieving learning effects from the recognition of
small regions to global behavioral clustering. Thus, based on the decentralization strategy
and the continuity of the encoding of movement information, by using traditional methods
rather than the neural network or reinforcement learning, this paper proposes a memory-
like adaptive-modeling multi-agent learning system, and it makes the main contributions
that follow:

1. The design system handles video-level behavioral recognition, encoding video infor-
mation as a discrete temporal sequence as a means of processing data. The design uses
a multilayer structure, and the clustering results of agents form a new DTS at higher-
layer agents, forming a self-organizing structural pattern in the bottom-up direction;

2. The design agents all use prediction as the evaluation criterion, so they are only
concerned with local performance. The top-layer agent only cares about its own
execution, but it also represents the performance of the system, and its clustering
result is expressed as the recognition result of the video behavior;

3. The dynamic model-building method helps in agent comparison calculations to
achieve pattern recognition or behavioral clustering, and the ability to maintain the
matched models based on matching degree fusion sequence characteristics helps to
achieve continuous learning with online updates.

The choice of a traditional algorithmic solution to design a decentralized multi-agent
system rather than using artificial neural networks means that there is no unified standard
for evaluating the execution state of the agents for centralized management. The real-time
changing nature of the temporal sequence represents a continuous process of movement
state occurrence, and the processing logic of individual agents is reduced to the act of
clustering the temporal sequence for identification and change prediction. This clustering
can be passed on as output in the connected structure of the system based on the clustering
results of the temporal sequence. The theoretical level of a system formed by the combined
connection of agents allows for a process of clustered cognition of complex computational
behavior through the predictive drive mechanism of each agent.

In this study, vehicle footage captured from webcams was used as a validation dataset
for unsupervised video behavioral recognition scenarios. Without any editing or tagging,
the system aims to recognize vehicle types and driving behavior throughout the entire frame
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by utilizing group recognition and collaborative behavior of the system. The validation
results show that the system could cluster the different behaviors reasonably well in
scenarios of the video behavior recognition and that it could dynamically adapt the agent
network data to newly emerging situations. The paper includes an introduction to related
research work and the inspiration for this study (Section 2); DTS coding, the modeling
method, and how the multi-intelligent system operates and the collaboration between
agents (Section 3); experimental operation (Section 4); results and analysis (Section 5);
discussion (Section 6); and a conclusion (Section 7).

2. Related Work

Mainstream multi-agent systems use reinforcement learning for policy optimization.
Moreover, most use centralized training and decentralized execution (CTED) approaches,
such as MADDPG and QMIX, where the learning process is centralized and relies on
labeled datasets to proceed with offline learning. For an agent evaluation problem such
as a credit assignment, Google’s Sunehag et al. [4] proposed a novel value-decomposition
network architecture to solve the “lazy agent”, making each agent a learning goal of its
own, and the overall contribution of the team is the sum of individual contributions. Iqbal
and Sha [8] introduced the attention mechanism on the basis that agents need to pay more
attention to those agents that require attention while learning, allowing the agents’ attention
to be differentiated. Qian et al. [9] propose an evolutionary population curriculum to solve
the problem of excessive learning complexity as the number of agents increases. However,
the centralized training approach still limits the learning freedom of individuals, and it also
requires the manual setting of global evaluation criteria for all agent behavior, limiting the
dynamics of the system.

In video processing, the optical flow method is a commonly used computer vision
technique for estimating pixel motion from image sequences. For example, FlowNet [10,11]
uses a convolutional neural network to solve the optical flow estimation problem. Moreover,
Two-Stream [12–14] uses two classifiers, one trained for RGB graphs and one trained for
optical flow graphs, and then the results of both are subjected to a fusion process. However,
the optical flow method is computationally demanding and slow owing to its high density
computation. In unsupervised video learning, DPC [15] slices video into nonrepeating
blocks by intensive computation and thus predicts future frames. MoAp [16] is similar to
our design concept, which is based on the idea that the human visual system is based on a
series of learned patterns for computing the exact statistics of the data. Additionally, deep
neural embeddings [17] improve the video instance embedding framework by capturing
frames from videos and then composing video embedding from picture embedding to
achieve clustering. However, the unsupervised learning approach requires multiple frames
of interest to be found autonomously, thus making the processing task computationally
intensive. Inspired by traditional optical flow [18,19] and MP3 [20], we chose to use a
background-based modeling approach to convert video frames using filtering to discrete
sequence coding in a binary encoding, which leads to a loss of accuracy and detail but
enables a focus on the changing patterns of the motion process. In the application of
recognizing video-level motion processes, binary encoding methods can satisfy clustering
operations by focusing on the change process without any impact from the loss of precise
RGB information and object details. Furthermore, in the context of video behavioral
clustering recognition scenarios, density-based spatial clustering of applications with
noise (DBCSCAN) [21] and hierarchical agglomerative clustering [22] are two equally
applicable algorithmic models. DBCSCAN is a well-known density-based clustering
algorithm suitable for clustering analysis of lower-dimensional data, while hierarchical
performs multilayer clustering in a treelike structure. Both algorithms have high clustering
recognition rates, averaging above 90%.
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3. Method
3.1. Discrete Temporal Sequence and Empirical Models

Vision behavior occurs with change in RGB information; for example, a hand wave
causes a change in the associated screen area within a specified time. If binary data
(0 meaning no change, 1 meaning a change) is used to represent the change in a certain area
of the screen, as shown in the top half of Figure 1, passing vehicles through the region is
represented as “1”, but different driving situations cannot be distinguished. By subdividing
the screen into four regions as illustrated in the bottom half of Figure 1, data from each of
the four regions can be encoded separately with the same screen space, allowing for the
differentiation of different vehicle situations in the same scene. The four regions can be
coded in chronological order, and the four coding sequences of “0000”, “0011”, “1100”,
and “0110” can be obtained to represent changes of the four regions over time. This
way, by finely dividing and covering the entire visual image area, visual information can
be encoded as a DTS, and feature information extraction can be achieved. For similar
intersections or other complex dynamic scenarios, the structure shown in Figure 1 may not
be sufficient, so additional refinement is necessary.

Figure 1. Encoding the DTS.

Following the principle of associative memory, our designed agents serially model the
input discrete temporal sequence. In addition, the model is a discrete sequence. The model
is used to match the new input DTS using the model to achieve the clustering capability of
the discrete temporal sequence. IDs of selected models from multiple agents are merged
at a higher-layer agent to form a new DTS. As shown in Figure 2, data such as “a”, “b”,
“c”, and “d”, which are input from different frames of an agent, are gradually combined
into the DTS “abcd. . . ” The agent selects the most suitable model by matching it with the
input DTS and outputs the model number as the clustering result using multiple models
that are saved locally. When “1”, “2”, “2”, and “1” are output at different frames, they are
combined into a new DTS “1221. . . ” at the next agent, which represents the activity of
the agent. As for the model built and used by the agents using the memory-like method,
we call it the empirical model (EM). EM is the result of clustering the input DTS by an
agent. By matching the input DTS with the EM, the merging operation can execute the
features of the DTS and EM that matched, which updates the learning model and enables
online learning.
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Figure 2. Application of DTS and EMs.

3.2. Multi-Agent Clustering System

The computational process of discrete temporal sequence matching and the fusion
update and maintenance of the model is performed in each agent, employing a multilayer
hierarchical structure to combine multiple agents. It is worth noting that this system
is designed using traditional methods rather than a fully connected neural network. A
pyramidal structure is used between layers in the multilayer system, where correlated
regions correspond between different layers. Agents only communicate with two types
of data transfer: clustering results, passed from bottom-up, and prediction feedback,
passed in the opposite direction. The communication between agents is performed with
only two kinds of data transfer. The LCS similarity comparison algorithm calculates the
matching degree between any-length DTS and EM in terms of sequence similarity, applied
in the matching computation process, model feature fusion, and prediction. The model-
matching degree is evaluated using the model weights and the LCS which is obtained
by dynamic programming. For the model upgrading operation, according to the model
matching degree, it was decided to update the selected EM in which the LCS is used to
modify the weights of EM units to set an effect of strong and weak memory, or create a
new one.

Each agent implements the computational process of matching discrete temporal
sequences while also performing model operations such as merging and modeling. Agents
employ uniform functional modules within a homogeneous design, and the multi-agent
system is combined using a multilayer, hierarchical structure. Figure 3 shows the structure
of three agents, wherein agent 1 and agent 3 only represent the interface part. Interfaces S_in
and D_out serve for data input and clustering results, respectively. Moreover, interfaces
Fb_in and P_out receive feedback information and output prediction results in the opposite
direction of data transfer. The History Encoder module encodes input data over time into
DTSs, the Model Library module saves local EMs, and the Compare Core module computes
matching scores between DTS data and EMs using feedback information and history
selections from the History State. The Model_op module performs model feature merging
or generates a new model based on the matching performance to achieve self-supervised
learning effects.

Assuming the existence of empirical model M = {m1, . . . , mn} and the DTS
∆ = {δ1, . . . , δn}, the specific algorithm formula of the dynamic planning table using
dynamic programming to find the longest subsequence of the EM with DTS is as follows:

Tij =

{
Ti(j−1) + 1, δi = mj

T(i−1)j, δi 6= mj
(1)

where T is the planning table generated by dynamic programming, δi is a certain sequence
member, mj: a certain model member, and i and j denote pointers to ∆ and M, respectively.
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Figure 3. Agent structure diagram.

Moreover, in a multi-agent system, if each agent is designed only to prioritize its
own performance, it is similar to implementing an independent learning approach for a
single agent, ignoring any underlying systemic relationship among the agents. To address
this challenge, the system uses the DTS and bottom-up multilayer approach, in which
higher-layer agents can learn the model-matching pattern from the lower-layer agents’
behavior. The improved performance is transmitted as feedback to the lower-layer agent,
thereby enhancing its capability to provide priority suggestions during subsequent model-
matching operations. During the model-matching process, if the entity maintains models
that exhibit significant differences, the entity must select the most accurate model at the
outset of the DTS step. However, in cases where similar fragments of several models
overlap, targeted instructions through DTSs are needed to make informed selections
before prediction. Feedback from the higher-layer agent simplifies making faster selections
among several similar models and consequently improves data stability, heightening the
learning convergence of the whole system. Should the feedback be inaccurate, the agent
has the liberty to disregard it depending on the immediate performance. By employing a
multilayer structure and a decentralized self-supervised execution approach, the system
exhibits strong robustness when dealing with dynamic situations in the fields of computer
vision and multi-agent systems.

4. Experiment

In the validation phase, vehicle behavioral recognition in image processing was chosen
as the validation scenario, using a dataset from the Rome Street View traffic intersection [23],
where different types of vehicle driving styles exist. Because the model learning process
can be updated online, there is no dedicated training and testing phase but rather a one-
off process. The experiments were conducted using raw video data for random input
and statistics on the correct rate of behavioral clustering and the effect of self-supervised
online learning.

As shown in Figure 4, the raw frame is divided into 256 sub-regions of size 16 × 16,
forming a total of 256 DTSs. Then, a four-layer proxy structure is used for hierarchical
covering, where each grid in the figure represents an agent. The correspondence between
grids of the same color indicates that the agent handles data of corresponding regions of
a lower layer. Thus, the first layer uses 64 agents for receiving the 256 DTSs that divide
the image, and each agent receives the data corresponding to four regions. The second,
third, and fourth layers use 16 agents, 4 agents, and 1 agent, respectively, where the fourth
layer agent’s clustering effect represents the result of the whole system. In the experiment,
the test was performed a total of 500 times for three driving behaviors, such as straight
ahead and right turn, for the vehicle videos.
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Figure 4. Grid division diagram. One agent at each layer processes the data from the four agents below.

5. Results
5.1. Clustering Performance

Table 1 compares the performance of our system with that of the DBCSCAN and hierar-
chical algorithms, which were implemented and tested on the same dataset. The evaluation
metrics used for performance comparison include the clustering correct rate (CCR), which
represents the percentage of clusters identified correctly for all data, the algorithm space
complexity (memory), and the processing time (PT), which only counts the processing time
for clustering calculations of each algorithm for ease of comparison without considering
the encoded DTS of video data and the input time of videos. Our system’s computational
tasks are decentralized through many agents, translating into collaborative agent behavior
with less complex computational tasks per agent. Therefore, the PT per frame for our
system was 0.31 s lower than that of other algorithms. Moreover, because the agents do
not perform direct floating point computation operations internally but rather query the
EM and use the LCS comparison algorithm, the space complexity was O (N2). Through the
multilayer clustering synergy, our system effectively collected common features of different
regions well to achieve clustering of motion behavior, exhibiting a CCR of 97.4%.

Table 1. Clustering algorithm comparison.

Algorithm CCR (%) PT (S) Memory

DBCSCAN 81.2 1.54 O (N)
Hierarchical 98.5 0.44 O (N2)

Ours 97.4 0.31 O (N2)

5.2. Adaptive Learning Process

Figure 5 depicts the dynamics of the cluster identification experiment performed on
our system. Figure 5a shows the correct rate of clustering for all of the agents (85 agents)
in the test. Figure 5b,c show the interaction of several agents in two layers during the
two inputs. Figure 5d,g show the correct rate of clustering of agents in the first to fourth
layers in the test, respectively. The horizontal coordinate indicates the number of tests,
while the vertical coordinate indicates the proportion of agents clustered correctly. The first
32 times (the orange) represent the system start-up phase, where two types of behavioral
sequential input were performed to help initial model building, followed by (the green)
two types of behavioral random tests. Starting from the 200th time (the blue), the third
type was gradually added during the random test until the end of the test.
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Figure 5. Clustering results. (a) The total correct recognition rate for all agents; (b,c) specific cases of
synergy between agents; (d–g) the correct recognition rate of agents at each layer.

As shown in the figure, in the initial stage and for some time after the 200th test, the ab-
sence of the correlation model led to poor clustering results. Subsequently, the clustering
effect gradually improved with the tests. This effect is seen in Figure 5a,d–g, corroborating
the hypothesis of continuous learning, which is the ability to perform online modeling
learning and continuously update it with new changes.

As shown in Figure 5a, the prediction correctness showed a gradual and stable trend
with the increasing number of inputs. In contrast, at around the 200th test, there was also a
sharp decrease owing to the addition of the new type of video input. The prediction success
rate of all of the agents recovered quickly and continued to rise under the conditions of the
all-random input method, and the amplitude of the oscillations continued to converge. In
summary, in the context of continuous data input and the addition of new types, the system
can perform learning and prediction promptly and adapt to new types.

Figure 5b,c illustrate the experiment’s ability to produce synergy between agents
through predictive behavior. (The figure simplifies the process of receiving feedback from
agent 0, as it is in the first layer and did not produce any feedback output.) As shown,
agent 4 kept at least two empirical models, and there were partially identical segments or
constituent elements in both models, but there were also significant differences. During
input 109, agent 4 performed the process of selecting model “1” first and changing to model
“2” in the middle, and both models’ numbers were output. For agent 0, the data received
from agents 1–4 gradually formed a complete discrete sequence, which can be represented
as a “memory” of the changing process of agents 1–4. By comparing the difference between
the execution of inputs 109 and 110, we found that agent 0 used the new model updated
after input 109, as well as feedback to agent 4 with different information, thus helping agent
4 select a more matching model in advance. Agent 0 used the model changes to assist agent
4 in performing predictive actions and to help agent 0 with model updates. In addition,
the execution process of agent 0 completed the act of information abstraction between
agents to receive multiple agent messages, match, and send the corresponding models.

The figure presented in Figure 5d–g shows the clustering profiles across multiple agent
layers, as described below. Agents 1–64 represent the agents in the first layer (Figure 5d);
similarly, agents 65–80 represent the second layer (Figure 5e), and agents 81–84 are situ-
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ated within the third layer (Figure 5f), whereas there is only one agent (agent 85) in the
fourth layer (Figure 5g). In the area corresponding to each layer, the meaning of the vertical
axis indicates the number of agents activated, as the quantity of triggered agents varies
based on the type of video input. (This is because the number of activated agents is not
consistent in cases of different types of videos. For example, in a certain region of the screen,
one type of input is always stationary, while another type of input changes, and in both
cases, the relevant agents managing this region are in different execution states.) The agents
were divided into three different markers: inactive, correctly predicting, or incorrectly
predicting, according to different status and clustering results. From Figure 5d–g, it can
be observed that agent predictions remain relatively stable at higher levels of the system,
whilst greater fluctuations occur at lower levels. The stratification of agents serves to
demonstrate that even in the presence of erroneous predictions from lower-tier agents,
the majority consensus among higher-level agents ensures accurate predictions.

5.3. The Robustness of the Adaptive System

In experiments with randomly generated video inputs and newly introduced patterns,
the system showed a clear trend of improved clustering performance and strong robustness.
This is because not all agents in the system directly receive and process raw video data. In
the four-layer structure used in the experiment, only the 64 agents in the first layer received
and encoded the raw video information. The 16 agents in the second layer received the
output data from the first layer agents as input. Specifically, the first layer of agents
encoded the raw video information and used EMs to identify clusters based on the encoded
DTSs. After identifying the clusters, the correct model number was selected as output
and transmitted across different frames. The agents in the second layer then received the
outputs of the first layer to create new DTSs. This process continued with agents in the third
layer receiving the outputs of the second layer and agents in the fourth layer receiving those
of the third. Although the number of agents decreased at each successive layer, the DTSs
received by the agents covered progressively larger areas, with the fourth-layer agents
acting on the entire image region. The agents in different layers interact in situations such
as those shown in Figure 5b,c and, through feedback and self-supervised learning, improve
the model’s learning effectiveness, and promote improved clustering. For instance, fully
random unsupervised input testing was performed, and a new motion law was added in
the 200th experiment designed in the study. To address these dynamic issues, the system
can rapidly learn emerging changes in rules and effectively incorporate them.

6. Discussion
6.1. Decentralized and Multilayer Structure

The reason for the sustained improvement in recognition performance of unsuper-
vised video and adaptive learning of new patterns in the experiment is due to the use
of decentralized execution. Although using completely decentralized execution cannot
directly optimize the learning effects of top-level tasks like centralized evaluation, it can
result in individual agents focusing only on their own learning effects. However, the design
of a multilayer structure combined with decentralized execution allows some agents to
perform poorly on tasks and even large numbers of agents may alternately have poor
effects, as long as most agents perform well in the overall execution of the multi-agent
system, good clustering results can be achieved. As shown in Figure 5d–g, the clustering
accuracy of the layered agents is difficult to maintain for all agents in the first three layers
(especially the first and two layers), but the fourth layer (system task hierarchy) can achieve
good clustering results. This feature with layer-by-layer feature retention and commonality
transfer enables the global goal obtained from the individual goal to gradually reach con-
vergence, thus achieving the unification of the individual and global prediction goals. Even
if the environment changes or new data arrive, the system also converges quickly based on
such a prediction feedback synergy and error processing mechanism.
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6.2. Collaboration Triggered by Feedback Behaviors

Controlled experiments were conducted on cooperative effects under the same experi-
mental conditions and datasets by removing inter-agent feedback behavior. The overall
clustering identification results without inter-agent feedback under these circumstances
are shown in Figure 6. Compared with Figure 5a, the system’s clustering effectiveness did
not see a noticeable improvement as the testing experiments progressed, losing its ability
to improve the model. Especially after adding new rules for the 200th experiment, which
resulted in a decrease in identification performance, the system could no longer enhance
recognition performance, leading to poor identification efficiency. This is because the
clustering identification of the system is achieved through the joint clustering of behaviors
among numerous layered agents, where the clustering identification performance of agents
directly influences the identification efficiency of the system. Inter-agent feedback behavior
refers to the suggestion from a higher-layer agent to a lower-layer agent, based on the
higher-layer agent’s summary of the model matching process of the lower-layer agent.
Once the feedback is removed, agents can only rely on self-supervision to judge whether
the previously selected model was correct based on the existing input data, resulting in
repeated switching of the model according to the current data. For the DTSs that are
aggregated based on such model matching processes, the higher-layer agent finds it more
challenging to cluster and recognize them. The addition of feedback can help lower-level
agents choose suitable models in advance. The agent that selects the correct model in
advance not only provides similar feedback behaviors to corresponding lower-level agents
but also produces more stable model number outputs in cases of video frames, which are
more conducive to behavioral clustering at higher levels and improve the system’s behav-
ioral recognition efficiency. Comparative experiments in Figures 5a and 6 demonstrate that
inter-agent feedback behavior can effectively enhance the continuous learning capability of
the system.
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Figure 6. Clustering without synergy.

6.3. Limitations and Future Directions

However, regarding the proposed cluster recognition system, there are still many
factors that can be explored. For example, the choice of the number of layers in the system
is not limited to a four-layer structure, nor is it limited to an exponentially increasing
number of agents, provided that the number of layers is enhanced. In the experimental
validation session, a five- or even six-layered structure was also tested; after all, the more
layers, the finer the original information that is segmented, theoretically allowing for
more refined clustering results. However, during the validation process, we found that
the increase in the number of layers did not lead to much improvement in clustering
performance compared to the four-layer structure with the same dataset. Of course, this
may be because the dataset is not yet rich enough. In addition, the increase in the number of
layers undoubtedly reduced the processing rate of the system at the software level because
of the way the processors execute serially. If, however, the system is validated on a parallel
hardware platform, the processing speed will not be limited by the size of the agents.
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7. Conclusions

This paper proposes an adaptive clustering multi-agent learning system for intelligent
applications with continuously changing requirements. At the single agent level, the sys-
tem uses the memory-like method to construct models and primarily executes memory
access and comparison operations to achieve clustering recognition in a low computational
environment. Among multiple agents, a multilayer decentralized cooperation approach en-
hances adaptability in learning, enabling self-supervised clustering. The proposed system’s
feasibility is demonstrated through video behavioral clustering identification, indicating
that it can achieve clustering functionality and effectively learn and adapt to new changes
in low-computational power environments. These results suggest that the proposed system
holds promise for intelligent sensing front-end applications.
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