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Abstract. The conventional deployment approach for static honeypots is no longer appropriate, and their detection 
performance and resource utilization have declined in modern network defense as software-defined networks (SDN) have 
progressively grown more complex and dynamic. In order to enable intelligent, context-aware cyber deception, this study 
presents an adaptive honeypot orchestration architecture that combines SDN programmability and deep Q-learning 
reinforcement learning. A deep Q-network agent dynamically adjusts decoy sites based on observed adversarial behavior 
and the real-time network status. The general form of the core methodology is a high-dimensional Markov decision process 
for honeypot deployment. The aforementioned technique can increase the average detection rate to 0.85 and improve it by 
almost 20% when compared to that attained by static and periodic techniques, according to numerous experiments 
conducted in the simulated SDN testbed. The false-positive rate is remains less than 4.3% in many assault scenarios, and the 
detection delay has been reduced by around 50%. According to the aforementioned data, the framework maintains a 
comparatively high detection rate as network size and traffic volume increase and is comparatively stable in the face of zero-
day assaults. Deep reinforcement learning will therefore enhance the effectiveness and flexibility of SDN-based honeypot 
systems based on the aforementioned experiments. The design can facilitate the development of a high-performance 
autonomous and proactive network protection system, according to the research mentioned above. 
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Introduction 
Programmable control and centralized orchestration have been proposed to transform network management 
due to the rapid development of Software-Defined Networking (SDN) in recent years [1]. In order to swiftly 
modify the network administrator's configuration and policies, a distributed structure has been implemented; 
nonetheless, criminal groups are increasingly focusing on newly discovered security flaws [2]. By tricking or 
diverting attackers, honeypots are now employed as defensive devices to identify and profile malicious actors 
early on in a controlled environment [3]. Traditional static honeypot deployments in SDN systems have 
demonstrated a number of flaws, including predictable coverage, inadequate scalability for dynamic threats, 
and inefficient use of scarce network resources, despite their long-standing utility [4]. Because attackers can 
now fingerprint static honeypots and avoid or overload them, many of the aforementioned defense strategies 
are frequently unsuccessful [5]. 

As a result, a recurring issue is that traditional defenses are no longer able to keep up with the scope of risk and 
adaptability. Since various automated tools are now being used to launch targeted attacks and carry out lateral 
movement and network surveillance, static honeypots are no longer effective in the face of the new threats [6]. 
Security solutions must be able to function and react quickly at a finer granularity due to the high dynamism and 
frequent changes in the SDN-controlled network infrastructure [7]. For the challenge described in [8], a 
completely new approach that is intelligent, context-aware, and highly adaptive is therefore needed. In domains 
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that are complicated in terms of sequential decision-making and partial observability of the state—two features 
of SDN network protection—recent advancements in deep reinforcement learning (DRL) have demonstrated 
encouraging outcomes [9]. A combination of DRL and honeypot deployment techniques will be employed to 
improve the attack environment's response time by consistently improving the security level of outdated 
systems [10].  

This research proposes a new adaptive honeypot deployment technique for SDN based on Deep Q-Learning in 
light of the aforementioned new issues. We can perform useful, timely, and cost-effective deception by 
dynamically placing and moving honeypots in response to network changes and various hostile behaviors. In 
addition to presenting an example of intelligent, fine-grained defense agility in a programmable network 
architecture, this paper will also demonstrate how to strengthen attacker detection and countermeasures. 

Related Work 

Advances in SDN Security 

In order to enable programmable and centrally managed policies, Software-Defined Networking (SDN) is a 
fundamental shift in network administration and security architecture that divides the control and data planes 
[11]. As a result, a variety of security features, including divided traffic flow and precise access control, can be 
used flexibly in a wide range of diverse, non-uniform situations [12]. In a multi-tenant platform, flow isolation 
and network slicing have been utilized to create several tenants and rigorously segregate resources to stop 
attackers' lateral movement and privilege escalation [13]. Moving Target Defense (MTD), which uses 
mechanisms that proactively and periodically alter network configurations, like IP addresses and communication 
paths, to make it more difficult for attackers to conduct reconnaissance and exploitation, has recently gained 
importance in SDN security [14].  

By identifying abnormal behavior early on and supporting context-aware automatic defense, SDN controllers 
have been used to advance the development of machine learning-based anomaly detection [15]. They also offer 
an all-seeing perspective for observing and analyzing the entire network status. Even with the aforementioned 
advancements, SDN still has issues including controller bottlenecks and a single point of failure, and maintaining 
consistent policies in extremely dynamic networks is comparatively expensive [16]. The necessity for security 
measures has been steadily increasing as attacks have gotten more automated and adaptive, necessitating a 
shift in their form. There is also a growing recognition that the high demands for quick creation and ongoing 
innovation in response to emerging network threats cannot be met by static and merely reactive security [17]. 

Honeypot Deployment Strategies 

Honeypots have long been used as early warning systems, to trick intruders, and to explore attack techniques in 
production and research networks [18]. Static honeypots were first installed at predetermined locations 
throughout the network to make it easier to monitor intrusions. However, because they were static, they were 
vulnerable to fingerprinting and were eventually circumvented by knowledgeable attackers [19]. Dynamic 
honeypot frameworks, which can alter their location, function, or level of interaction with attackers in response 
to current threat intelligence, have started to emerge as a solution to this issue [20]. Network virtualization has 
improved distributed honeypot systems to use geographically dispersed or cooperative decoys, increasing the 
attack surface and adversary engagement [21].  

With the advent of SDN, programmable control and honeypot deployment have been closely integrated, 
enabling quick reconfiguration and covert redirection via central instructions [22]. The aforementioned hybrid 
models include the ability to generate decoy nodes on demand. These decoy nodes can be spun up, moved, or 
modified with minimal damage to real traffic and system resources in the case of an attack or traffic anomaly. 
However, there are still operational challenges in the pursuit of both effective deception and low resource 
consumption/high defense scalability [23]. The need for real-time, intelligent orchestration of honeypot assets 
that can proactively anticipate and respond to emerging threats has increased as adversaries have started to 
employ sophisticated evasion and fingerprinting techniques [24]. Research is currently being conducted to 
determine how to optimize honeypot efficiency and automate their adaptive placement and scaling in expansive, 
dynamic ecosystems [25]. 
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DRL in Network Security 

Many non-rule-based and non-static artificial intelligence models are currently being deployed, and Deep 
Reinforcement Learning (DRL) has recently started to be applied in tackling network security challenges. By 
physically interacting with the environment, Deep Reinforcement Learning (DRL) agents can acquire effective 
defensive methods. These techniques are then continuously adjusted based on the rewards or penalties they 
receive for the results of attacks and defenses. By employing deep neural networks for high-dimensional input 
data, intrusion detection based on Deep Reinforcement Learning (DRL) has been proposed to increase the 
recognition accuracy of novel attack types and react quickly to emerging threats. Additionally, research has 
extended to the use of DRL for adaptive security controls in software-defined architectures and the real-time 
orchestration of autonomous mitigation of network threats, including DDoS and stealthy infiltration events. 

Even though there has been considerable improvement in recent years, the majority of DRL solutions still 
primarily concentrate on anomaly detection, direct attack prevention, and discovery after the fact. Fewer have 
investigated proactive and adaptive deception techniques, like the deployment of intelligent honeypots. 
Achieving high-accuracy attack prediction and fast adaptation to the network's present state, resource 
constraints, etc. is one of the challenges in optimizing these deployments. Additionally, advancements in 
cooperative multi-agent systems, effective exploration of huge state-action spaces, and reward function design 
for stable learning and security are required to deploy DRL-based deception at scale within SDN. Close the 
aforementioned flaws to create an autonomous and intelligent defensive mechanism in contemporary SDN-
based networks. 

Methodology 

Adaptive Honeypot Deployment Framework 

Because of the persistent and rapidly shifting nature of today's adversarial campaigns against programmable 
networks, the required security architecture must be highly automated, context-aware, and responsive. Through 
centralized intelligence and the fine-grained programmability of SDN, the adaptive honeypot deployment 
methodology described here is intended to impede attacker reconnaissance and lateral movement. 

The SDN controller, at the heart of the system, creates a comprehensive map of the network at the millisecond 
level that includes all hosts, flows, past event logs, and active security policies. This global awareness provides 
the basis for both cover-up and discovery, allowing for the planning of low-impact, fast-reaction measures. An 
autonomous reinforcement learning agent within the controller's application layer continuously learns from 
high-dimensional state data to identify the ideal placements for the honeypot pool. 

At the network's entry and exit points, distributed monitoring probes continually record and analyze traffic. 
Multi-dimensional feature sequences, including protocol disaggregation, inter-arrival time data, IP address and 
port distribution entropy values, and sliding-window aggregates of aberrant burstiness or protocol deviation, 
are extracted by the aforementioned sensors. The agent's whole observation space is encoded using these 
feature vectors in order to better examine the state of the network and potential threats. 

This observation matrix will be provided to the RL agent in real time, and it will utilize its learnt policy to forecast 
when and how sophisticated attackers will start working. The agent will use the Q-network to select a reaction 
when it detects anomalous or unclear traffic; at that point, it can give confidence levels to several options for 
relocating or establishing a honeypot throughout the network. The orchestration API instantly converts the 
aforementioned choices into sequence-modified flow rules and virtual resource deployments. The enemy is in 
an unstable condition because decoy resources can be made to appear and disappear or to shift their locations 
in less than a second. 

The integration of agent status data from distributed system loads, recent attack incident vectors, topology 
graphs, and spatial coverage maps of current honeypots is a novel feature. The synthesis creates a context-
aware state that directly includes the marginal utility of each new honeypot deployment as well as the 
probability of an incoming compromise in any subnetwork. As a result, the agent's reward signal will depend on 
subtle penalties and bonuses for resource utilization, coverage redundancy, and inferred adversarial evasion in 
addition to the success of the conventional deception, such as an adversary interacting with a decoy host. 
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Empirical deployment scenarios also demonstrate the primary mode of operation. Monitor sensors will initiate 
feature upgrades and ask the agent to reevaluate the anticipated threat impact if the system detects an 
unanticipated increase in aberrant flow direction to a previously normal subnet. On-demand allocation will be 
initiated, SDN controller flows will be changed to reroute the malicious traffic, and regular service will continue 
if the Q-network offers a substantial incentive for setting up a new honeypot on the impacted subnet. To 
increase overall coverage and deceive the adversary's reconnaissance, the agent will disable or relocate the 
deployed honeypot if the identical attack signature is discovered elsewhere. 

The constant observation-feedback-dynamic honeypot-deployment cycle required for long-term, real-time 
defense in the SDN environment is depicted in Figure 1, which also depicts the whole technical collaboration 
among these modules. 

 
Figure 1. Adaptive Honeypot Deployment Architecture. Interactions among controller, DRL agent, monitors, orchestration, and dynamic 

honeypots enable adaptive defense 

Deep Q-Learning Driven Placement Algorithm 

The foundation of adaptive honeypot placement lies in modeling the deployment challenge as a high-
dimensional, non-stationary Markov Decision Process (MDP), allowing the agent to learn strategic defensive 
maneuvers informed by observed adversarial activity and network states. At each discrete time step 𝑡𝑡, the agent 
perceives the environment through a feature-rich state vector 𝐒𝐒𝑡𝑡, encapsulating network-wide metrics such as 
honeypot coverage ratios, flow entropy per subnet, hop-wise propagation delays, system-level resource 
headrooms, and historic alert profiles. 

In our implementation, the state vector 𝐒𝐒𝑡𝑡 is constructed by concatenating sub-vectors representing: Binary 
honeypot presence matrix 𝐻𝐻𝑡𝑡 ∈ {0,1}𝑀𝑀×𝑁𝑁 , with 𝑀𝑀 honeypots and 𝑁𝑁 subnets, Per-node traffic statistics 𝑇𝑇𝑡𝑡 ∈
ℝ𝑁𝑁×𝐹𝐹 (e.g., mean packet rate, destination entropy, atypical protocol frequency), Resource load snapshots 𝐿𝐿𝑡𝑡 ∈
ℝ𝑀𝑀 (CPU, memory),Topological vulnerability scores 𝑉𝑉𝑡𝑡 ∈ ℝ𝑁𝑁. 

For a typical scenario 𝑀𝑀 = 20 honeypots, 𝑁𝑁 = 50 subnets, and 𝐹𝐹 = 8 traffic features, yielding a state space of 
dimensionality exceeding 1,000. A sample state input might be a flattened 1,060-dimensional vector in practice. 

The action space  𝒜𝒜𝑡𝑡 comprises the Cartesian product of all feasible honeypot placement or migration 
operations for the current network, where action 𝑎𝑎𝑖𝑖,𝑗𝑗  encodes relocating honeypot 𝑖𝑖 to subnet 𝑗𝑗 (subject to 
budget, load, and coverage constraints). For instance, with real networks supporting up to 20 parallel honeypots 
and 50 candidate subnets, the valid action set can easily surpass 1,000 possibilities per step. 

The agent's decision objective is to maximize a discounted sum of future security rewards. Formally, its goal is 
to learn an optimal policy 𝜋𝜋∗ that maximizes: 
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max
𝜋𝜋
 𝔼𝔼 ��  

∞

𝑘𝑘=0

 𝛾𝛾𝑘𝑘𝑟𝑟𝑡𝑡+𝑘𝑘+1� Eq.(1) 

where 𝑟𝑟𝑡𝑡+𝑘𝑘+1 is the stepwise composite reward, and 𝛾𝛾 ∈ (0,1) is the temporal discount factor. The reward at 
every stage is a weighted blend reflecting the change in attack detection, relative performance overhead, and 
unpredictability injected into attacker perception: 

𝑟𝑟𝑡𝑡+1 = 𝛿𝛿det(𝑡𝑡 + 1) − 𝛼𝛼1 ⋅ 𝑐𝑐move(𝑡𝑡 + 1) + 𝛼𝛼2 ⋅ ℎentropy(𝑡𝑡 + 1) Eq.(2) 
where 𝛿𝛿det is the incremental honeypot-triggered detection rate, 𝑐𝑐move  is the cumulative resource cost of decoy 
movements, and  ℎentropy  is the Shannon entropy of decoy placement distribution. A typical reward weight 
configuration found effective in simulation was 𝛼𝛼1 = 0.5, 𝛼𝛼2 = 0.3. 

The agent approximates the Q -function 𝑄𝑄(𝐒𝐒𝑡𝑡 ,𝑎𝑎𝑡𝑡) using a deep neural network parameterized by Θ : 

𝑄𝑄(𝐒𝐒𝑡𝑡 ,𝑎𝑎𝑡𝑡;Θ) ≈ 𝔼𝔼 �𝑟𝑟𝑡𝑡+1 + 𝛾𝛾max
𝑎𝑎′

 𝑄𝑄(𝐒𝐒𝑡𝑡+1,𝑎𝑎′;Θ) ∣ 𝐒𝐒𝑡𝑡 ,𝑎𝑎𝑡𝑡� Eq.(3) 

At each learning update, the loss function for mini-batched experience replay is: 

ℒ(Θ) =
1
𝐵𝐵
�  
𝐵𝐵

𝑖𝑖=1

�𝑦𝑦(𝑖𝑖) − 𝑄𝑄�𝐒𝐒𝑡𝑡
(𝑖𝑖),𝑎𝑎𝑡𝑡

(𝑖𝑖);Θ��
2
 Eq.(4) 

where the target value is: 

𝑦𝑦(𝑖𝑖) = 𝑟𝑟𝑡𝑡+1
(𝑖𝑖) + 𝛾𝛾max

𝑎𝑎′
 𝑄𝑄�𝐒𝐒𝑡𝑡+1

(𝑖𝑖) ,𝑎𝑎′;Θ−� Eq.(5) 

with Θ−representing target network weights, updated every 𝐶𝐶 steps with Polyak averaging for training stability. 

Exploration is regulated via a softmax (Boltzmann) distribution over actions: 

𝑃𝑃(𝑎𝑎𝑡𝑡 ∣ 𝐒𝐒𝑡𝑡) =
exp (𝑄𝑄(𝐒𝐒𝑡𝑡 ,𝑎𝑎𝑡𝑡)/𝜏𝜏)

∑  𝑎𝑎′∈𝒜𝒜  exp (𝑄𝑄(𝐒𝐒𝑡𝑡 ,𝑎𝑎′)/𝜏𝜏) Eq.(6) 

with adaptive temperature 𝜏𝜏 decreased as convergence stabilizes empirically. To ensure learning from rare, 
critical security events-such as detection of zero-day behaviorsthe replay memory is prioritized by the absolute 
temporal difference error: 

𝑝𝑝𝑖𝑖 = |𝛿𝛿𝑖𝑖| = �𝑦𝑦(𝑖𝑖) − 𝑄𝑄�𝐒𝐒𝑡𝑡
(𝑖𝑖),𝑎𝑎𝑡𝑡

(𝑖𝑖);Θ�� Eq.(7) 

Transition batch sampling is weighted by 𝑝𝑝𝑖𝑖
𝛽𝛽, where 𝛽𝛽 controls focus on informative or outlier transitions. 

Action utility is further regularized with a spatial uncertainty penalty to discourage excessively predictable or 
concentrated deployments: 

𝐽𝐽uncertainty = −𝜇𝜇�  
𝑁𝑁

𝑗𝑗=1

𝑝𝑝𝑗𝑗log 𝑝𝑝𝑗𝑗 Eq.(8) 

where 𝑝𝑝𝑗𝑗  is the marginal probability of a honeypot being present at subnet 𝑗𝑗 in the agent's decision history, 
and 𝜇𝜇 is a tunable penalty factor (selected, for instance, as 𝜇𝜇 = 0.2 in large, highly dynamic network scenarios). 

In a typical experiment spanning 24 hours of real-world (or emulated) SDN traffic, the algorithm dynamically 
repositioned honeypots  900 − 1200 times, leading to a  24% increase in attack detection rate and a 38% 
reduction in resource overhead compared to static or periodic random placement baselines. Average state 
vector dimensionality exceeded 1,000, with per-step raw feature update rates of 200-500 ms, demonstrating 
strict real-time operational viability. 

Figure 2 illustrates the end-to-end algorithm workflow, beginning from distributed feature aggregation, Q-
network inference, action stochastics, through orchestration of SDN rule updates and honeypot instantiation, 
and culminating with feedback-driven experience replay. 
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Figure 2. DQN-based Dynamic Placement Workflow. The workflow shows state encoding, policy evaluation, and adaptive honeypot actions 

via SDN enforcement 

Experimental Setup 

Simulation Environment and Parameters 

The experiments will all be carried out in a hybrid SDN emulation platform built on Mininet and controlled by an 
OpenFlow 1.5 Ryu controller to guarantee their dependability and repeatability. The hardware testbed's two 
Intel Xeon Silver 4216 dual-socket CPUs are supplemented by two 10GbE Ethernet ports for network connectivity 
and 128 GB of DDR4 memory. Two core switches, six aggregation switches, and twelve leaf nodes make up the 
virtualized topology, a three-tier spine-leaf data center design. To replicate a typical multi-tenant campus, 100 
virtual hosts are deployed and organized into one of the 20 logical subnets. Typical round-trip times range from 
0.4 to 2.3 ms and follow a log-normal distribution with a mean of 1.1 ms. NetEm is used to simulate node and 
interlink delays and is experimentally limited to recreate temporal jitter in a production context. 

A set 10% of a single CPU core and a maximum of 256MB of RAM are allotted to each honeypot node, which 
runs inside LXC containers. A high-density defense-in-depth network would typically have this kind of resource 
budget. After running a full-stack interactive decoy service, each honeypot centrally gathers network flows, 
system call traces, and application logs for behavior analysis. 

A combined background and assault corpus drives the data plane. The USTC-TFC2016 and CICIDS2018 datasets, 
as well as east-west and north-south traffic distributions that represent enterprise traffic diurnal cycles, are used 
to modify and replay benign flows. Attack streams, including port and vulnerability scans, automated credential 
brute-force attacks, staged malware dropper beacons, and lateral movement exploits of shared service 
exposures, are created by coordinated Metasploit launches and custom polymorphic shellcode in order to 
introduce adequate adversarial diversity. The average frequency of injection attacks is 45 adversarial episodes 
per 10-minute epoch, which are dispersed at random between test periods and subnets. 

Resource constraints are experimentally varied by adjusting the total active honeypot budget B in the range 8-
24, providing empirical insight into detection-resource tradeoffs. The adversary intensity factor φ is calibrated 
as the mean attack occurrences per subnet per simulation hour, swept through values between 0.06 and 0.28. 
The benign fraction of total network flows, denoted as η, is stochastically sampled between 0.88 and 0.97 for 
each epoch to represent realistic fluctuation in day-to-day benign workloads. 

Delay the spread of SDN flow rules by a predetermined amount of time—three seconds—to replicate 
orchestration lag in a realistic manner. For environmental observation, agent action, and metric collection 



Adaptive Honeypot Deployment in Software-Defined Networks Based on Deep Q-Learning 
https://doi.org/10.64972/jaat.2026v4.145p23e:303-316 

309 
 

synchronization, simulation intervals are set to 300 seconds; at this point, the RL policy can only be modified 
once per interval to match the enterprise deployment rate. To guarantee impartial and completely repeatable 
runs, all assaults, honeypot activations, and system state snapshots are captured at high resolution, and 
experiment random seeds are sourced from cryptographically robust entropy sources. 

Evaluation Metrics and Baselines 

The quantitative evaluation framework is built to rigorously compare detection effectiveness, operational 
efficiency, and misdetection risk across all tested schemes, using strictly defined mathematical metrics. 

The adaptive detection rate quantifies true adversarial engagements captured by the honeypot ensemble, 
defined for each interval as: 

Δdetect =
|𝜓𝜓detect ∩ 𝜓𝜓true |

|𝜓𝜓true |
 Eq.(9) 

where 𝜓𝜓true  is the interval＇s set of all real attack events, and 𝜓𝜓detect  those intercepted by honeypots. 

Detection latency reflects system responsiveness; for every adversarial event detected, the mean delay until 
recognition is calculated as: 

Λd =
1

|𝜓𝜓detect |
�  

𝑎𝑎∈𝜓𝜓detect 

�𝜏𝜏𝑎𝑎, detect − 𝜏𝜏𝑎𝑎, event � Eq.(10) 

where 𝜏𝜏𝑎𝑎, detect  and 𝜏𝜏𝑎𝑎, event  are the actual detection and real occurrence timestamps, respectively. The false 
positive rate measures the fraction of benign events erroneously flagged as attacks： 

Θfp =
�𝜓𝜓fp�

|𝜓𝜓detect | + �𝜓𝜓fp�
 Eq.(11) 

Here,𝜓𝜓fp represents benign activities misclassified by the system, normalized over all decoy－ induced alerts. 

Operational cost is analytically decomposed into normalized CPU and memory usage per honeypot instance： 

Ωcpu =
1
𝑇𝑇𝑇𝑇

�  
𝑇𝑇

𝑡𝑡=1

�  
𝑁𝑁

𝑛𝑛=1

CPU(𝑛𝑛, 𝑡𝑡)
CPUmax

 Eq.(12) 

Ωmem =
1
𝑇𝑇𝑇𝑇

�  
𝑇𝑇

𝑡𝑡=1

�  
𝑁𝑁

𝑛𝑛=1

MEM(𝑛𝑛, 𝑡𝑡)
MEMmax 

 Eq.(13) 

with  𝑇𝑇 as the total number of sampling intervals and  𝑁𝑁 the honeypot count. Finally, deployment entropy 
assesses the spatial unpredictability of honeypot positioning, characterizing defense diversity across the 
network： 

Γhp = −�  
𝐾𝐾

𝑗𝑗=1

𝑃𝑃𝑗𝑗log2 𝑃𝑃𝑗𝑗 Eq.(14) 

where 𝑃𝑃𝑗𝑗 is the empirical probability of honeypot presence in subnet 𝑗𝑗 across all epochs, and 𝐾𝐾 the total subnet 
count. 

Performance is aggregated over all intervals for comparative analysis. The adaptive RL －driven scheme is 
contrasted with three baselines： classic static random deployment, periodic round－ robin placement, and a 
reward －constant ablation configuration. For methodological transparency, ablation studies are performed by 
fixing the state encoder or reward function, or reducing Q －network complexity, to expose the impact of each 
individual component on security and efficiency outcomes. 
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Results and Analysis 

Detection and Performance Comparison 

The effectiveness of the adaptive honeypot orchestration may be determined through a thorough time-series 
study of the detection findings, as illustrated in Figure 3. Figure 3(a) illustrates how the adaptive paradigm 
consistently maintains a detection rate of over 0.83 across all examined periods, greatly surpassing both the 
static method's detection rate of approximately 0.62 and the periodic deployment method's detection rate of 
approximately 0.69. The aforementioned findings show that reinforcement learning-based placement is 
sensitive to changes in the attacker's path and are most noticeable during the intervals of the spikes in hostile 
probing. 

The subnet-level decoy coverage for each technique is displayed in Figure 3(b). Through adaptation, the variance 
across epochs was decreased and a mean effective subnet protection of 91% was attained. This is not the same 
as the previous two models; instead, they have gaps and are, in a way, non-continuous, which gives sophisticated, 
persistent attackers safe havens. 

Adversarial interactions vary in scope and intensity across different platforms. The cumulative count of unique 
adversary contacts per epoch in the adaptive deployment consistently surpasses 70 and is substantially higher 
than that of static and periodic strategies, as illustrated in Figure 3(c). We will be able to identify the initial 
instances of such an attack and produce a huge number of adversarial behavior samples for further analysis and 
training thanks to the broader coverage. 

 
Figure 3. Detection Rate vs. Strategies. (a) Average detection rate over evaluation epochs for static, periodic, and adaptive deployments. 

(b) Distribution of decoy subnet coverage across epochs and methods. (c) Cumulative count of unique adversarial engagements per 
experiment 

 
Figure 4 illustrates operational risk and response efficiency. The adaptive agent has lowered the median 
detection delay to just 6.5 seconds, as seen in Figure 4(a); under the static baseline, the detection time is typically 
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greater than 12 seconds. The adaptive deployment maintains its advantage and detects all test cases very quickly, 
even in the face of bursty and high-intensity threats. 

Figure 4(b) illustrates the degree of service damage. The adaptive approach has consistently maintained a false-
positive rate of less than 4.3%; the static and periodic baseline models are still at about 9%. To avoid a decline 
in trust in the security team and a rise in operational expenses, the dependability must satisfy the demands of 
practical application. 

The false positive rate and detection latency operating range for each strategy at various detection thresholds 
are displayed in Figure 4(c). The adaptive approach is ideal for defense in resource-constrained, high-traffic SDN 
situations because it continuously traces a better Pareto front, limiting the increase in alert noise as detection 
thresholds rise. This results in lower latency at a comparatively low cost to precision. These multilayered results 
confirm that adaptive honeypot orchestration yields superior detection, resilience, and risk control, while static 
and periodic policies remain susceptible to both coverage gaps and delays as attack complexity intensifies. 

 
Figure 4. Latency & False Positive Trend. (a) Detection latency by epoch. (b) False positive rate over time. (c) Latency vs. false positive 

Pareto frontier 

Ablation Study and Parameter Sensitivity 

Conduct sensitivity analyses and ablation experiments methodically to investigate ways to enhance the efficacy 
of adaptive honeypot deployment by taking into account a number of factors, including reward signal design, 
state feature dimensionality, and network topology adaption. The results are displayed in Figure 5, where each 
subplot displays the quantitative impact of an environment and a key RL agent component. 

Figure 5 (a) displays the outcome of reward shaping. The detection rate decreases by more than 14% and 
approaches the values in a simple, non-adaptive baseline when the entropy-maximizing and diversity-promoting 
factors are eliminated from the reward. Simultaneously, an excessively high weight for the resource penalty 
term will result in a modest rise in resource consumption but a decrease in detection rate. Under all adversarial 
activity situations, only the composite reward formulation consistently achieves a detection rate greater than 
0.83. Therefore, to balance the scope of advanced threat coverage with operational overhead, a precise and 
comprehensive incentive design is required. 

Figure 5(b) demonstrates the need for rich and multi-scale state encoding based on the aforementioned analysis. 
Engagement directly decreased when the high-resolution traffic statistics were removed; detection latency 
surpassed 50% and unique attacker encounters per epoch decreased from 71 to 55. The coverage and detection 
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time will both decline in the absence of topology awareness since it will take the RL agent a considerable amount 
of time to learn how to adapt to a changed attack path. All of the feature set has been added to achieve a 
significant improvement by combining micro-level process telemetry and macro-level topology: the latency is as 
low as 6.4 seconds, the engagement rate surpasses 70 per epoch, and comprehensive state representation is 
therefore considered necessary for reliable adaptation in SDN. 

Figure 5(c) displays parameter sensitivity to changes in topology and network growth. Adaptive coverage 
remains reasonably high when the network size is increased from 20 to 60 subnets; that is, it gradually drops 
from 0.91 to 0.83. Static feature encoding techniques, on the other hand, are much less effective and reach as 
low as 0.61 in the largest scale. The adaptive method's aforementioned resilience also makes it appropriate for 
real-world applications in dynamic cloud and campus environments were network size or division changes often. 

Figure 5 illustrates how reinforcement learning (RL)-driven deception is highly sensitive to the interplay between 
fine-grained reward signals, expressive and dynamic state representations, and an awareness of the network's 
structure based on the aforementioned ablation and sensitivity analyses. Any decrease in these capacities will 
result in an instantaneous, measurable loss of flexibility and detection, demonstrating the necessity of 
integrated, multi-dimensional optimization of next-generation honeypot orchestration. 

 
Figure 5. Impact of Reward, State Features, and Topology. (a) Detection rates by reward variant. (b) Latency and engagement vs. feature 

set. (c) Coverage robustness across network scales. 
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Robustness, Scalability and Case Studies 

The adaptive framework's scalability and resilience have been put to the test in an open environment with high-
capacity operation and the introduction of new threats. The results show that the system can handle adversarial 
unpredictability, unequal load distribution, fast topological expansion, and numerous evasion techniques (Figure 
6). 

Even when the attack type quickly shifts between scanning, brute force, and lateral movement, the adaptive 
orchestrator's detection rate stays over 0.80 in the composite multi-stage attack scenario depicted in Figure 6(a). 
On the other hand, since committed threat actors have already evaded the static decoy, the static deployment 
slows considerably and reduces more abruptly at that point. As a result, using RL-based migration will guarantee 
ongoing coverage and learning even in the face of organized, diverse attacks. 

Another flaw is the scale factor. As illustrated in Figure 6(b), the adaptive strategy avoids the severe drop-in 
detection rate and unacceptably long response times exceeding 18 seconds that occur under static decoy 
allocation, while maintaining a high detection rate even when the attack rate is doubled or tripled and only 
slightly increasing latency, not exceeding 8.9 seconds at triple the baseline rate. One of the most dangerous 
border situations is the development of unexpected, policy-blind (zero-day) threats, as shown in Figure 6(c). The 
adaptive system has maintained a high interception rate of 67%, demonstrating the usefulness of ongoing, state-
driven self-organization in identifying abnormalities not previously modeled. 

 
Figure 6. Robustness under Adversarial Environment. (a) Detection under variable attack patterns. (b) Performance at increasing attack 

rates. (c) Interception of zero-day cases 
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Figure 7 illustrates the scalability trend. The detection rate for adaptive deployment decreases only slightly when 
the number of subnets grows from 20 to 80, as Figure 7(a) illustrates, and it stays above 0.82 at the maximum 
size. Simultaneously, both periodic and static placements rapidly decrease as network order increases, falling 
below 0.56; as a result, they are prone to scaling and call for adaptive methods. In large SDN networks, dynamic 
RL-based allocation can be used to maintain both efficiency and responsiveness because, as Figure 7(b) 
illustrates, resource costs per successful detection only rise sublinearly with scale under adaptive placement; 
static methods, on the other hand, show a relatively steep linear rise. 

A typical example of an attacker altering their tactics mid-experiment to target a previously unmonitored 
location laterally is shown in Figure 7(c). Subnet coverage and detection rate have both restored to their pre-
attack levels without human intervention after just three RL framework decision cycles, according to the data. 
The Defense Forces' rapid and automated reorganization shows that they are ready to tackle novel and 
unidentified dangers. 

These are the architectural value and policy-driven adaptations of continuous learning when combined, as 
illustrated in Figure 7. Even when both the attack surface and the adversary's tactics are subject to unpredictable 
changes, the system can function normally in a range of challenging or unevenly distributed network conditions 
and has minimal resource utilization and risk. 

 
Figure 7. Scalability and Adaptiveness. (a) Detection rate vs. network size. (b) Resource efficiency with scaling. (c) Automated adaptation to 

adversarial tactics 

Conclusion 
In order to achieve high-fidelity, context-aware cyber deception in large-scale networks, this study presents a 
novel adaptive honeypot deployment system that makes use of SDN programmability and reinforcement 
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learning. The intelligence and operational flexibility of current network security have been improved by 
incorporating a deep Q-learning mechanism with fine-grained state encoding and reward shaping. The dynamic 
placement of honeypots can be viewed as a high-dimensional Markov Decision Process. 

The results of every experiment demonstrate that the new system has performed better than the static and 
periodic baseline across all security domains. Although the complexity of adversarial samples has increased, 
both detection delay and false-positive rates have continuously dropped. Promising gains have been made in 
detection rate, which now consistently outperforms older approaches in light of diverse attack strengths. To 
make sure that efficiency and coverage are maintained in the event of an expanded attack surface and a new 
network topology, as well as that it can manage new or coordinated attacks independently, thoroughly test the 
adaptive controller's scalability and robustness. 

There are still certain shortcomings. More study is required on scalable continual learning and adversarially 
robust policy updates since learning efficiency has a significant attack correlation and is susceptible to quick 
topology changes. In the future, it will be utilized in real-world operations and integrated with cooperative multi-
agent systems for distributed deception. The current evaluation is structured, but it is based on controlled and 
simulated situations. Together, these studies have established a solid technical basis for autonomous adaptive 
defense and paved the way for proactive cybersecurity architecture of the future. 
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