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Abstract 

Adaptive cycle engines can adjust bypass ratio and operating modes to achieve low fuel consumption during 

subsonic cruise and high thrust in supersonic flight. However, the optimization of transient control laws remains 

highly challenging due to strong aerothermodynamic coupling, pronounced nonlinear transient behavior, and 

coordinated control of multiple actuators. To address these challenges, this paper first employs the deep 

deterministic policy gradient (DDPG) algorithm to optimize the transient control laws at multiple typical 

operating points. Considering the high training cost of deep reinforcement learning and the inherent limitations 

of conventional similarity and isothermal scaling methods in full-envelope control law extension, a transfer-

learning-based closed-loop extension framework is further proposed. The optimized control policies obtained 

at individual operating points are reused as the prior knowledge by sharing their neural network parameters, 

enabling efficient transfer to similar target conditions. Meanwhile, spectral clustering is employed to partition 

the engine flight envelope into characteristic subregions, providing a structured guidance for the transfer 

learning (TL) and mitigating error accumulation across the envelope. Simulation results demonstrate that the 

proposed TL-DDPG approach can effectively coordinate six control variables to accomplish wide-range 

acceleration of a three-bypass adaptive cycle engine over a wide flight envelope, while satisfying the turbine 

inlet temperature and the compressor surge margin constraints. Compared with conventional DDPG, the 

proposed method reduces the training episodes by more than 60% and exhibits strong robustness and 

generalization capability under cross-region operating conditions. The results indicate that the proposed 

framework provides an efficient and reliable closed-loop solution for full-envelope transient control law 

extension of adaptive cycle engines. 

Keywords: Adaptive cycle engine; Deep reinforcement learning; Transfer learning; Transient optimization; Full-
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1. Introduction 

The adaptive cycle engine (ACE) can achieve a wider range of performance matching among 

different flight missions by changing bypass flow paths, equivalent bypass ratio, and multiple 

variable-geometry components [1]. Compared with conventional turbofan engines, ACE can switch 

between high-thrust and low-fuel-consumption modes according to mission requirements. During 

subsonic cruise, propulsion efficiency can be improved by increasing the bypass flow rate and 

equivalent bypass ratio; during supersonic dash or high-maneuvering flight, high thrust demand can 

be satisfied by reducing the equivalent bypass ratio and increasing the specific thrust [2]. Therefore, 

the optimization of control schedules not only determines whether the steady-state performance 

potential of the engine can be fully exploited, but also directly affects its dynamic response capability 

and safe operating boundaries under multi-mission profiles. 

The ACE control object is characterized by multiple operating modes, multiple variable actuators, 

and strongly coupled constraints [3]. For a three-bypass ACE, variables such as the main combustor 

fuel flow, nozzle area, FLADE branch, front and rear variable-area bypass injectors, and variable 

guide vanes jointly affect fan/compressor matching, bypass flow distribution, turbine inlet 
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temperature, and thrust output. The core task of transient control schedule design is to determine 

the coordinated time-varying laws of multiple control variables when the engine accelerates or 

decelerates from one steady-state operating point to another. This process requires not only a 

shortened regulation time, but also that rotor speeds, turbine inlet temperature, compressor surge 

margins, and actuator positions always satisfy safety constraints [4]. Therefore, the transient control 

schedule design of ACE is essentially a sequential optimization problem with multivariable coupling, 

multiple constraints, and long-horizon dynamic characteristics [5]. 

However, an actual flight mission does not correspond to only a single acceleration or deceleration 

process at one operating condition. Instead, it is a continuous-envelope mission composed of 

different altitudes, Mach numbers, inlet boundary conditions, and thrust demands [6]. Even if an 

optimal transient control schedule is obtained at a representative operating condition, it remains 

necessary to solve how this schedule can be extended to neighboring conditions, different flight 

regions, and multimode operating scenarios [7]. Therefore, ACE transient control schedule 

optimization should focus not only on dynamic performance at a single operating condition, but also 

on control schedule extension and rapid generation over the full flight envelope. 

Traditional aero-engine control schedule extension usually relies on similarity conversion, 

isothermal-line conversion, and open-loop gain scheduling methods [8–10]. These methods have 

good engineering practicability for conventional configurations and local operating ranges, but they 

still have certain limitations in ACE full-envelope control. On the one hand, similarity conversion is 

mainly established around similar parameters such as rotor speed, flow rate, temperature, and 

pressure, making it difficult to fully describe the coordinated regulation among multiple variable-

geometry components [11]. On the other hand, this method usually assumes that gas 

thermodynamic properties change only slightly. When high altitude, high Mach number, or 

combustion product variation causes significant changes in specific heat at constant pressure and 

the specific heat ratio, strict thermodynamic similarity cannot be guaranteed even if geometric 

similarity and kinematic similarity are approximately satisfied. The isothermal-line method can reduce 

conversion errors within a local region, but interpolation or gain scheduling is still commonly required 

between adjacent isothermal lines. Under complex flight envelopes and multimode switching 

conditions, this may easily introduce discontinuities in control schedules or insufficient constraint 

margins [12]. Therefore, it is necessary to establish a control schedule optimization method that can 

simultaneously consider transient dynamic performance, safety constraints, and full-envelope 

extension efficiency. 

Deep reinforcement learning (DRL) provides a new approach for the optimization of complex aero-

engine transient control schedules [13]. Unlike optimization methods that rely on explicit model 

gradients or local linearization, DRL can directly learn the mapping from states to control variables 

through interaction with the simulation environment, making it suitable for sequential decision-

making problems with continuous states, continuous actions, and multiple coupled constraints [14]. 

Deep deterministic policy gradient (DDPG) is an Actor–Critic algorithm for continuous action spaces. 

It has been widely used in continuous control tasks [15] and has gradually been applied to aero-

engine transient control, full-envelope acceleration control, and performance optimization problems 

[16]. However, if the DDPG policy is trained from scratch at every flight-envelope operating point, 

the number of training samples and the computational cost will increase rapidly with the number of 

operating points, making it difficult to meet the engineering efficiency requirements of ACE full-

envelope control schedule design [17]. 

To balance closed-loop control accuracy and full-envelope extension efficiency, this paper proposes 

a transfer-learning-enhanced deep reinforcement learning method for transient control schedule 

optimization. First, DDPG is used to train a high-quality transient control policy at representative 

source operating conditions. Then, the shared parameters of the policy network and value network 

are transferred to the target operating condition as prior knowledge, and the policy is fine-tuned 

through a small number of interactions with the target environment. Considering that aerodynamic–

thermodynamic boundaries and engine operating states are not completely similar among different 

flight conditions, spectral clustering is further adopted to partition the flight envelope. Altitude, Mach 

number, engine inlet total temperature, and engine inlet total pressure are used to characterize 

operating-condition similarity. Based on the partition results, the source-task selection and transfer 
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path are determined, thereby reducing the risk of negative transfer caused by blind migration. 

Transfer learning can reuse the control experience obtained from the source task, improve the 

learning efficiency of the target task, and reduce the demand for repeated training samples [18]. 

Spectral clustering can characterize complex data distributions using the similarity structure among 

samples, making it suitable for partitioning nonlinear operating-condition spaces [19]. 

The main contributions of this paper are summarized as follows: an MDP formulation and a six-

variable DDPG optimization framework are established for ACE transient control; a spectral-

clustering-guided TL-DDPG closed-loop extension architecture is constructed for full-envelope 

control schedule generation; and both intra-cluster and inter-cluster transfer cases are conducted to 

verify the effectiveness of transfer learning in improving training efficiency and enhancing the 

generalization capability of control schedules. 

2. Adaptive Cycle Engine Model 

This paper considers a three-bypass adaptive cycle engine equipped with a fan-on-blade bypass 

duct engine fan and a core driven fan stage (CDFS) as the research object. The main components 

of the engine include the inlet, FLADE fan, front fan, mode select valve (MSV), CDFS, front variable-

area bypass injector (FVABI), front mixer, high-pressure compressor (HPC), main combustor, high-

pressure turbine (HPT), low-pressure turbine (LPT), rear variable-area bypass injector (RVABI), rear 

mixer, afterburner, main nozzle and FLADE nozzle. The schematic configuration of the engine is 

shown in Figure 1. 
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Figure 1 – Schematic of the three-bypass adaptive cycle engine structure and typical stations. 

The typical station numbers and their corresponding physical meanings in the three-bypass adaptive 

cycle engine are summarized in Table 1. 

Table 1 – Typical station numbers and their meanings. 

Station number Meaning Station number Meaning 

0 Ambient environment 1 Inlet entrance 

2 Front fan inlet 112 FLADE fan inlet 

21 Core fan inlet 13 MSV duct inlet 

24 FVABI duct inlet 25 High-pressure compressor inlet 

125 Inner inlet of front mixer 225 Outer inlet of front mixer 

3 Combustor inlet 4 High-pressure turbine inlet 

45 Low-pressure turbine inlet 63/163 Stations related to rear mixer 

64 Afterburner outlet 38 FLADE nozzle outlet 
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According to the states of the mode select valve (MSV) and the FLADE branch, the engine can form 

different bypass-flow configurations. In the M13 mode, the first and third bypass ducts are open, 

while the second bypass duct is closed. This mode is suitable for high-thrust and high-specific-thrust 

requirements. In the M3 mode, all three bypass ducts participate in the flow, and the equivalent 

bypass ratio increases, making it more suitable for cruise or low-fuel-consumption missions. Under 

different operating modes, the flow distribution between the core and bypass ducts, rotor power 

balance, and nozzle matching relationships all vary, which gives the transient control schedule 

obvious multivariable coupling characteristics. Therefore, this paper focuses on the optimization of 

the transient control schedule in a typical three-bypass mode. 

3. Full-envelope transient control schedule optimization method based on TL-DDPG 

Based on the engine model and optimization objective described above, this section proposes an 

ACE transient control schedule optimization method based on DDPG and transfer learning. First, the 

single-operating-point transient control schedule optimization problem is formulated as a Markov 

decision process with continuous states and continuous actions. The state space, action space, 

reward function and action dynamic update mechanism are designed so that the DDPG agent can 

learn the time-varying control law under safety constraints and actuator dynamic constraints. 

Furthermore, to address the large sample demand and high computational cost caused by point-by-

point training over the full flight envelope, operating-condition similarity analysis and spectral 

clustering are introduced to partition the flight envelope. On this basis, a TL-DDPG parameter 

transfer architecture is constructed to realize the rapid transfer of control experience from the source 

operating condition to the target operating condition. The proposed method provides a unified 

framework for single-point optimization and full-envelope extension of ACE transient control 

schedules. 

3.1 Single-operating-point transient control schedule optimization based on DDPG 

The core task of transient control schedule optimization for an adaptive cycle engine is to coordinate 

the time-varying actions of multiple variable actuators under given initial and target steady-state 

operating points, so that the engine can complete the acceleration process as quickly as possible 

while satisfying constraints on rotor speed, temperature, surge margin and actuator physical limits. 

Since this problem involves continuous states, continuous actions, multivariable coupling and long-

horizon dynamic characteristics, conventional methods based on fixed acceleration schedules or 

single-variable control laws cannot fully exploit the cooperative control capability of multiple variable 

components. Therefore, the acceleration control schedule optimization problem at a single operating 

condition is first formulated as a Markov decision process, and the deep deterministic policy gradient 

algorithm is adopted to optimize the closed-loop policy of time-varying control variables. 

The engine acceleration process is represented as a Markov decision process, which can be 

expressed as the following five-tuple: 

 ℳ = (𝒮,𝒜, 𝑃, 𝑅, 𝛾) (1) 

where 𝒮 is the state space, describing the current engine state and safety margins; 𝒜 is the action 

space, corresponding to the continuous control commands issued by the agent at each control 

interval; 𝑃 is the engine state-transition law under a given state and action; 𝑅 is the reward function, 

which evaluates acceleration performance, safety constraints, and action feasibility; and 𝛾 is the 

discount factor used to balance immediate and future rewards. 

DDPG is an Actor-Critic method for continuous action spaces. The Actor network takes the current 

state 𝑠𝑡 as input and outputs the action according to a deterministic policy: 

 𝑎𝑡 = 𝜇(𝑠𝑡 ∣ 𝜃
𝜇) (2) 

The Critic network estimates the state-action value function: 

 𝑄(𝑠𝑡 , 𝑎𝑡 ∣ 𝜃
𝑄) (3) 

and evaluates the contribution of the current action to the long-term cumulative reward. To improve 

training stability, DDPG uses four networks: an online Actor, a target Actor, an online Critic, and a 

target Critic. The target-network parameters are slowly transferred from the online networks through 
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soft update, namely: 

 𝜃𝜇
′
← 𝜏𝜃𝜇 + (1 − 𝜏)𝜃𝜇

′
 (4) 

 𝜃𝑄
′
← 𝜏𝜃𝑄 + (1 − 𝜏)𝜃𝑄

′
 (5) 

where 𝜏 is the soft-update coefficient. 

At each interaction step, the Actor generates an action from the engine state and superimposes 

exploration noise to improve policy search. After the simulation environment executes the action, it 

returns the next state 𝑠𝑡+1and the immediate reward 𝑟𝑡, and the transition sample (𝑠𝑡 , 𝑎𝑡, 𝑟𝑡, 𝑠𝑡+1)is 

stored in the replay buffer. During training, mini-batches are randomly sampled from the replay buffer 

to reduce temporal correlation among adjacent samples. The Critic target is given by: 

 𝑦𝑖 = 𝑟𝑖 + 𝛾𝑄′(𝑠𝑖+1, 𝜇
′(𝑠𝑖+1 ∣ 𝜃

𝜇′) ∣ 𝜃𝑄
′
) (6) 

and the Critic is updated by minimizing the mean-squared Bellman error: 

 𝐿(𝜃𝑄) =
1

𝑁
∑ [𝑦𝑖 −𝑄(𝑠𝑖 , 𝑎𝑖 ∣ 𝜃

𝑄)]2
𝑁

𝑖=1
 (7) 

The Actor is updated according to the value gradient provided by the Critic: 

 𝛻𝜃𝜇𝐽 ≈
1

𝑁
∑ 𝛻𝑎
𝑁
𝑖=1 𝑄(𝑠, 𝑎 ∣ 𝜃𝑄) ∣𝑠=𝑠𝑖,𝑎=𝜇(𝑠𝑖) 𝛻𝜃𝜇𝜇(𝑠 ∣ 𝜃

𝜇) ∣𝑠=𝑠𝑖 (8) 

Consequently, the Actor gradually adjusts its policy toward actions that can obtain higher long-term 

rewards and ultimately forms a closed-loop transient control policy for a single operating condition. 

The DDPG-based closed-loop optimization framework for ACE transient control laws is shown in 

Figure 2. 

An ACE contains multiple variable actuators. If all adjustable variables are used as action inputs, the 

policy search dimension increases substantially and training convergence becomes slower. 

Considering each actuator's influence on transient response, flow distribution, and nozzle matching, 

this study selects the main-combustor fuel flow 𝑊𝑓𝑚, the main-nozzle throat area 𝐴8, the main-nozzle 

exit area 𝐴9 , the FLADE bypass tail-nozzle exit area 𝐴38, the FVABI outer-bypass area scaling 

coefficient 𝑑𝐴𝑠𝐹𝑉𝐴𝐵𝐼 , and the RVABI outer-bypass area scaling coefficient 𝑑𝐴𝑠𝑅𝑉𝐴𝐵𝐼as the action 

variables, namely: 

 𝑎𝑡 = [𝑊𝑓𝑚
, 𝐴8, 𝐴9, 𝐴38, 𝑑𝐴𝑠𝐹𝑉𝐴𝐵𝐼 , 𝑑𝐴𝑠𝑅𝑉𝐴𝐵𝐼]

𝑇
 (9) 

where 𝑊𝑓𝑚 mainly affects turbine work and rotor acceleration capability; 𝐴8 and 𝐴9 affect the main-

nozzle expansion matching and the component operating match; 𝐴38 adjusts the FLADE branch 

exhaust capacity; and 𝑑𝐴𝑠𝐹𝑉𝐴𝐵𝐼 and 𝑑𝐴𝑠𝑅𝑉𝐴𝐵𝐼 affect the flow distribution and mixing match of the 

front and rear variable-area bypass injectors, respectively. This six-dimensional action space 

preserves the dominant control degrees of freedom for ACE transient regulation with a relatively low 

dimension. 

The state space should reflect both the acceleration target and safety boundaries. This study uses 

fan speed 𝑛𝐿, FLADE fan surge margin 𝑆𝑀𝐹𝐿𝐴𝐷𝐸, front-fan surge margin 𝑆𝑀𝐹𝐴𝑁, CDFS surge margin 

𝑆𝑀𝐶𝐷𝐹𝑆, high-pressure-compressor surge margin 𝑆𝑀𝐶, and main-combustor outlet temperature 𝑇𝑡4to 

construct the state vector: 

 𝑠𝑡 = [𝑛𝐿, 𝑆𝑀𝐹𝐿𝐴𝐷𝐸
, 𝑆𝑀𝐹𝐴𝑁

, 𝑆𝑀𝐶𝐷𝐹𝑆
, 𝑆𝑀𝐶

, 𝑇𝑡4]
𝑇 (10) 

where 𝑛𝐿 describes the current acceleration progress, the four surge margins constrain the stable 

operating boundaries of the compression components, and 𝑇𝑡4 limits the hot-section temperature. 

This state design enables the agent not only to accelerate the engine according to speed error, but 

also to sense the proximity to each safety boundary, thereby balancing rapid response and safety. 

The reward function guides the agent to learn high-performance acceleration policies that satisfy 

engineering constraints. The single-step reward is designed as: 

 𝑟𝑡 = 𝑟𝑛,𝑡 + 𝑟𝑠,𝑡 + 𝑟𝑢,𝑡 + 𝑟𝑔,𝑡 (11) 

where the speed-error reward term is 
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 𝑟𝑛,𝑡 = −𝑘𝑛 (
𝑛𝐿,𝑡
∗ −𝑛𝐿,𝑡

𝑛𝐿,𝑡
∗ )

2

 (12) 

the safety-constraint penalty term is 

 𝑟𝑠,𝑡 = −𝑘𝑆𝑀∑ [𝑚𝑎𝑥(0, 𝑆𝑀𝑚𝑖𝑛 − 𝑆𝑀𝑗,𝑡)]
24

𝑗=1
− 𝑘𝑇[𝑚𝑎𝑥(0, 𝑇𝑡4,𝑡 − 𝑇𝑡4,𝑚𝑎𝑥⁡)]

2
 (13) 

the action-bound penalty term is 

 𝑟𝑢,𝑡 = −𝑘𝑢∑ [𝑚𝑎𝑥⁡(0, 𝜆𝑖,𝑡 − 𝜆𝑚𝑎𝑥)
2
+𝑚𝑎𝑥⁡(0, 𝜆𝑚𝑖𝑛 − 𝜆𝑖,𝑡)

2
]

6

𝑖=1
 (14) 

where the normalized action is 

 𝜆𝑖,𝑡 =
𝑢𝑖,𝑡−𝑢𝑖,𝑚𝑖𝑛⁡

𝑢𝑖,𝑚𝑎𝑥⁡−𝑢𝑖,𝑚𝑖𝑛⁡
 (15) 

the target-reaching reward term is 

 𝑟𝑔,𝑡 = {
𝑅𝑔, ∣ 𝑛𝐿,𝑡

∗ − 𝑛𝐿,𝑡 ∣≤ 𝜀𝑛
0, ∣ 𝑛𝐿,𝑡

∗ − 𝑛𝐿,𝑡 ∣> 𝜀𝑛
 (16) 

where 𝑛𝐿,𝑡
∗  is the target fan speed, 𝑛𝐿,𝑡 is the current fan speed; 𝑆𝑀𝑗,𝑡 denotes the surge margin of 

the 𝑗-th compression component, including the FLADE fan, front fan, CDFS, and high-pressure 

compressor; 𝑆𝑀min is the lower surge-margin limit; 𝑇𝑡4,𝑡 is the current turbine-inlet temperature, and 

𝑇𝑡4,max⁡ is the temperature upper limit; 𝑢𝑖,𝑡 is the 𝑖-th control variable, and 𝑢𝑖,min⁡ and 𝑢𝑖,max⁡ are its 

physical lower and upper bounds, respectively; 𝑘𝑛, 𝑘𝑆𝑀, 𝑘𝑇, and 𝑘𝑢 are the corresponding penalty 

weights; 𝑅𝑔 is the target-reaching reward, and 𝜀𝑛 is the allowable target-speed error. 
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Figure 2 – DDPG-based closed-loop optimization framework for ACE transient control laws. 

Table 2 – DDPG action space and bounds. 

Action 
variable 

Lower bound Upper bound Physical meaning 

𝑊𝑓𝑚 1.2 kg/s 2.1 kg/s Main-combustor fuel flow 

𝐴8 0.20 m² 0.30 m² Main-nozzle throat area 

𝐴9 0.20 m² 0.30 m² Main-nozzle exit area 

𝐴38 0.040 m² 0.065 m² FLADE bypass tail-nozzle exit area 

𝑑𝐴𝑠𝐹𝑉𝐴𝐵𝐼 0.90 1.00 FVABI outer-bypass area scaling coefficient 

𝑑𝐴𝑠𝑅𝑉𝐴𝐵𝐼 0.90 1.00 RVABI outer-bypass area scaling coefficient 
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Compared with directly terminating out-of-bound samples, soft penalties retain gradient information 

near the boundaries, enabling the agent to evaluate states that are close to, but have not yet crossed, 

safety limits. This is particularly important for an ACE, because an optimal acceleration process often 

requires the CDFS or other compression components to operate close to the minimum stable-margin 

boundary. If the penalty is too rigid, the policy tends to become overly conservative; if the penalty is 

insufficient, inadequate surge margin or overtemperature risk may occur. The selected action 

variables and their bounds are summarized in Table 2. The state variables and corresponding safety 

limits used in the DDPG framework are listed in Table 3. 

Table 3 – DDPG state space and safety limits. 

State variable Lower bound Upper bound Description 

𝑛𝐿 - 105% Fan percentage speed 

𝑆𝑀𝐹𝐿𝐴𝐷𝐸 10% - FLADE-fan surge margin 

𝑆𝑀𝐹𝐴𝑁 10% - Front-fan surge margin 

𝑆𝑀𝐶𝐷𝐹𝑆 10% - Core-driven fan stage surge margin 

𝑆𝑀𝐶 10% - High-pressure-compressor surge margin 

𝑇𝑡4 - 1850 K 
Main-combustor outlet temperature / 

turbine-inlet temperature limit 

3.2 Error Analysis of Similarity-Based Conversion 

For geometrically similar gas-turbine engines, or engines of the same configuration, conventional 

full-envelope control-law extension is usually based on similarity theory. Its basic idea is that, when 

changes in flight altitude and Mach number change the engine inlet total temperature and total 

pressure, corrected speed, corrected flow, and corrected control quantities are used to map different 

operating conditions into a unified similarity-parameter space, and the control law obtained at the 

reference condition is then extended to the target condition. Let the engine inlet total temperature 

and total pressure be 𝑇𝑡0and 𝑃𝑡0, respectively. The temperature and pressure correction factors are 

defined as: 

 𝜃 =
𝑇𝑡0

𝑇𝑟𝑒𝑓
 (17) 

 𝛿 =
𝑃𝑡0

𝑃𝑟𝑒𝑓
 (18) 

where 𝑇ref and 𝑃ref are the reference temperature and pressure, respectively. For speed and flow, 

the commonly used corrected relationships are: 

 𝑛𝑐 =
𝑛

√𝜃
 (19) 

 𝑚̇𝑐 = 𝑚̇
√𝜃

𝛿
 (20) 

where 𝑛𝑐 is corrected speed, 𝑚̇𝑐 is corrected flow. If source and target conditions are denoted by 

superscripts 𝑠and 𝑡, respectively, and are assumed to have the same corrected speed and corrected 

flow, then speed and flow under the target condition can be obtained from the source condition as: 

 𝑛𝑡 = 𝑛𝑠√
𝜃𝑡

𝜃𝑠
 (21)

 𝑚̇𝑡 = 𝑚̇𝑠 𝛿
𝑡

𝛿𝑠
√
𝜃𝑠

𝜃𝑡
 (22) 

For fuel flow, conventional methods generally use a correction relationship in the same form as that 

for airflow: 

 𝑊𝑓,𝑐 = 𝑊𝑓
√𝜃

𝛿
 (23) 
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Therefore, the fuel flow under the target condition can be written as: 

 𝑊𝑓
𝑡 = 𝑊𝑓

𝑠 𝛿
𝑡

𝛿𝑠
√
𝜃𝑠

𝜃𝑡
 (24) 

For nozzle areas and variable-geometry mechanisms, conventional extension usually does not 

directly apply temperature-pressure correction; instead, it keeps the normalized opening or relative 

adjustment consistent. For an adjustable area 𝐴𝑖, its normalized opening is: 

 𝜆𝑖 =
𝐴𝑖−𝐴𝑖,𝑚𝑖𝑛⁡

𝐴𝑖,𝑚𝑎𝑥⁡−𝐴𝑖,𝑚𝑖𝑛⁡
 (25) 

If the source and target conditions keep the same normalized opening, then 

 𝜆𝑖
𝑡 = 𝜆𝑖

𝑠 (26) 

For the six control variables selected in this study, the conventional similarity-based extension can 

be summarized as: 

 𝑊𝑓𝑚
𝑡 = 𝑊𝑓𝑚

𝑠 𝛿𝑡

𝛿𝑠
√
𝜃𝑠

𝜃𝑡
 (27) 

 𝜆𝐴8
𝑡 = 𝜆𝐴8

𝑠 , 𝜆𝐴9
𝑡 = 𝜆𝐴9

𝑠 , 𝜆𝐴38
𝑡 = 𝜆𝐴38

𝑠  (28) 

 𝑑𝐴𝑠𝐹𝑉𝐴𝐵𝐼
𝑡 ≈ 𝑑𝐴𝑠𝐹𝑉𝐴𝐵𝐼

𝑠 , 𝑑𝐴𝑠𝑅𝑉𝐴𝐵𝐼
𝑡 ≈ 𝑑𝐴𝑠𝑅𝑉𝐴𝐵𝐼

𝑠  (29) 

where 𝑊𝑓𝑚 is the main-combustor fuel flow; 𝐴8, 𝐴9 and 𝐴38 are the main-nozzle throat area, main-

nozzle exit area, and FLADE bypass tail-nozzle exit area, respectively; 𝑑𝐴𝑠𝐹𝑉𝐴𝐵𝐼 and 𝑑𝐴𝑠𝑅𝑉𝐴𝐵𝐼 are 

the area scaling coefficients of the front and rear variable-area bypass injectors, respectively. 

The above similarity-based conversion is simple in form and suitable for control-law extension of 

conventional engine configurations over a local operating range. For an adaptive cycle engine, 

however, the FLADE branch, the front and rear variable-area bypass injectors, and multiple bypass 

flow paths change the inner/outer-bypass flow distribution, compression-component matching 

relationship, and rotor power balance. As a result, identical corrected fuel flow or geometric opening 

does not necessarily provide identical acceleration capability or safety margin. In addition, variations 

in altitude and Mach number change the inlet total temperature, inlet total pressure, and component 

operating points, so the source-condition optimal control law is no longer strictly optimal at the target 

condition. Therefore, this study decomposes full-envelope extension into two levels: identification of 

similar operating conditions and closed-loop policy transfer. Spectral clustering is first used to 

partition operating regions with similar inlet features and flight states; TL-DDPG then transfers the 

source-condition policy parameters to the target condition and continues closed-loop fine-tuning in 

the target environment. This avoids both the control-variable mapping errors caused by pure 

similarity conversion and the high computational cost of retraining at each operating condition. 

3.3 Spectral-Clustering-Based Flight Envelope Partitioning 

Spectral clustering regards operating points in the flight envelope as nodes of an undirected weighted 

graph, constructs a weight matrix from node similarities, and uses the eigenvectors of the graph 

Laplacian to reveal the low-dimensional clustering structure of the data. Compared with direct K-

means clustering, spectral clustering is more suitable for the non-convex feature space jointly formed 

by altitude, Mach number, inlet total temperature, and inlet total pressure. 

In this study, operating-condition samples are uniformly generated over the flight-envelope range of 

altitude 0 ∼ 12km and Mach number 0 ∼ 1.2, and the corresponding engine inlet total temperature 

𝑇𝑡0 and inlet total pressure 𝑃𝑡0 are calculated. The feature vector of the 𝑖-th operating point is defined 

as: 

 𝑥𝑖 = [𝐻𝑖, 𝑀𝑎𝑖, 𝑇𝑡0,𝑖, 𝑃𝑡0,𝑖]
𝑇
 (30) 

where 𝐻𝑖 and 𝑀𝑎𝑖 are altitude and Mach number, respectively, and 𝑇𝑡0,𝑖 and 𝑃𝑡0,𝑖 are the engine inlet 

total temperature and total pressure at that condition, respectively. To remove differences in feature 

dimensions and magnitudes, each feature dimension is standardized using Z-score normalization: 
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 𝑥̄𝑖,𝑘 =
𝑥𝑖,𝑘−𝜇𝑘

𝜎𝑘
 (31) 

where 𝑥𝑖,𝑘 is the 𝑖-th sample's 𝑘-th feature, 𝜇𝑘 and 𝜎𝑘 are the mean and standard deviation of the 𝑘-

th feature, respectively, and 𝑥̄𝑖,𝑘  is the standardized feature value. The standardized operating-

condition feature vector is denoted as 𝑥̄𝑖. 

A Gaussian kernel function is then used to construct the similarity matrix between operating points: 

 𝑊𝑖𝑗 = 𝑒𝑥𝑝⁡(−
∥𝑥̄𝑖−𝑥̄𝑗∥

2

2𝜎2
) (32) 

where 𝑊𝑖𝑗 denotes the similarity between the 𝑖-th and 𝑗-th operating points, and 𝜎 is the kernel-width 

parameter. The degree matrix 𝐷 is constructed from the similarity matrix 𝑊, with diagonal elements 

 𝐷𝑖𝑖 =∑ 𝑊𝑖𝑗
𝑗

 (33) 

The symmetric normalized Laplacian matrix is then obtained as: 

 𝐿𝑠𝑦𝑚 = 𝐼 − 𝐷−
1

2𝑊𝐷−
1

2 (34) 

From 𝐿sym, select the eigenvectors corresponding to the 𝐾 smallest eigenvalues to form the spectral-

space representation matrix: 

 𝑍 = [𝑣1, 𝑣2, ⋯  , 𝑣𝐾] (35) 

K-means clustering is then applied to the row vectors of 𝑍 to obtain operating-condition partitions in 

the flight envelope. After clustering, the within-cluster sample mean can be used as the 

representative operating point of the partition: 

 𝑐𝑘 =
1

∣𝛺𝑘∣
∑ 𝑥𝑖𝑥𝑖∈𝛺𝑘  (36) 

where Ω𝑘 denotes the sample set in the 𝑘-th cluster, ∣ Ω𝑘 ∣ is the number of samples in that cluster, 

and 𝑐𝑘  is the corresponding cluster center. The cluster center can serve as the representative 

condition for subsequent transfer learning and is used to determine source-task selection and the 

target-condition transfer path. 

 

Figure 3 – Flight-envelope sample feature distribution. 

 

Figure 4 – Spectral-clustering partitioning result. 
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The flight-envelope sample features are shown in Figure 3, including the sample distribution on the 

Mach-number-altitude plane and the variations of inlet total temperature and inlet total pressure over 

the operating conditions. The corresponding spectral-clustering partitioning result is shown in Figure 

4. The inlet total temperature mainly increases with Mach number, whereas the inlet total pressure 

is affected by both altitude and Mach number. Spectral clustering can form relatively continuous 

regions of similar operating conditions in this nonlinear feature space, providing a basis for 

subsequent source-task selection. The representative conditions used for transfer validation in this 

study are listed in Table 4. 

Table 4 – Coordinates of spectral-clustering center operating conditions. 

Cluster center No. Mach number Ma Altitude H/km 

1 0.9523 3.9097 

2 0.9299 8.0859 

3 0.3654 2.5767 

4 0.4472 8.2492 

3.4 TL-DDPG Parameter Transfer Architecture 

The objective of transfer learning is to reuse the control knowledge learned from the source task at 

the target condition, rather than simply copying the source-condition control trajectories. This study 

adopts feature-knowledge transfer: the network parameters in the source-task Actor and Critic that 

extract state, action, and value features are transferred to the target task as the initial parameters of 

the target networks. The target environment still maintains closed-loop interaction with the agent, so 

the policy can be fine-tuned according to the new inlet conditions, constraint boundaries, and state 

responses. 

Let the Actor and Critic network parameters trained at the source condition be 𝜃𝜇
𝑠  and 𝜃𝑄

𝑠 , 

respectively, and let the corresponding target-condition network parameters be 𝜃𝜇
𝑡  and 𝜃𝑄

𝑡 . The 

parameter-transfer process can be expressed as: 

 𝜃𝜇
𝑡 ← 𝜃𝜇

𝑠 (37) 

 𝜃𝑄
𝑡 ← 𝜃𝑄

𝑠  (38) 

where 𝜃𝜇
𝑠 contains the source-condition Actor network parameters related to state-feature extraction 

and action generation, and 𝜃𝑄
𝑠  contains the source-condition Critic network parameters related to 

state-action value estimation. After this initialization, the target-condition agent no longer explores 

from a random policy, but continues learning from the acceleration-control experience formed at the 

source condition. 

For the target networks, their initial parameters are synchronized from the target-condition online 

networks: 

 𝜃𝜇′
𝑡 ← 𝜃𝜇

𝑡 (39) 

 𝜃𝑄′
𝑡 ← 𝜃𝑄

𝑡  (40) 

where 𝜃𝜇′
𝑡  and 𝜃𝑄′

𝑡  are the target-Actor network and target-Critic network parameters under the target 

condition, respectively. 

The TL-DDPG procedure consists of four stages. First, in the experience-learning stage, DDPG is 

trained at the source condition to obtain stable Actor/Critic parameters and replay-buffer samples. 

Second, in the partition-identification stage, the altitude, Mach number, inlet total temperature, and 

inlet total pressure of the target condition are used to determine its cluster partition, and the policy 

at the corresponding cluster center is selected as the source task. The target-condition feature vector 

can be written as: 

 𝑥𝑡 = [𝐻𝑡, 𝑀𝑎𝑡, 𝑇𝑡0,𝑡, 𝑃𝑡0,𝑡]
𝑇
 (41) 

Third, in the parameter-transfer stage, the source network parameters are assigned to the target 
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networks while the DDPG target-network soft-update structure is retained. Fourth, in the experience-

replay and fine-tuning stage, the agent continues sampling in the target environment, updates the 

Critic using the TD error, and updates the Actor using the value gradient until the target reward or 

convergence criterion is reached. 

During fine-tuning at the target condition, the agent interacts with the target environment and stores 

transition samples 

 (𝑠𝑖
𝑡 , 𝑎𝑖

𝑡, 𝑟𝑖
𝑡, 𝑠𝑖+1

𝑡 ) (42) 

The TD target of the Critic network is: 

 𝑦𝑖
𝑡 = 𝑟𝑖

𝑡 + 𝛾𝑄𝑡′ (𝑠𝑖+1
𝑡 , 𝜇𝑡

′
(𝑠𝑖+1

𝑡 ∣ 𝜃𝜇′
𝑡 )|𝜃𝑄′

𝑡 ) (43) 

The corresponding Critic loss function is: 

 𝐿(𝜃𝑄
𝑡 ) =

1

𝑁
∑ [𝑦𝑖

𝑡 − 𝑄𝑡(𝑠𝑖
𝑡 , 𝑎𝑖

𝑡 ∣ 𝜃𝑄
𝑡 )]

2𝑁

𝑖=1
 (44) 

The Actor network is updated according to the action-value gradient provided by the Critic network: 

 𝛻𝜃𝜇𝑡 𝐽 ≈
1

𝑁
∑ 𝛻𝑎
𝑁
𝑖=1 𝑄𝑡(𝑠, 𝑎 ∣ 𝜃𝑄

𝑡 ) ∣𝑠=𝑠𝑖
𝑡,𝑎=𝜇𝑡(𝑠𝑖

𝑡) 𝛻𝜃𝜇𝑡𝜇
𝑡(𝑠 ∣ 𝜃𝜇

𝑡) ∣𝑠=𝑠𝑖
𝑡 (45) 

The target networks are still updated by soft update: 

 𝜃𝜇′
𝑡 ← 𝜏𝜃𝜇

𝑡 + (1 − 𝜏)𝜃𝜇′
𝑡  (46) 

 𝜃𝑄′
𝑡 ← 𝜏𝜃𝑄

𝑡 + (1 − 𝜏)𝜃𝑄′
𝑡  (47) 

where 𝜏 is the soft-update coefficient. Through the above process, the target-condition policy can 

adapt to new engine dynamic characteristics based on the source-task parameters. 

Based on the spectral-clustering partition and source-task selection results, the TL-DDPG full-

envelope extension procedure constructed in this study is shown in Figure 5. After a target condition 

is input, its similar partition is first determined from altitude, Mach number, inlet total temperature, 

and inlet total pressure; the pre-trained policy parameters of the corresponding source-task center 

are then loaded. The target environment continues sampling and updating the Actor/Critic networks, 

enabling closed-loop fine-tuning of the control law under the new condition and avoiding the 

accumulation of open-loop conversion errors during envelope extension. 

Source ActorSource ACE

environment

Pre-trained

source policy

Source-task DDPG pre-training

Target-task fine-tuning

Parameter transfer

Source-task selection

New task
Source Critic

Cluster 2 center

Cluster 3 center

Cluster 4 center

Cluster 1 center

Cluster centers

Selected source task

Replay buffer
sample/update

Target ActorTarget ACE

environment

Target-task

control law

Target Critic

Replay buffer
sample/update

, ,H Ma s

,  t s t s

Q Q     
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Figure 5 – TL-DDPG full-envelope extension procedure guided by spectral clustering. 

4. Simulation Results 

4.1 Intra-Partition Transfer Results 

The single-condition simulation uses the ground-test condition under the representative three-

bypass operating mode, with H=0 km and Ma=0, as the environment. The objective is to accelerate 

the fan percentage speed from 81% to 95%. The interaction environment is the adaptive cycle engine 
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model. The DDPG networks are composed of fully connected layers, and experience replay, target-

network soft update, and OU noise are used together to improve sample efficiency and training 

stability. The main hyperparameters are listed in Table 5. 

Table 5 – Main hyperparameters of the DDPG network. 

Algorithm component Parameter Value 

Experience replay Buffer_size 1×106 

Training setting Simulation steps per episode 500 

Training setting Maximum episodes 2000 

Training setting Mini-batch size 128 

Simulation setting Simulation step size 0.02 s 

Simulation setting Maximum simulation time 10 s 

Actor network Layer structure [6,120,60,6] 

Critic network Layer structure [12,120,60,1] 

Network update Learning rate 1×10-4 

Target network Soft-update coefficient 0.001 

For the intra-partition transfer case, the operating condition H=1.0552 km and Ma=0.3066 is selected 

as the target task. The source task is the ground condition H=0 km and Ma=0, and the objective is 

to accelerate the corrected fan percentage speed from 81% to 95%. The target condition lies in a 

low-altitude and low-Mach-number region, and its inlet total temperature, inlet total pressure, and 

component matching state are close to those of the source condition. Therefore, the speed-

promotion and constraint-avoidance features embedded in the source-task policy have strong 

transferability. Figures 6 to 8 show the training reward, main state responses, and six-variable control 

law for this case. 

As shown in Figure 6, conventional DDPG starts exploration from random initialization and reaches 

the preset reward threshold at episode 199. After TL-DDPG reuses the source-task network 

parameters, the initial reward level is significantly improved, and the threshold is reached at episode 

44, reducing the number of training episodes by 77.89%. Both methods enable the fan percentage 

speed to reach the 95% target smoothly with similar regulation time, indicating that transfer 

initialization does not degrade the closed-loop performance for target-speed tracking. 

 

Figure 6 – Reward convergence curve for the intra-partition transfer case. 
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Figure 7 – Acceleration response and safety-constraint variations for the intra-partition transfer case. 

 

Figure 8 – Six-variable control law for the intra-partition transfer case. 

Figures 7 and 8 further show that intra-partition TL-DDPG adopts a combination of lower fuel flow 

and larger main-nozzle area, resulting in lower turbine-inlet temperature, core speed, and thrust level 

than conventional DDPG, while significantly improving the CDFS and high-pressure-compressor 

surge margins. This indicates that, under the present reward design dominated by speed reaching 

and safety constraints, multiple feasible control laws exist for the target task, and TL-DDPG tends to 

obtain a safe feasible solution rapidly. If an engineering task also requires thrust matching or terminal 

steady-state matching, thrust-error, terminal-state-matching, or control-energy terms should be 

added to the reward function. 

4.2 Cross-Partition Transfer Results 

For the cross-partition transfer case, the operating condition H=4.4569 km and Ma=0.8186 is 

selected as the target task. Compared with the source task, this condition exhibits more pronounced 
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changes in inlet total temperature, inlet total pressure, and component operating match, and is 

therefore suitable for evaluating the adaptability of source-policy features during cross-region 

transfer. In the simulation setting, training stops when the episode reward reaches 10000. Figures 9 

to 11 present the cross-partition transfer results. 

 
Figure 9 – Reward convergence curve for the cross-partition transfer case. 

 
Figure 10 – Acceleration response and safety-constraint variations for the cross-partition transfer case. 

As shown in Figure 9, conventional DDPG reaches the preset reward threshold at episode 116, 

whereas TL-DDPG reaches the threshold at episode 46, reducing the number of training episodes 

by 60.34%. Compared with the intra-partition case, the efficiency improvement of cross-partition 

transfer is smaller, indicating that operating-condition differences weaken the match between the 

source-policy prior and the target environment. Nevertheless, TL-DDPG still substantially shortens 

the random-exploration stage and rapidly forms a feasible policy that satisfies the target-speed 

requirement. 

The state responses show that both policies can drive the fan percentage speed to converge to 95% 

within about 3 s. The surge margins remain above the 10% lower limit, and the turbine-inlet 

temperature is far below the 1850 K constraint. The control-law differences are mainly reflected in 

the main-nozzle exit area, FLADE nozzle area, and front/rear VABI area allocation, showing that the 
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policy must rebalance inlet/exhaust matching and stability margins under cross-partition conditions. 

These results indicate that spectral clustering can provide an effective basis for source-task selection 

in transfer learning. For wider envelopes, however, increasing the number of cluster centers, 

adopting multi-source weighted initialization, or introducing negative-transfer detection should still 

be considered. The training-efficiency comparison between DDPG and TL-DDPG is summarized in 

Table 6. 

 
Figure 11 – Six-variable control law for the cross-partition transfer case. 

Table 6 – Comparison of TL-DDPG training efficiency. 

Case Target condition 
DDPG 

episodes 
TL-DDPG 
episodes 

Reduction 

Intra-partition transfer 
H=1.0552 km, 

Ma=0.3066 
199 44 77.89% 

Cross-partition transfer 
H=4.4569 km, 

Ma=0.8186 
116 46 60.34% 

5. Conclusions 

This paper proposes a transfer-learning-enhanced DDPG method for full-envelope transient control-

law optimization of adaptive cycle engines. The ACE acceleration process is formulated as an MDP, 

and a six-variable DDPG framework is established to generate transient control laws while 

considering speed-tracking performance, surge-margin constraints, turbine-inlet-temperature limits, 

and actuator bounds. 

To improve full-envelope extension efficiency, spectral clustering is introduced to partition the flight 

envelope using altitude, Mach number, inlet total temperature, and inlet total pressure. Based on the 

clustering results, source-task policies are transferred to target operating conditions and further fine-

tuned through closed-loop interaction with the engine model. 

Simulation results show that the proposed TL-DDPG method significantly reduces the training cost 

while maintaining feasible acceleration performance. Compared with conventional DDPG, the 

number of training episodes is reduced from 199 to 44 in the intra-partition case and from 116 to 46 

in the cross-partition case, corresponding to reductions of 77.89% and 60.34%, respectively. In both 

cases, the fan speed reaches the target value, while surge margins and turbine-inlet temperature 

remain within the prescribed limits. These results indicate that the proposed method provides an 

efficient framework for full-envelope transient control-law extension of adaptive cycle engines. 
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