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Abstract: A hybrid action deformation control method based on hybrid proximal policy optimization （HPPO） is 
proposed for titanium alloy structural components. Existing reinforcement learning algorithms are generally confined 
to either discrete or continuous action spaces， and thus cannot simultaneously optimize machining sequence and 
allowance. The proposed method unifies both decision variables—machining sequence as discrete actions and 
machining allowance as continuous parameters— into a single parameterized hybrid action space. Online deformation 
force monitoring data serve as state feedback to enable adaptive control under dynamic machining conditions. A dual-
layer reward mechanism combining process-level deformation force uniformity with terminal deformation convergence 
is designed to guide the agent toward synchronized suppression of both local and global deformations. Experimental 
validation on a Ti6Al4V aviation structural component demonstrates that the proposed method reduces average 
machining deformation from 0.103 mm to 0.054 mm， with RMSE decreasing from 0.119 mm to 0.071 mm， 
representing a 47.57% reduction relative to the uncontrolled case. These results confirm the accuracy and 
effectiveness of the proposed method in real manufacturing environments.
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0 Introduction 

With the continuous advancement of aircraft 
manufacturing technology， the accuracy require⁃
ments for machined large structural components are 
increasingly stringent. Consequently， machining de⁃
formation control has become a critical factor in en⁃
suring both part quality and overall airframe perfor⁃
mance. Titanium alloy structural components， serv⁃
ing as key load-bearing parts in aircraft， face severe 
deformation control challenges during machining 
processes［1］.

Titanium alloy structural components， charac⁃

terized by high strength， low thermal conductivity， 
and pronounced work-hardening behavior， are 
prone to complex deformation patterns during ma⁃
chining processes， including bending， torsion， and 
combined bending-torsion modes［2］. These complex 
deformations are manifested not only as displace⁃
ments in single directions， but also as coupled defor⁃
mation modes that affect different regions through⁃
out the component， particularly at critical locations. 
The inherent complexity of machining-induced de⁃
formation in titanium alloy components renders tra⁃
ditional control strategies that are inadequate for 
achieving effective deformation suppression. A 
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multi-process deformation control method is there⁃
fore essential to effectively regulate the evolution of 
deformation throughout the titanium alloy structural 
components. The machining sequence and machin⁃
ing allowance are regarded as the core controllable 
machining processes that affect the component de⁃
formation. The machining sequence determines the 
timing of material removal and the path of load re⁃
lease， thereby dominating the temporal and spatial 
evolution of the deformation. The machining allow⁃
ance affects the response of the deformation sensi⁃
tive areas by changing the stiffness and the distribu⁃
tion of the removed amount. There is a significant 
coupling between machining sequence and allow⁃
ance， that is， the same machining allowance will 
produce completely different deformation responses 
under different sequences. Meanwhile， the imple⁃
mentation of multi-process collaborative control fac⁃
es formidable challenges arising from the complexity 
of the decision space. The machining sequence con⁃
stitutes a discrete decision variable， where the num ⁃
ber of possible sequence combinations grows factori⁃
ally with the number of machining regions for com ⁃
ponents featuring multiple zones. Conversely， the 
determination of machining allowance represents a 
continuous optimization problem， with the allow⁃
ance for each region being continuously adjustable 
within a specified interval. This hybrid action space 
is characterized by the coexistence of discrete and 
continuous variables. Traditional optimization meth⁃
ods are ineffective in solving such problems.

To address the deformation control issue in tita⁃
nium alloy structural components， existing ap⁃
proaches can be broadly classified into mechanism-

based and data-driven categories， both of which are 
reviewed in the following sections.

（1） Mechanism-based methods for deforma⁃
tion control

The deformation control approach based on 
mechanism models is mainly to predict machining de⁃
formation through finite element methods （FEMs） 
using residual stress measurement results before ma⁃
chining， and optimize machining processes accord⁃
ing to predicted deformation. It was mainly studied 
in the aspect of machining sequence optimization， 

machining parameter optimization， and finishing al⁃
lowance optimization.

The machining sequence significantly influenc⁃
es residual stress redistribution， internal stress dis⁃
tribution， and interim component stiffness， all of 
which are key factors contributing to deformation［3］. 
Strategic sequence planning ensures gradual stiff⁃
ness variation. This avoids geometric discontinui⁃
ties while enabling balanced deformation release. 
Hao et al.［4］ proposed a dual-side collaborative opti⁃
mization method for machining sequences， effective⁃
ly reducing deformation in double-sided compo⁃
nents. Casuso et al.［5］ modeled and simulated final 
deformation profiles of an aero-engine turbine part 
under varying sequences to identify the optimal strat⁃
egy. Cutting-induced residual stress， a primary 
cause of finishing stage deformation， is governed by 
cutting forces and temperatures， which is directly af⁃
fected by machining allowance［6］. Li et al.［7］ devel⁃
oped a deformation prediction model linking initial 
residual stress to finishing allowance， employing a 
simplex algorithm-based linear programming model 
to minimize deformation. The initial residual stress 
distribution varies across different raw components. 
Consequently， the position of a component within 
the stock material determines its final internal stress 
distribution， and divergent stress levels will induce 
distinct machining-induced deformations［8］. Thus， 
optimizing the component’s positioning within the 
stock material serves as an effective strategy for de⁃
formation control. Cerutti et al.［9］ demonstrated that 
roughing at different stock positions yielded diver⁃
gent deformation outcomes. Brinksmeier et al.［10］ ex⁃
perimentally proved that bearing ring machining po⁃
sitions altered residual stress distribution and subse⁃
quent deformation. Nervi［11］ identified stock material 
stress， part geometry， and in-process positioning as 
deformation determinants. Cutting parameters exert⁃
ed significant influence on cutting forces and thermal 
generation during machining processes. These two 
factors （force and heat） are pivotal determinants of 
machining-induced residual stress， which interacts 
synergistically with the material’s initial residual 
stress to define the final component stress state. 
This stress coupling directly governs component de⁃
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formation. Consequently， the strategic adjustment 
of cutting parameters emerged as a viable method 
for deformation control in precision manufacturing. 
Yue et al.［12］ showed multi-pass strategies reduced 
cutting forces and tensile residual stresses compared 
to single-pass. Moganapriya et al.［13］ used multi-cri⁃
teria decision making with grey fuzzy coupled Tagu⁃
chi method to determine the optimal cutting speed， 
feed rate， and depth of cut. Chen et al.［14］ modeled 
milling forces under radial depths using instanta⁃
neous undeformed chip thickness theory. Huan et al.
［15］ optimized fixturing by modeling cutting forces， 
residual stresses， and clamping impacts.

However， mechanism-based methods require 
precise initial conditions in the numerical modeling 
process， and it is difficult to take into account the 
uncertainties of the actual processing procedure， re⁃
sulting in the difficulty of precisely controlling the 
processing deformation.

（2） Data-driven methods for deformation control
With the advancement of sensor technologies 

and the rise of intelligent manufacturing， deforma⁃
tion control methods based on deep learning optimi⁃
zation algorithms have emerged as a promising re⁃
search direction. Deformation control based on mon⁃
itoring data during the machining process has gradu⁃
ally become an effective means to improve the quali⁃
ty of numerical control machining. During the ma⁃
chining process， various sensors are employed to ac⁃
quire physical parameters such as displacement， 
force and vibration for analyzing the machining state 
of the workpiece. Consequently， process optimiza⁃
tion methods driven by monitoring data enabled 
more effective control of machining-induced defor⁃
mation. Li et al.［16］ designed an intelligent clamping 
device that allowed the clamping force to be adjust⁃
ed during machining for deformation control. Hao et 
al.［17］ proposed a machining sequence optimization 
method based on online monitoring data to control 
deformation. According to existing data-driven ap⁃
proaches， the machining process is generally treated 
as a time-series optimization problem， in which fu⁃
ture deformation is predicted based on monitoring 
data and subsequently adjusted throughout the ma⁃
chining process to achieve deformation control.

Among these， reinforcement learning （RL） 
stands out， as it learns optimal strategies through in⁃
teractions with the environment to achieve specific 
objectives. Owing to its ability to adapt to dynamic 
conditions， handle high-dimensional state spaces， 
and optimize long-term performance， RL demon⁃
strates excellent potential in addressing complex de⁃
cision-making problems in manufacturing processes.

Zhao et al.［18］ focused on learning the relation⁃
ship between different residual stress distributions 
and deformation control processes， and proposed a 
machining deformation control RL method based on 
the meta-invariant feature space. To achieve high-

precision machining deformation control and pro⁃
cessing efficiency， Lu et al.［19］ proposed a new multi-
process parameter optimization based on deep RL. 
In the actual processing of titanium alloys， the 
above process optimization methods can partially 
mitigate machining deformations. However， titani⁃
um alloy structural components exhibit exceptional 
manufacturing challenges due to their complex resid⁃
ual stress distribution and severe post-machining dis⁃
tortion， applying traditional deformation control ap⁃
proach is inadequate for achieving precision require⁃
ments. Given the pronounced deformation character⁃
istics of titanium alloys， it is essential to address the 
multi-process machining deformation control prob⁃
lem.

To overcome the limitations of existing meth⁃
ods in controlling machining-induced deformation of 
titanium alloy structural components， this study pro⁃
poses a RL-based decision framework with a hybrid 
action space. The framework unifies machining se⁃
quence （discrete actions） and machining allowance 
（continuous actions） into a single parameterized hy⁃
brid action space via a discrete-first-continuous-next 
strategy， which assigns a continuous parameter 
range to each discrete action. This design prevents 
combinatorial explosion as the number of parame⁃
ters grows， and ensures that each policy decision in⁃
herently captures the interactive effects of both vari⁃
ables rather than optimizing them in isolation.

The coupling between machining sequence and 
machining allowance is addressed from a mechanis⁃
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tic standpoint： Allowance allocation regulates glob⁃
al deformation by controlling the magnitude of resid⁃
ual stress released during finishing， while sequence 
planning governs local deformation through its influ⁃
ence on structural stiffness evolution during material 

removal. By integrating continuous allowance opti⁃
mization with discrete sequence decision-making via 
the hybrid proximal policy （HPPO） algorithm， the 
framework enables synchronous suppression of both 
global and local deformations， as illustrated in Fig.1.

The main contributions of this work are as fol⁃
lows： （1） In contrast to existing RL-based methods 
that optimize machining sequence and machining al⁃
lowance separately within either discrete or continu⁃
ous action spaces， the proposed framework unifies 
both decisions into a single hybrid action space， 
thereby enabling their co-optimization rather than 
isolated treatment. （2） A dual-layer reward mecha⁃
nism combining process-level deformation force uni⁃
formity with terminal deformation convergence en⁃
ables simultaneous suppression of local and global 
deformations within a single training objective.

1 Methodology 

By analyzing the geometric features， material 
properties， and processing techniques of titanium al⁃
loy structural components， two deformation control 
strategies were selected based on machining se⁃
quence and machining allowance. The machining se⁃
quence directly affects the release path and redistri⁃
bution of residual stresses inside the component. An 
improper sequence may lead to uneven stress re⁃
lease， resulting in stress concentration and subse⁃
quent deformation； whereas a rational sequence en⁃
ables gradual and balanced stress relaxation， there⁃
by reducing distortion during material removal. 

Meanwhile， machining allowance primarily influenc⁃
es the structural stiffness of the component during in⁃
termediate stages of machining. Insufficient allow⁃
ance weakens the load-bearing capacity of the work⁃
piece， making it more susceptible to elastic deforma⁃
tion under the cutting force， while excessive allow⁃
ance may increase stress accumulation and process⁃
ing difficulty. Therefore， appropriate machining al⁃
lowance can ensure the overall stiffness of the work⁃
piece while reducing the risk of deformation during 
the machining process. By optimizing the processing 
sequence that controls the release of residual stress 
while designing appropriate machining allowance to 
maintain structural stiffness， a synergistic deforma⁃
tion control strategy can be formulated， thereby sig⁃
nificantly improving the machining accuracy and 
geometric stability of titanium alloy structural com ⁃
ponents.

Based on the RL mechanism within a hybrid 
dynamic space， we derived a RL-driven strategy for 
the machining of titanium alloy structural compo⁃
nents. By leveraging different configurations of the 
dynamic space to integrate both discrete and continu⁃
ous decision-making processes， the proposed ap⁃
proach enables the simultaneous optimization of ma⁃
chining allowance and machining sequence. The 
method is shown in the Fig.2 and explained below.

Fig.1　Framework of the proposed method
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1. 1 Hybrid action reinforcement learning　

1. 1. 1 Reinforcement learning action space　　

In the field of subtractive manufacturing， ad⁃
justing the machining sequence or machining allow⁃
ance is an effective means to achieve machining de⁃
formation control. The core lies in the fact that con⁃
trolling these two variables can achieve redistribu⁃
tion of the internal stress field within the compo⁃
nent. In actual machining， tool paths are usually pro⁃
grammed according to features such as pockets， 
edges and ribs［20］. This makes the internal machin⁃
ing regions of the component discrete， and these dis⁃
crete machining regions constitute the component’s 
characteristic machining sequence. After determin⁃
ing the machining regions， the cutting depth of each 
region can be further determined， which can theoret⁃
ically be any continuous value， within a preferred 
range. Based on the above analysis， we define the 
following parameterized space［21］： The machining 
sequence is a discrete variable， selected from a fi⁃
nite set A d = { a1，a2，…，ak }， where each a ∈ A d has 
a set of corresponding continuous parameter 
Xa ⊆ R. Thus， a complete machining action is repre⁃
sented as a tuple ( a， x )， where a ∈ A d is the select⁃
ed discrete action representing the machining se⁃
quence， and x ∈ Xa is the corresponding continuous 
parameter representing the cutting depth executed 
together with action a. The entire action space A is 
the combination of each discrete action and all possi⁃
ble values corresponding to that action

A = ⋃
a ∈ A d

{ |( a,x ) x ∈ Xa } (1)

1. 1. 2 Reinforcement learning states　　

With the rapid development of sensors and in⁃
formation technology， a large amount of informa⁃
tion in manufacturing processes can be monitored. 
Recently， the concept of deformation force was pro⁃

posed and defined， which referred to the force gen⁃
erated by the action of unbalanced internal stress in 
materials on fixtures. This force can be monitored 
through force sensors during the machining pro⁃
cess［22］， providing a data foundation for online deci⁃
sion-making in machining processes. During the ma⁃
chining process， a workpiece undergoes deforma⁃
tion due to the initial residual stress field and the in⁃
fluence of the machining residual stress. However， 
under clamping constraint conditions， this deforma⁃
tion trend will cause force changes at the clamping 
points and other constraint points. These changes re⁃
flect the deformation forces. According to the princi⁃
ple of virtual work， the effect of external forces （i.e.， 
deformation forces） on virtual displacement is equal 
to the effect of the residual stress field on virtual dis⁃
placement. For a certain state v， its equilibrium 
equation can be expressed as

K vδv = F v + R v
σ0 (2)

where F v and R v
σ0 represent the system’s external 

load vector and residual stress equivalent load vec⁃
tor， respectively； K v is the system stiffness matrix 
and δv the system’s nodal displacement.

Based on the above analysis， deformation force 
monitoring data is equivalent to the influence of the 
internal unbalanced stress field of the component un⁃
der the current state. Therefore， the next machining 
region and machining allowance can be determined 
based on the current state’s deformation force data， 
satisfying the Markov property［23］. Therefore， defor⁃
mation force online monitoring data can serve as 
feedback from the environment to the agent after a 
machining action is completed in RL， which consti⁃
tutes the State.

1. 2 HPPO framework　

Based on the definition of HPPO in Section 
1.1， such an agent can make online decisions on the 
next machining region （discrete action space） and 
machining allowance （continuous action space） 
through deformation force （State）， which is a pa⁃
rameterized Markov decision process［24］. The param ⁃
eterized space is a type of discrete-continuous hybrid 
action space. The corresponding hybrid actor-critic 
network architecture contains two parallel actor net⁃

Fig.2　Architecture of the discrete-continuous action network
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works， as shown in Fig. 2. The parallel actors per⁃
form action selection and parameter selection respec⁃
tively： One discrete actor network learns the ran⁃
dom strategy πθd to select discrete actions a repre⁃
senting machining region sequence numbers， and 
one continuous actor network learns the random 
strategy πθc to select continuous parameters 
xa1，xa2，…，xak corresponding to all discrete actions， 
which correspond to the cutting depths of the ma⁃
chining regions. The complete action consists of the 
selected discrete action a paired with the selected pa⁃
rameter xa corresponding to that action.

To avoid the over-parameterization problem of 
action-value functions in parameterized action spac⁃
es， the critic network in this framework employs a 
state-value function network. The state-value func⁃
tion is used to compute a variance-reduced advan⁃
tage estimator Â. After the policy operates for T 
time steps， the collected sample data is utilized to 
calculate the advantage estimator Â， which repre⁃
sents the advantage of the current action relative to 
the average baseline. The expression is given by
Â t = -V ( st ) + rt + γrt + 1 + … + γT - t - 1 rT - 1 +

γT - tV ( sT ) (3)
The HPPO’s discrete actor and continuous ac⁃

tor are updated separately at each time step， with 
the policies πθd and πθc of both networks being treated 
as two independent distributions. To generate dis⁃
crete actions πθd with random strategies， the discrete 
actor outputs k discrete action values fa1，fa2，…，fak， 
from which the random sampling takes action a. 
The HPPO’s continuous actor network outputs the 
mean and variance of Gaussian distribution for each 
parameter to generate random policies πθc for contin⁃
uous parameters. During the trajectory sampling pro⁃
cess， HPPO runs its policies πθd and πθc in the envi⁃
ronment for T time steps. Furthermore， the discrete 
policy πθd and continuous policy πθc are updated sepa⁃
rately using their respective collected samples to 
maximize their own clipping surrogate objectives. 
The objective of the discrete policy πθd is
LCLIP

d ( θd )= Ê t [ min ( r d
t ( θd ) Â t,clip ( r d

t ( θd ),
1 - ϵ,1 + ϵ ) Â t ) ] (4)

Similarly， the objective of the continuous poli⁃

cy πθc is
LCLIP

c ( θ c )= Ê t [ min ( r c
t ( θ c ) Â t,clip ( r c

t ( θ c ),
1 - ϵ,1 + ϵ ) Â t ) ] (5)

where the terms r c
t ( θ ) and r d

t ( θ ) represent the im ⁃
portance sampling ratios for the continuous and dis⁃
crete policies， respectively.

To address the joint optimization problem in 
hybrid action spaces， this approach jointly trains the 
discrete and continuous policy networks by formulat⁃
ing the total surrogate objective as the sum of the 
discrete policy objective and the continuous policy 
objective

L = LCLIP
d ( θd )+ LCLIP

c ( θ c ) (6)
Optimizing the machining sequence and ma⁃

chining allowance before the finishing operation of 
the workpiece is an effective method for achieving 
machining deformation control. This section estab⁃
lishes an optimization model for machining sequence 
and machining allowance based on the HPPO mod⁃
el， with the objectives of reducing machining defor⁃
mation and avoiding local sudden deformation.

In Abaqus finite element software， boundary 
conditions identical to the actual machining situation 
were set up， and the birth-death element method 
was used to execute the actions decided by the intel⁃
ligent agent， for simulating the process of material 
removal. Meanwhile， a mask mechanism was intro⁃
duced， which used a binary vector to mark the sta⁃
tus of machining regions， setting machined regions 
to zero to ensure that the agent did not repeatedly se⁃
lect already machined areas. After initializing the 
HPPO model， the trajectory data was sampled ac⁃
cording to policies πθd and πθc. The single trajectory 
sampling procedure was as follows： The workpiece 
before semi-finishing was taken as the initial state s0 
of the environment in RL， with initial reward r0 = 0. 
The RL agent made decisions on actions ( a0，x0 ) 
based on the initial state. After material removal， 
deformation occurred due to unbalanced stress 
fields. But under clamping constraint conditions， an 
equivalent deformation force representing the defor⁃
mation trend was taken as the environment’s feed⁃
back to the agent， which became s1. Based on s1， r1 
was calculated. After T time steps， the machining 
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operations were completed， and a single sequence 
trajectory was obtained as

τ = {( s0,a0,r0,s1 ),( s1,a1,r1,s2 ),⋯,
( sT - 1,aT - 1,rT - 1,sT ) }      (7)

To enable the HPPO model to learn optimal 
strategies for a component of the same geometry un⁃
der different residual stress field distributions， vari⁃
ous predefined stress fields can be applied to the 
component during the trajectory sampling process. 
HPPO employs an experience replay mechanism for 
parameter updates. Once the model had acquired 
sufficient trajectory data， it began updating the actor 
and critic networks. Specifically， the trajectory data 
was utilized to compute the advantage estimator Â t 
for each time step， with both actor networks being 
updated using their respective PPO clipping objec⁃
tive functions， while gradient clipping techniques 
were used to prevent gradient explosion. The critic 
network updated the state-value function V ( s ) by 
minimizing the temporal difference error

L critic( ϕ ) = 1
2 ( rt + γV ( st + 1 ) - V ( st ) )2 (8)

where rt is the immediate reward obtained by the 
agent after executing an action at time step t and γ 
the discount factor used to balance the weights of 
immediate rewards and future rewards； V ( st ) and 
V ( st + 1 ) represent the state value functions at the 
current time step and the next time step， respec⁃
tively. The algorithm process is as follows.

Algorithm： HPPO based manufacturing pro⁃
cess optimization with mixed action space

Setting：
Initialize actor network θ， critic network φ， ex⁃

perience buffer B；

Set hyperparameters γ， λ， ε， batch_size， 
max_timesteps；

Begin：
（1）   Initialize environment state s， pocket mask；
（2）   for t = 1 to max_timesteps do
（3）     if new episode then；
（4）       reset state s， pocket depths cs [ cao_num ] 
and mask；
（5）     end if
（6）     //Agent decision and interaction

（7）     a_cont，a_disc，log π ←Actor ( s，mask )；
（8）     v ← Critic ( s )；
（9）     s'， r， mask'， done ← env.step ( a_cont， 
a_disc )；
（10）    B.store ( s，a_cont，a_disc，r，v，log π )；
（11）    if done then
（12）      compute temporal-difference errors and ad⁃
vantages Â；

（13）      normalize Â；

（14）      if | B | ≥  buffer_size then
（15）        //HPPO training
（16）        update critic：φ ← φ - α∇MSE (V_φ， R̂ )；
（17）        update actor： θ ← θ - α∇L_PPO （continu⁃
ous+discrete）；

（18）        clear B；

（19）      end if
（20）      reset environment；
（21）    end if
（22）    s ← s'；
（23）  end for

End

1. 3 Reward function design　

1. 3. 1 Design of reward function for local defor⁃

mation　　

The reward function serves as a core element 
of RL， acting as a guiding mechanism that directs 
the agent’s learning process and determines the opti⁃
mization objectives. Since only the intermediate 
states rather than the final deformation state could 
be obtained during the machining process， tradition⁃
al reward mechanisms struggled to effectively guide 
learning. Therefore， a gradually increasing reward 
function was designed based on the processing sce⁃
narios during the machining， which was explained 
in this section.

Local deformation is primarily caused by un⁃
even stress distribution and excessive local stress 
gradients during the machining process， which lead 
to localized stiffness degradation. Since deformation 
force can be regarded as a direct response of the cur⁃
rent stiffness state， achieving a uniform distribution 
of deformation forces across the workpiece during 
machining becomes an effective means to suppress 
local deformation. To further realize this optimiza⁃
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tion objective， the reward function was designed to 
guide the intelligent agent toward decisions that pro⁃
moted uniform distribution of deformation forces 
and avoided regions of reduced stiffness. The first el⁃
ement of the reward function is expressed as

R process( st,at,st + 1 ) = 1
N ∑

i = 1

N

ra e-Cp diffsi + rb (9)

diffsi = || fi - f( )i mod N + 1 (10)
where ra is the base reward； Cp the scaling factor 
controlling the reward decay rate； diffsi the differ⁃
ence between deformation forces on each surface of 
the state； fi the deformation force at each state； 
and rb the additional reward， which is assigned 
based on the relationship between diffsi and the 
threshold value.
1. 3. 2 Design of reward function for global de⁃

formation　　

To avoid machining chatter or tool deflection 
problems caused by excessively thin component 
walls， titanium alloy components are typically com ⁃
pleted through semi-finishing followed by final fin⁃
ishing operation， during which residual stress re⁃
lease induces intermediate deformation. From the 
deformation control perspective， the global objec⁃
tive is to ensure that the deformation state after 
semi-finishing closely approximates the final defor⁃
mation state after finishing， thereby minimizing un⁃
expected shape deviations at the completion of ma⁃
chining. Assuming that elastic small deformations 
can be mitigated， aligning these two deformation 
states becomes a key criterion for global deforma⁃
tion suppression. During the machining process， en⁃
vironmental feedback is represented by deformation 
forces， which effectively captures the overall defor⁃
mation tendency of the component under the current 
geometric state. To avoid reward distribution bias 
and ensure accurate optimization， the reward func⁃
tion was designed to guide the intelligent agent to⁃
ward decisions that made the deformation forces ob⁃
served after semi-finishing converge toward those of 
the final finishing stage. Accordingly， the second el⁃
ement of the reward function was defined as

R final( sT ) = Cf e-mean_diff (11)
where mean_diff represents the mean absolute differ⁃

ence between the deformation forces after semi-fin⁃
ishing completion and the final deformation forces 
after finish machining and Cf the reward amplitude.

In summary， the final reward function consists 
of both the process reward function and the final re⁃
ward function. The process reward function depends 
on the uniformity of deformation force data moni⁃
tored under different clamping conditions during the 
machining process， providing timely feedback for 
machining actions. The final reward function only 
takes effect at the terminal state of the trajectory， 
representing the degree of final machining deforma⁃
tion. The overall reward function is expressed as
R ( st,at,st + 1 ) = R process( st,at,st + 1 ) + λR final( sT )    (12)

where λ serves as a weighting coefficient that balanc⁃
es intermediate process incentives against terminal 
performance requirements. When λ is set to a small 
value approaching zero， the agent prioritizes process 
optimization， seeking uniform deformation force dis⁃
tribution throughout intermediate machining stages； 
conversely， when λ assumes a sufficiently large val⁃
ue， the optimization focus shifts predominantly to⁃
ward minimizing terminal deformation after the fin⁃
ishing operation. However， relying exclusively on 
process rewards is insufficient， as uniformity of de⁃
formation forces during semi-finishing does not in⁃
herently guarantee minimal residual distortion upon 
completion. On the other hand， terminal-only re⁃
wards yield sparse feedback signals， which aggra⁃
vate the temporal credit assignment problem across 
sequential material removal decisions and severely 
retard convergence. The composite reward structure 
defined in Eq.（12） reconciles these competing objec⁃
tives， simultaneously alleviating myopic process op⁃
timization and sparse-reward inefficiencies.

This dual reward mechanism design ensures 
uniform variation of deformation forces during ma⁃
chining and strengthens the requirements for final 
component deformation forces in the finishing opera⁃
tion， enabling the system to balance local optimiza⁃
tion with global optimality throughout the entire ma⁃
chining process， ultimately achieving optimal uni⁃
form control of component deformation.
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2 Training and Validating the Pro⁃
posed model 

2. 1 HPPO model training　

The training of HPPO machining sequence and 
machining allowance decision model requires the 
state of an environment as input. Therefore， for 
each component with a different residual stress field 
during the semi-finishing stage， based on the preset 
residual stress field function， a set of residual stress 
fields were randomly generated with respect to the 
component. Additionally， to more realistically simu⁃
late the uncertainties in actual machining environ⁃
ments， Gaussian noise with zero mean and 5% stan⁃
dard deviation was introduced when generating the 
residual stress fields. The first pocket was machined 
using the machining process strategy decided by the 
RL random strategy. After the machining was com ⁃
pleted， a set of deformation force values were ob⁃
tained from the floating clamping point， which were 
recorded as f1， f2， f3， f4， thereby obtaining the cur⁃
rent processing environment state S. The range of 
the finishing allowance was set between 1 mm and 
3 mm， which was determined based on the process⁃
ing experience. The number of actions of this model 
was seven， and each action represented the current 
pocket to be machined and the selection of the ma⁃
chining allowance. The reward function was set 
based on the deformation force data obtained in the 
simulated environment and the final deformation da⁃
ta， so that the RL algorithm could converge more 
easily.

The simulation environment was constructed 
using the ABAQUSTM software. Each workpiece 
had three fixed clamping points and four deforma⁃
tion force monitoring points， as shown in Fig.3. 
This software uses the method of element birth and 
death to simulate the material removal process. To 
improve the simulation efficiency， the mesh of the 
material removed in the finishing stage was refined. 
In the z direction， each mesh was divided by 0.5 mm， 
and the remaining of the workpiece was divided by a 
2 mm mesh. This mesh accuracy met our require⁃
ments. Nevertheless， the simulation is subject to in⁃

herent errors originating from material model simpli⁃
fication， in which the Ti6Al4V constitutive model 
does not account for strain-rate-dependent behavior， 
and from residual stress field approximation， as the 

“C”-type layered stress distribution constitutes a 
simplified representation of the actual measured 
stress state. Python was used to develop the rein⁃
forcement model for interaction with the simulation 
environment and training. Both the actor and critic 
networks received as input the deformation forces 
acquired from four clamping configurations during 
the machining process. Each network incorporated 
hidden layers of 256 dimensions. The actor network 
generated discrete action outputs alongside Gauss⁃
ian probability distributions for continuous action 
spaces， whereas the critic network produced action-

value estimations.

2. 2 Analysis of simulation results　

The proposed method was verified by simula⁃
tion and then validated using actual experiments. 
Both simulation and experimental results proved the 
effectiveness of the HPPO based optimization model.

A typical aircraft structural component shown 
in Fig.3 was selected for verification. The size of the 
component was 612 mm×305 mm×24 mm， and 
the material was a Ti6Al4V alloy. The sum of the 
semi-finishing allowance and the finishing allowance 
of each pocket was 3 mm， so the optimization prob⁃
lem was to determine the semi-finishing and finish⁃
ing allowance distribution of each pocket and the ma⁃
chining sequence of the component in order to mini⁃
mize the final machining deformation.

Fig.3　The simulation environment
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In the simulation environment， the proposed 
method was compared with the simulation model 
where each pocket was removed by 1 mm and the 
machining sequence was A—G， and the simulation 
model where each pocket was removed by 2 mm 
and the machining sequence was A—G. The com⁃
parison index were the deformation force and defor⁃
mation amount after semi-finishing. The component 
had a total of 7 pockets of 20 mm in depth， which 
were indicated as A， B， C， D， E， F， and G， and 
assumed to be machined layer by layer （2 mm be⁃
tween layers）， as shown in Fig.3.

In the simulation environment， the influence of 
machining allowances set at 1 mm and 2 mm respec⁃
tively on the machining deformation of the compo⁃
nent was simulated using a component with the 
same initial residual stress field. Then， using the 
trained HPPO hybrid action process decision mod⁃
el， the model was verified using the component 
with the same initial residual stress field. First， the 
model selected the first pocket to be processed and 
its corresponding processing allowance according to 
the random strategy of the model. After processing， 
the deformation force obtained at the simulation set⁃
ting was obtained as the state for the subsequent de⁃
cision on the processing action. Then， this state was 
used as the input feedback to the model to determine 
the pocket and the allowance of the pocket to be pro⁃

cessed next. This decision-making process contin⁃
ued until all the pockets were processed.

To verify the robustness of the proposed meth⁃
od， 10 sets of random residual stress fields were 
generated through random sampling， and the maxi⁃
mum deformation under different process parame⁃
ters was statistically analyzed and averaged. The av⁃
eraged results are presented in Table 1. Figs.4（a—c） 
present the deformation contour maps for the semi-
finishing process under various strategies. Com⁃
pared with machining strategies with 1 mm and 2 
mm allowances， the proposed method results in the 
smallest deformation after semi-finishing.

The deformation force after semi-finishing can 
reflect the current deformation status of the compo⁃
nent. A bigger deformation of the component led to 
bigger forces acting on the floating clamping points， 
while a smaller deformation resulted in smaller de⁃
formation forces acting on the floating clamping 
points. Figs.4（d—f） show the deformation force con⁃
ditions after different machining processes were 
completed.

Table 1　Mean maximum deformation from multiple 
simulations under random residual stress fields

Machining technology

Average deformation/mm

1 mm 
allowance

0.041 4

2 mm 
allowance

0.039 3

Process 
decision
0.038 4

Fig.4　Machining deformation and machining deformation forces under different machining conditions
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To verify the effectiveness of the proposed 
method relative to existing approaches， 10 sets of 
random residual stress fields were generated via ran⁃
dom sampling as algorithm inputs， and the pro⁃
posed HPPO method was compared against the Q-

learning method， which optimized only the machin⁃
ing sequence. The averaged comparison results are 
summarized in Table 2. Figs.5（a， b） present the de⁃
formation contour maps for the semi-finishing pro⁃
cess obtained by the two methods， respectively. 
The comparison results demonstrate that the pro⁃
posed method achieves significantly lower deforma⁃
tion after semi-finishing than the Q-learning method.

To verify the learning effectiveness and conver⁃
gence of the HPPO algorithm in the current task of 
processing deformation control， this study moni⁃
tored the prediction accuracy of the state value func⁃
tion during the training process. Specifically， we 
compared the state value V predicted by the critic 
network. The actual discounted return obtained 
through sampling from the real environment and cal⁃

culated as Â. The difference between the two is the 
core metric for evaluating the predictive ability and 
stability of the critic network， as shown in Fig.6（a）.

To validate the learning effectiveness of HPPO 
in a hybrid action space， this study analyzed the poli⁃
cy evolution process from the perspective of action 
space structure， as shown in Fig.6（b）. The hybrid 
action vectors output by the agent at each time step， 
consisting of discrete strategy selection and continu⁃
ous parameters， were projected into a low-dimen⁃
sional space for visualization. The results showed 
that the actions exhibited clear clustering patterns in 
the embedding space， with different clusters corre⁃
sponding to distinct discrete process decisions. 
Meanwhile， within each cluster， the continuous pa⁃
rameters displayed locally concentrated distribu⁃
tions， indicating that the policy formed hybrid pat⁃
terns within the space.

To further validate the reliability of the pro⁃
posed method， we utilized the reward mechanism of 
RL to quantitatively compare the quality of the pro⁃
posed method with the equal tolerance processing 
methods. The reward situations under different pro⁃
cessing conditions are shown in Fig.7， where steps 
1─7 represent the processing process of seven pock⁃

Table 2　Mean maximum deformation of different opti⁃
mization methods under random residual stress 
fields

Machining technology
Average deformation/mm

Q⁃learning
0.041 8

Process decision
0.038 4

Fig.5　Comparison of semi-finishing deformation contours 
between different optimization algorithms under ran⁃
dom residual stress fields

Fig.6　Explanation of algorithm validity
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ets， and the bar charts represent the rewards ob⁃
tained by the model for each pocket after the current 
processing action is completed. The proposed model 
obtained the highest reward， indicating that the deci⁃
sion actions had reliability in controlling the final ma⁃
chining deformation of the parts. This improvement 
is primarily attributed to the model’s implementa⁃
tion of a collaborative optimization strategy for ma⁃
chining sequence and machining allowance alloca⁃
tion based on the Markov decision process （MDP） 
framework. The optimized process parameters sub⁃
stantially improved the distribution of residual stress 
of the component and effectively maintained the 
structural stiffness characteristics of the component 
during the machining process， and thereby achieved 
effective control of machining deformation. The 
equal tolerance processing methods of 1 mm and 
2 mm obtained less rewards， indicating that their 
process decisions did not have reliability in control⁃
ling the final machining deformation of the compo⁃
nent.

2. 3 Analysis of experimental results　

In the actual experimental environment， to fur⁃
ther verify the generalization ability and superiority 
of the proposed method， a typical aviation structural 
part made of titanium alloy was selected for valida⁃
tion， as illustrated in Fig.3. The machining process 
involved seven pockets on the part， identified as A—

G， as depicted in Fig.3. The machining process was 
carried out on a DMG 80P machine tool， with ex⁃
perimental setup involving a combination of three 
fixed fixtures to ensure six-degree-of-freedom posi⁃
tioning， and four intelligent fixtures with force sen⁃
sors positioned at the corners of the component， as 
shown in Fig. 8（a）. These fixtures provided simply 

supported boundary conditions for measuring the de⁃
formation forces in the z direction， as shown in 
Fig.8（b）. Thus， a total of 56 material removal oper⁃
ations were conducted across the seven pockets， 
and the machining parameters were set as shown in 
Table 3. During each material removal operation， 
four deformation forces were measured using sen⁃
sors located at the four clamping positions.

During the rough machining， the depth of each 
pocket was reduced to 16 mm， with material re⁃
moved in increments of 2 mm per operation， result⁃

Table 3　Machining parameters

Feed speed/
(mm·min-1)

800

Spindle speed/
(r·min-1)

150

Milling cutter 
diameter/mm

16

Fig.8　Machining process and deformation force measure⁃
ment

Fig.7　Rewards calculated by RL under different manufac⁃
turing processes
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ing in a total of eight layers being machined from 
each pocket. In the semi-finishing machining， the 
machining sequence and machining allowance were 
optimized based on the proposed model. The opti⁃
mized machining strategy focused on two key as⁃
pects： The finishing allowance and the machining 
sequence. The initial state of the workpiece was 
characterized by deformation force data obtained pri⁃
or to the semi-finishing process. This data was input 
into the model to determine the finishing allowance 
for the first pocket. After machining the first pock⁃
et， the updated deformation force data was used by 
the model to decide the finishing allowance for the 
next pocket. This process was repeated until all 
pockets were machined and the semi-finishing pro⁃
cessing of the component was completed. Based on 
the optimized finishing allowances and machining se⁃
quence determined during the semi-finishing stage， 
the finishing operation was carried out. The remain⁃
ing material was machined accordingly， completing 
the entire machining process.

Fig.8（c） shows the machining sequence and ma⁃
chining allowance margin of the HPPO hybrid ac⁃
tion space RL decision-making. And the processing 
sequence was A—G. After the semi-finishing pro⁃
cess was completed， the final finishing process was 
carried out. Then， the probe of the machine tool 
was used to detect the deformation of the compo⁃
nent after processing.

The corresponding cutting speed was approxi⁃
mately 7.54 m/min. This relatively low spindle 
speed was intentionally adopted for semi-finishing 
and finishing， given the poor thermal conductivity 
of titanium alloys： A reduced speed suppressed heat 
accumulation and tool wear， thereby reducing defor⁃
mation caused by cutting heat. The resulting stable 
cutting forces also ensure reliable deformation force 
monitoring， aligning with the experiment’s core ob⁃
jective of deformation control.

To verify the effectiveness of the proposed 
method， we conducted a comparative processing ex⁃
periment. The processing method of the component 
for comparison was carried out according to the nor⁃
mal procedure， with the processing sequence being 
A—G. After processing， deformation measurement 

was conducted on the machine. The measurement 
points taken were the same as those of the first ex⁃
periment. The comparison cloud maps of processing 
deformation is shown in Fig. 9. The corresponding 
deformation statistics are listed in Table 4.

From the deformation contour plots and Table 4， 
it can be observed that after adjusting the machining 
sequence and machining allowance using the pro⁃
posed method， the average machining deformation 
in the pocket section is controlled within 0.054 mm. 
Compared with the average machining deformation 
of 0.103 mm in the component without control， the 
proposed method reduces the average deformation 
by 47.57%， proving the effectiveness of the pro⁃
posed method.

3 Conclusions 

The proposed HPPO-based hybrid action RL 

Fig.9　Results of component deformation monitoring during 
machining

Table 4　Machining deformation statistics

Component
Without control

With control

MAE/mm
0.103
0.054

RMSE/mm
0.119
0.071
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method demonstrated significant advantages in con⁃
trolling machining deformation for titanium alloy 
structural components. By integrating both discrete 
（machining sequence） and continuous （machining al⁃
lowance） decision variables into a unified RL frame⁃
work， the method effectively resolved the challenge 
of the explosion of decision-making combination 
space in multi-process collaborative optimization.

The current model was trained and validated 
on a specific type of titanium alloy component with a 
fixed geometric layout. Its generalization to other 
materials or more complex geometries requires fur⁃
ther investigation. Increasing the number of machin⁃
ing regions inevitably enlarges the state action explo⁃
ration space， prolongs training time， and increases 
computational cost in simulation. For components 
with significantly more machining regions， future 
work may incorporate surrogate model assisted sim ⁃
ulation to accelerate environment interaction and im ⁃
prove computational efficiency.

Meanwhile， the training process relied on simu⁃
lated environments built in ABAQUS， which de⁃
spite incorporating noise and variable stress fields， 
might not fully capture all real-world uncertainties.

In conclusion， a collaborative deformation con⁃
trol method for titanium alloy machining is proposed 
based on HPPO. The approach integrates discrete 
machining sequence optimization and continuous 
machining allowance adjustment into a unified hy⁃
brid action space， enabling co-optimization across 
multiple process parameters. Leveraging area parti⁃
tioning and online deformation force monitoring， 
the method enhances the precision and reliability of 
deformation control for large-scale aerospace struc⁃
tural components. Practical machining validation 
demonstrates its effectiveness in real manufacturing 
environments. The main conclusions are：

（1） A hybrid action RL framework based on 
HPPO is proposed for titanium alloy machining de⁃
formation control， unifying discrete machining se⁃
quence optimization and continuous machining al⁃
lowance adjustment into a single parameterized ac⁃
tion space. This design prevents combinatorial ex⁃
plosion as the number of parameters grows and en⁃
sures that each policy decision inherently captures 

the interactive effects of both variables rather than 
optimizing them in isolation.

（2） Experimental validation on a Ti6Al4V avi⁃
ation structural component confirms that the pro⁃
posed method reduces average machining deforma⁃
tion from 0.103 mm to 0.054 mm， with RMSE de⁃
creasing from 0.119 mm to 0.071 mm， representing 
a 47.57% reduction relative to the uncontrolled 
case. These results verify the accuracy and practical 
effectiveness of the proposed method in real manu⁃
facturing environments.

（3） The dual layer reward mechanism， which 
combines process level deformation force uniformity 
with terminal deformation convergence， effectively 
balances local and global deformation suppression 
throughout the machining process， thereby alleviat⁃
ing myopic process optimization and sparse-reward 
inefficiencies.

In future research， we will be committed to 
constructing a more comprehensive multi-parameter 
collaborative optimization framework. Through 
more investigation into the coupling mechanisms 
among various process parameters and their com ⁃
plex nonlinear relationships with machining deforma⁃
tion， we will establish mathematical models and 
physical mechanism analysis frameworks for multi-
parameter collaborative effects. Focus will be placed 
on the interaction patterns between parameters and 
dynamic adjustment strategies for optimal parameter 
combinations， laying a theoretical foundation for 
achieving more precise deformation prediction and 
control.
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基于混合近端策略优化的强化学习钛合金结构件

加工变形控制方法

何方舟， 刘长青， 铁 磊， 徐逸云， 杨 帆， 高晓渝， 李迎光
（南京航空航天大学机电学院，南京  210016，中国）

摘要：针对钛合金结构件加工变形控制问题，本文提出一种基于混合近端策略优化（Hybrid proximal policy opti⁃
mization， HPPO）的混合动作变形控制方法。现有强化学习算法通常局限于离散或连续单一动作空间，难以同

时优化加工序列与加工余量。为此，将加工序列作为离散动作、加工余量作为连续参数，统一纳入一个参数化的

混合动作空间；并以在线变形力监测数据作为状态反馈，实现动态加工条件下的自适应控制。进一步设计了双

层奖励机制，融合过程级变形力均匀性与终端变形收敛性，引导智能体同步抑制局部变形与全局变形。在

Ti6Al4V 航空结构件上的实验验证表明，该方法将平均加工变形由 0.103 mm 降至 0.054 mm，RMSE 由 0.119 
mm 降至 0.071 mm，较无控制工况降低 47.57%，证实了所提方法在实际制造环境中的准确性与有效性。

关键词：钛合金；混合加工工艺；加工变形控制；混合近端策略优化

研究亮点：

1. 提出基于 HPPO 的混合动作强化学习框架，首次将离散加工序列优化与连续加工余量调整统一到一个参数化

混合动作空间中，实现二者的协同优化而非孤立处理。

2. 设计双层奖励机制，通过过程级变形力均匀性约束与终端变形收敛目标，同步抑制加工过程中的局部变形与

全局变形。

3. 将钛合金结构件平均加工变形降低 47.57%，显著优于传统无控制加工方法。
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