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Abstract— Model compression methods are being developed to
bridge the gap between the massive scale of neural networks
and the limited hardware resources on edge devices. Since most
real-world applications deployed on resource-limited hardware
platforms typically have multiple hardware constraints simulta-
neously, most existing model compression approaches that only
consider optimizing one single hardware objective are ineffective.
In this article, we propose an automated pruning method called
multi-constrained model compression (MCMC) that allows for
the optimization of multiple hardware targets, such as latency,
floating point operations (FLOPs), and memory usage, while
minimizing the impact on accuracy. Specifically, we propose
an improved multi-objective reinforcement learning (MORL)
algorithm, the one-stage envelope deep deterministic policy
gradient (DDPG) algorithm, to determine the pruning strategy
for neural networks. Our improved one-stage envelope DDPG
algorithm reduces exploration time and offers greater flexibility
in adjusting target priorities, enhancing its suitability for pruning
tasks. For instance, on the visual geometry group (VGG)-16
network, our method achieved an 80% reduction in FLOPs, a
2.31× reduction in memory usage, and a 1.92× acceleration,
with an accuracy improvement of 0.09% compared with the
baseline. For larger datasets, such as ImageNet, we reduced
FLOPs by 50% for MobileNet-V1, resulting in a 4.7× faster
speed and 1.48× memory compression, while maintaining the
same accuracy. When applied to edge devices, such as JETSON
XAVIER NX, our method resulted in a 71% reduction in FLOPs
for MobileNet-V1, leading to a 1.63× faster speed, 1.64× memory
compression, and an accuracy improvement.

Index Terms— Deep neural networks (DNNs), model compres-
sion, multi-objective reinforcement learning (MORL), network
pruning, Pareto frontier.

I. INTRODUCTION

WITH the development of deep neural network (DNN)
technology, the application of DNN in various fields is
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becoming increasingly widespread, such as autonomous driv-
ing and robotics. At the same time, neural networks are scaling
up in size and increasing in depth, which leads to difficulties
in deploying DNNs on edge devices or mobile with limited
resources. To bridge the gap between the huge scale of neural
networks and the limited hardware resources on edge devices,
the model compression methods were developed. Extensive
research has been conducted in the field of model compression,
including pruning [1], [2], [3], [4], quantization [5], [6], [7],
[8], [9], and knowledge distillation [10], [11], [12].

The key to network pruning is to determine the pruning
strategy for each layer. Many handcrafted pruning methods
require human exploration of the trade-off among model
size, accuracy, and various other hardware indicators, such
as inference time and energy consumption. Due to the large
design space, handcrafted pruning is usually time-consuming,
and the results are frequently suboptimal. Therefore, many
automatic pruning methods have been proposed.

In particular, reinforcement learning methods are utilized
for network pruning [13], [14], [15], [16], [17]. The most
well known of which is the AutoML for model compression
(AMC) [14], which employs a reinforcement learning agent
to determine the pruning strategy of each layer to replace
manual work. In deep compression with reinforcement
learning (DECORE) [15], a multi-agent reinforcement
learning method is utilized to decide on channel pruning.
Similarly, reinforcement learning and Monte Carlo tree search
(RL-MCTS) [16] incorporates the Monte Carlo tree search
to enhance the sample efficiency of reinforcement learning
training. In short, reinforcement learning techniques are well
suited for network pruning tasks, because they are able to
learn from the reward and penalty signals received during
training, adapt to changes in the network, and achieve better
performance and pruning rates than alternative approaches.

Although previous approaches enable automatic model com-
pression and improve the quality of model compression, typi-
cally, they can only achieve the optimization for just one single
objective. For example, with the least amount of accuracy loss,
these kinds of approaches only consider computation com-
pression and cannot consider other hardware constraints at the
same time. However, most real-world engineering applications
deployed on resource-limited hardware platforms typically
have multiple hardware constraints simultaneously, such as
latency, floating point operations (FLOPs), memory usage,
energy consumption, and so on. In such cases, optimizing
only one single hardware objective in the model compression
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Fig. 1. Framework of MCMC via one-stage envelope DDPG algorithm. Right: sequential layer-by-layer pruning process. For each layer, the network obtains
a sparsity rate from the MORL agent. Left: target hardware. After the network is pruned layer-by-layer with the sparsity rate, it runs on the target hardware.
The hardware indicators we aim to optimize are measured and then returned to the MORL agent in the form of a vector as a reward. The orange arrows
indicate the process of measuring hardware indicators and vectorizing rewards. Middle: MORL agent. The MORL agent receives the state from the network
and the vectorized reward from the hardware, from which the agent performs envelope updating: updating the agent by using the convex envelope of the
Pareto solution frontier. The dashed arrows represent internal computations within the reinforcement learning agent.

process is insufficient to meet real-time requirements and
hardware constraints of realistic tasks. Notwithstanding, extant
techniques for multi-objective model compression are beset
with several limitations. The multi-objective neural archi-
tecture search (NAS) [18], [19], [20] consumes significant
hardware resources as well as GPU time, while the existing
multi-objective pruning methods [21], [22], [23], [24] restrict
the number of objectives that can be optimized.

To improve the situation, we aim to develop an automatic
compression algorithm, which allows full optimization for
multiple hardware objectives. Ideally, all of these hardware
constraints would be considered during the automated com-
pression process, and an optimal trade-off would be taken.
However, since these hardware constraints are not completely
correlated with one another, using a single-objective algorithm
for this task is inappropriate. Therefore, we propose the
multi-constrained model compression (MCMC), an automated
pruning method that leverages the multi-objective reinforce-
ment learning (MORL) algorithm to determine the pruning
strategy for DNNs, enabling simultaneous optimization of
multiple hardware objectives. Fig. 1 illustrates our approach.
The main contributions are summarized as follows.

1) We propose a hardware-aware automated model com-
pression method that enables full optimization across
multiple hardware objectives. Specifically, we model
the MCMC problem as a multi-objective optimization
problem and employ MORL to explore solutions.

2) We improve the existing MORL algorithm [25] and
introduce the one-stage envelope deep deterministic
policy gradient (DDPG) algorithm. Compared with the
original algorithm, our proposed algorithm reduces the
exploration time and supports adjusting the weights of

different hardware indicators based on the needs of real-
world tasks, making it better suited for our MCMC task.

3) We demonstrate the general applicability of the pro-
posed method on multiple DNNs (visual geometry
group (VGG) [26], ResNet-50/56 [27], and MobileNet-
V1 [28]/V2 [29]), multiple datasets (Canadian Institute
for Advanced Research, 10 classes (CIFAR-10) and
ImageNet), and multiple hardware devices (1080 Ti,
2080Ti, and NX). Our approach generates superior
pruning results across the accuracy and multiple hard-
ware targets, including FLOPs, latency, and memory,
by simultaneously optimizing various objectives.

II. RELATED WORKS

A. AutoML for Network Pruning
Since fine-grained pruning [1] produces irregular sparse

patterns and requires specialized hardware support [30], many
studies have focused on structured pruning. Many structured
pruning methods have been introduced [31], [32], [33]. Fur-
thermore, numerous methods have been proposed to achieve
automated model compression, especially in the field of net-
work pruning.

Network to network compression (N2N) learning [13]
employs a recurrent neural network trained with reinforce-
ment learning to achieve channel selection during the pruning
process. AMC [14] incorporates a DDPG agent in order to
determine the most effective pruning strategy. AutoPruner [34]
combines the pruning and fine-tuning processes into an
end-to-end system that ranks filters utilizing gradient infor-
mation during fine-tuning. Also, deep reinforcement learning
(DRL)-based [35] proposes a DRL-based runtime pruning
approach that considers both runtime importance and static
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importance. Besides, generative adversarial learning (GAL)
[36] uses generative adversarial learning to achieve structured
pruning of networks.

Various pruning methods build on the foundation of rein-
forcement learning [15], [16], [17]. DECORE [15] employs
a multi-agent reinforcement learning method to determine
whether or not to prune each channel. RL-MCTS [16]
introduces Monte Carlo tree search to improve the sample
efficiency of reinforcement learning training, resulting in better
filter selection. Graph neural networks with reinforcement
learning (GNN-RL) [17] represents DNN as a graph, applies
GNN to capture its features, and then leverages reinforcement
learning to search for effective pruning strategies. These meth-
ods use various approaches to achieve AutoML for network
pruning, but they only compress one single hardware target
without considering optimization based on other hardware
indicators.

B. Multi-Objective Model Compression

Several model compression methods consider multi-
objective optimization.

NAS [37], [38], [39], [40], [41], [42] aims to search
the architectural building block directly on the dataset of
interest. When looking for network blocks, many NAS
methods consider multiple hardware indicators. Most of
them employ an evolutionary algorithm to implement NAS
search [18], [19], [20]. However, there are some issues with
multi-objective NAS search, one of which is that it is difficult
to normalize all the objective values into the same scale.
Besides, NAS search consumes a large number of hardware
resources as well as GPU time.

Correspondingly, there are numerous multi-objective prun-
ing methods have been proposed [21], [22], [23], [24].
However, not all of them achieve multi-objective optimization
for multiple hardware indicators. The multi-objective pro-
posed in NEON [22] only considers the accuracy and the
compression of parameters. Evolutionary multi-objective one-
shot filter pruning (EMOFP) [24] and multi-objective particle
swarm optimization (MOPSO) [23] only take accuracy and
sparsity rate into account. The multi-objective optimization
achieved by these methods only considers the accuracy and
one other hardware indicator, which is no different from
regular pruning. GenExp [21] claims to consider the memory
footprint constraints and the number of computations, but the
number of parameters of the model is not the actual memory
consumption in the forward inference.

Therefore, current multi-objective model compression meth-
ods have numerous limitations, and the number of objectives
that can be optimized is extremely limited.

C. Multi-Objective Reinforcement Learning

MORL approaches can be categorized into two types [43]:
single-policy approaches and multiple-policy approaches. The
aim of single-policy approaches is to find the optimal single
policy that simultaneously satisfies the preferences among
the multiple objectives. The primary distinction between
single-policy approaches is how these preferences are deter-
mined and expressed [44], [45], [46].

Multiple-policy approaches aim to find a set of policies that
approximate the Pareto front. Convex hull algorithm [47] can
be viewed as an extension of standard reinforcement learning,
which employs an extended Bellman equation to learn optimal
value functions or policies for all linear preference settings in
the objective space. Moreover, another idea of multiple-policy
approaches is to perform multiple runs with different param-
eters, objective thresholds, and orderings in any single-policy
approach, and this kind of approach is known as the varying
parameter approach [48].

In addition, deep optimistic linear support learning
(DOL) [49] uses features from high-dimensional inputs to
compute a convex cover set. The convex cover set contains all
potential optimal solutions for convex combinations of objec-
tives, enabling DOL to realize the learning of multi-objective
policies. The envelope MORL algorithm [25] optimizes con-
vex envelopes of multi-objective Q-values using a generalized
version of the Bellman equation, and the agent is able to infer
the hidden preference after the learning phase.

However, these MORL algorithms have their own set of
applications. For the model compression task we proposed,
we hope that the exploration time of our mission is as short
as possible and that the importance of each objective can be
adjusted based on the needs of the real-world task.

III. METHODOLOGY

A. Problem Definition

Model compression is accomplished by lowering the num-
ber of parameters and computations for each layer in DNNs.
Pruning algorithms can be categorized into fine-grained
pruning and structured pruning depending on the level of gran-
ularity. Since fine-grained pruning produces irregular sparse
patterns that call for specialized hardware support, we select
channel pruning to achieve the compression of the model
by reducing the input channel of each convolution and fully
connected layer.

Since taking the same sparsity for each layer of the neural
network may lead to performance degradation, we consider
using different sparsity rates for each layer to achieve precise
compression. Our goal is to determine the effective sparsity
rate of each layer so as to make the network perform better
in a variety of aspects, especially in terms of hardware. Con-
sidering inference accuracy, latency, FLOPs, memory usage,
energy consumption, and other performance metrics of neural
networks as the objectives that we aim to optimize, the prob-
lem of multi-constrained network pruning can be formulated
as follows:

min
aaa∈A

FFF(xxx;aaa, ψ) =


− facc(ψ̂ |aaa(xxx))

f 1
H (ψ̂ |aaa(xxx))

f 2
H (ψ̂ |aaa(xxx))

...

f M
H (ψ̂ |aaa(xxx))


s.t. aaa = [a1, . . . , aL ]T, ai ∈ (0, 1]

ψ = [w1, . . . , wL ]
xxx ∈ D (1)

where aaa is the vector contained sparsity rate of each layer,
A ⊂ RL is the feasible set of aaa, ψ denotes the neural network
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that will be pruned, xxx is the input, and D is the dataset. L is
the total number of prunable layers in the network; for each
i ∈ {1, . . . , L}, each wi in ψ is the weight of the i th layer, and
each ai in the vector aaa is the sparsity rate of the i th layer. The
ψ̂ |aaa(·) is obtained by pruning the i th layer with the sparsity
rate of ai in terms of L1 norm. We prune the output channels
of the i th layer with a pruning rate of ai , and we apply the
same operation to the input channels of the (i + 1)th layer to
match the channel dimensions

ψ̂ |aaa(·) = ψ ⊙ aaa = [w1 ⊙ a1, . . . , wL ⊙ aL ]. (2)

The objective function FFF(xxx;aaa, ψ), which is defined as
F : A 7→ RM+1, consists of the following components.
The first part − facc(ψ̂ |aaa(xxx)) aims to maximize accuracy of
the pruned network. M is the total number of the hard-
ware constraints, and the objectives f j

H (ψ̂ |aaa(xxx)), where j ∈
{1, . . . ,M}, require minimizing hardware overheads. In this
article, we choose the latency, the total number of the floating
point operations, and the memory consumption in the forward
inference as three hardware objectives, since they are common
and important in practical engineering and can be obtained by
direct feedback without the extra detection devices.

B. Multi-Objective Pruning Analysis

1) Markov Decision Process: A Markov decision pro-
cess (MDP) can be represented by the tuple ⟨S,A,P, R⟩,
where S is the state space, A is the action space,
P: S × A × S 7→ [0, 1] is transition distribution, and
R: S × A 7→ R is the reward function. At each discrete time
step t , the agent is at the state st where it can select from any
available action at and proceed to the next state st+1 while
earning rewards R(st , at ) = rt . The probability of shifting
to a new state st+1 is determined by the transition probability
P(st+1|st , at ). Its objective is to maximize an expectation over
the discount return Rt =

∑
t γtrt , where γ ∈ [0, 1] is a

discount factor.
In the automated channel pruning process, for each prunable

layer L t , we characterize the state st by using the features
of this layer and the layers before. The action at can be
defined as the sparsity of the layer L t . After pruning the
L t layer with at , the agent moves to the next layer L t+1 and
receives the next state st+1. The reward R is evaluated on
the validation set after completing the final layer LT pruning.
The completion of pruning for the final layer LT can be
regarded as the terminal of this particular episode. Taking the
st = (Lt , reduced, at−1) as the state, where Lt is the set of
features of this layer, reduced is the total number of reduced
FLOPs in previous layers, and at−1 is the sparsity rate of
the front layer. It can be seen that the future behavior of the
process depends only on its present state and not on its past
state, which is in line with the Markov property. It can be
inferred that the transition probability for an arbitrary sequence
of states s0, a0, s1, a1, . . . , st−1, at−1, st satisfies the Markov
property

P(st |s0, a0, s1, a1, . . . , st−1, at−1) = P(st |st−1, at−1). (3)

Therefore, the above sequential layer-by-layer pruning process
can be modeled as an MDP.

2) Multi-Objective MDP: For a multi-objective prob-
lem (MOP), our goal is to find a set of optimal trade-offs,
which is known as Pareto optimal solutions. The Pareto
optimal is defined formally as follows. Considering Y = {y ∈
Rm : y = FFF(x), x ∈ X}, a point y′ ∈ Y is said to strictly
dominate y′′ ∈ Y , if and only if ∀i ∈ {0, . . . ,m}: y′i ≤ y′′i
and ∃ j ∈ {0, . . . ,m}: y′j < y′′j , written as y′ ≺ y′′. Thus, the
Pareto frontier can be defined as follows:

P(Y) = {y′ ∈ Y: {y′′ ∈ Y: y′′ ≻ y′, y′′ ̸= y′} = ∅}. (4)

A multi-objective MDP (MO-MDP) can be represented by
the tuple ⟨S,A,P,RRR, �⟩, where S is the state space, A is the
action space, P is transition distribution, RRR: S × A 7→ RN is
the vector reward space, and � is the preference space. When
all possible MO-MDP solutions are considered, the Pareto
frontier can be defined as follows:

P(RRR) = {rrr ′ ∈ RRR: {rrr ′′ ∈ RRR: rrr ′′ ≻ rrr ′,rrr ′′ ̸= rrr ′} = ∅} (5)

where the discount return is r ′r ′r ′ =
∑

t γtrrr(st , at ).
In addition, it is also necessary to define the convex cover-

age set (CCS) of the Pareto frontier. Considering the MO-MDP
problems with linear preference ωωω, the scalar utility of the
preference ωωω can be defined as uωωω(rrr) = ωωωTrrr . With all the
possible preferences in �, the CCS of the Pareto frontier is
defined as follows:

CCS = {rrr ′ ∈ P(R)|∃ ωωω,∀ rrr ′′ ∈ P(R) s.t. ωωωTrrr ′ ≥ ωωωTrrr ′′}.

(6)

The CCS contains all of the returns with the highest
utility [50].

As a sequential layer-by-layer pruning process can be mod-
eled as an MDP, the multi-objective pruning problem defined
in (1) can naturally be modeled as an MO-MDP. It can be
solved by MORL.

3) Bellman Equation: Considering a standard single-
objective reinforcement learning algorithm, the Bellman
optimality operator B is defined as follows:{

(B Q)(s, a) = Es ′∼P [r(s, a)+ γ(H Q)(s ′)]
(H Q)(s ′) = max

a′
Q(s ′, a′) (7)

where the operator H is the optimality filter. Due to the vec-
torization of value functions and rewards in the MO-MDP, the
standard Bellman optimality operator is no longer applicable
to the MORL algorithm. Therefore, we extend the standard
Bellman optimality operator as follows: (BQ)(s, a,ωωω) = Es ′∼P [rrr(s, a)+ γ(HQ)(s ′,ωωω)]

(HQ)(s ′,ωωω) = argQ max
a′∈A
ωωω′∈�

ωωωT Q(s ′, a′,ωωω′) (8)

where Q is the vectored Q value, ωωω is the linear preference
sampled from the preference distribution, and rrr is the vectored
rewards. The new Bellman optimality operator extends scalar
Q value and scalar rewards to the vector field. Furthermore,
we define a new optimality filter H, which considers not
only actions but also the length of the projection of Q in
the ωωω direction. The projection of Q in the direction of the
linear preference ωωω can represent the scalar utility uωωω(rrr).

Authorized licensed use limited to: Zhejiang University. Downloaded on April 10,2025 at 07:13:04 UTC from IEEE Xplore.  Restrictions apply. 



3414 IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, VOL. 36, NO. 2, FEBRUARY 2025

Fig. 2. (a) Pareto frontier is indicated by points A–H . The CCS, which is a convex subset of the Pareto frontier (points A–H ), is represented by points A–F .
Nonoptimal solutions, such as point L , are indicated by gray points. Blue arrows represent the possible linear preference vectors ωωω we sampled from �.
(b) For a point on the CCS, such as point D, there exists a linear preference vector, such as the dark blue arrow, such that its projection along the direction
of the vector is higher than any point’s. The projection length along the preference vector can be indicated by the scalar utility uωωω(rrr). During the updating,
we sample several linear preferences from the � [the blue arrows in (a)], and we then select the point with the highest scalar utility for each preference, thus
realizing the sampling of the entire CCS. By updating the parameters across the entire CCS (points A–F), our approach is able to find a better solution.

The optimality filter H selects the Q value with the highest
accumulation of scalar utility, which means it selects points
in the CCS of the Pareto frontier. This approach utilizes the
entire convex envelope to update parameters, which allows our
algorithm to find a better, more global solution. Fig. 2 shows
an example of the Pareto frontier and CCS and how the points
in CCS are selected while updating.

C. MORL for Model Compression

Since the network pruning process can be modeled as an
MO-MDP, It can be solved by MORL. We leverage a one-stage
envelope DDPG algorithm for the multi-objective layer-by-
layer sparsity rate search. Here, we introduce the details
of the one-stage envelope DDPG algorithm in Algorithm 1.
The improvements we made to the original method are as
follows.

1) To reduce exploration time, we combine the learning
phase and adaptation phase of the original envelope Q
learning [25].

2) To provide flexibility in compression, we allow for the
adjustment of the preference ωωω0 of hardware indicators
according to the requirements of real-world tasks.

1) State Space: In order to make the layer-by-layer pruning
algorithm satisfy the Markov property, we select the following
features as the state:

st = (Lt , reduced, at−1) (9)

where Lt is the set of features of the t th layer; including the
index t , the layer type (the convolutional layer or the fully
connected layer), the number of input channels Cin and output
channels Cout, the stride s, the kernel size k, and the weight
size w; the reduce is the total number of reduced FLOPs for
all previous layers; and the at−1 is the sparsity rate of the front
layer. st is a complete summary of the states of all previous
layers.

2) Action Space: Since model compression is highly sensi-
tive to sparsity, we use a continuous action space a ∈ (0, 1],
which allows our method to perform a more precise search.
Besides, we add noise to DDPG policies during training to
improve their exploration. Finally, a is rounded to the nearest
feasible fraction for each layer pruning in the compression
process.

3) Reward Function: In the MORL algorithm, we extend
the reward function to the vector field. According to the
problem defined in (1), we select the four most widely used
and important targets to form the vectored reward function

rrr = [acc,−FLOPs,−latency,−memory]. (10)

The reward function is evaluated on the target hardware, where
the acc is the accuracy evaluated on the validation set, FLOPs
is the total number of the floating point operations, latency is
the mean value of the measured latency, and memory is the
memory consumption in the forward inference. The values of
all elements are normalized between 0 and 1, which solves
the problem of nonuniform scales for different objectives

acc = acc× 100%
FLOPs = FLOPsval/FLOPsorg

latency = latencyval/latencyorg

memory = memoryval/memoryorg. (11)

The subscript org indicates the results measured on the
unpruned network, and the subscript val indicates the results
after pruning.

4) Loss Function: For the vectorized QQQ and BQQQ, we define
the loss function as follows:

Loss1(θ) = E[∥BQQQ(s, a,ωωω)− QQQ(s, a,ωωω)∥2
]. (12)

Loss1 ensures that the prediction of Q value is close to any
real expected total reward, even though Loss1 is nonsmooth
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Algorithm 1 One-Stage Envelope MO-DDPG
Input: a preference sampling distribution Dω, a preference ωωω0
set by the user, the discount factor γ, value τ for soft update.
Initial: Initialize replay buffer Dτ , a random process N for
action exploration, critic network QQQ(s, a,ωωω|θQ), actor network
µ(s|θµ), target critic network QQQ′(s, a,ωωω|θQ′) and target actor
network µ′(s|θµ

′

). Set target parameters equals to main param-
eters θQQQ′

← θQQQ, θµ
′

← θµ. λ = λ0 = 0.01, δ = (1000× (1−
λ0))

1/M , 1λ = δ/1000.
1: for episode = 1, . . . ,M do
2: Observe state s and select action

a = clip(µ(s|θµ)+ ϵ, aLow, aHigh)

where ϵ ∼ N .
3: Receive a vectorized reward rrr , observe next state s ′,

and done signal d to indicate whether s ′ is terminal.
4: Store transition (s, a,rrr , s ′, d) in the replay buffer Dτ .
5: if s ′ is terminal then
6: Reset environment state.
7: end if
8: if update then
9: Sample Nτ transitions (s j , a j ,rrr j , s j+1, d j ) ∼ Dτ .

10: Sample Nω preferences W = {ωωωi ∼ Dω}.
11: Compute the target value according to Eq. (8):

(BQQQ)i j =

rrr j + γ(1− d j ) argQ′ max
a′∈A
ω′ω′ω′∈W

ωωωT
i Q′Q′Q′(s j+1, a′,ω′ω′ω′; θ ′)

for all 1 ≤ i ≤ Nω and 1 ≤ j ≤ Nτ

12: Update critic by minimizing the loss according to
Eq. (12) and Eq. (13):

Loss = (1− λ)Loss1
+ λLoss2

13: Update actor using the policy gradient according
to Eq. (15):

∇θµ J ≈
1

Nτ

∑
i

[∇aωωω
T
0 QQQ(s, a,ωωω0|θ

Q) · ∇θµµ(s|θµ)]

14: Update the target networks:

θQQQ′
← τθQQQ

+ (1− τ)θQQQ′

θµ
′

← τθµ + (1− τ)θµ
′

15: end if
16: λ← λ+1λ
17: 1λ← (λ− λ0)× δ + λ0 − λ
18: end for

and challenging to be optimal. So, we utilize the homotopic
optimization method and introduce an auxiliary loss function

Loss2(θ) = E[∥ωωωTBQQQ(s, a,ωωω)−ωωωTQQQ(s, a,ωωω)∥2
]. (13)

Loss2 contributes as an auxiliary force to pull the current
estimate along the direction with improved utility. Since both
functions converge to the same endpoint, we can use the linear

Fig. 3. Pruning results for MobileNet-V1 using MORL with two objectives.
The pruning results of MobileNet-V1 using MORL with two objectives were
compared with the results of the AMC [14]. The three sets of objectives are
Accuracy–Memory, Accuracy–Latency, and Accuracy–FLOPs. The accuracy
and memory of the pruning results above are shown in the left figure, the
accuracy and latency of the pruning results are shown in the middle figure,
and the accuracy and FLOPs of the pruning results are shown in the right
figure. The wide blue bar and blue scale in the figure represent the accuracy,
while the thin orange bar and orange scale represent memory, latency, and
FLOPs in the three subfigures, respectively.

homotopy optimization to combine Loss1 and Loss2 together

Loss = (1− λ)Loss1
+ λLoss2. (14)

Also, update the actor using the policy gradient

∇θµ J ≈
1

Nτ

∑
i

[
∇aωωω

T
0 QQQ(s, a,ωωω0|θ

Q) · ∇θµµ(s|θµ)
]
. (15)

IV. EXPERIMENTS

We evaluate our approach on common image classifica-
tion benchmark datasets, such as CIFAR-10 and ImageNet
ILSVRC2012. Also, we conduct a comprehensive analysis
of our proposed MORL pruning method on the CIFAR-10
dataset. Besides, we also evaluate the performance of our
approach on the edge device, such as JETSON XAVIER NX.

Within our experimental framework, the parameter config-
uration for our MORL agent can be outlined as follows. The
Actor’s learning rate is established at 1e−3, while the Critic’s
learning rate is designated at 1e− 4. The discount factor γ is
set to 0.99. Soft updates for the target networks are carried
out using the value of τ set to 0.01, allowing for a gradual
and stable update process. The batch size for the agent is
set to 64, and the preference batch size Nω is set to 8. The
size of the replay buffer Dτ , which stores past experiences,
is determined based on the depth of the network being pruned,
specifically as the product of the number of prunable layers
and a factor of 200.
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Fig. 4. Comparisons of pruning strategies under three sets of objectives. The blue line represents the pruning strategy given by the MORL agent with the
Accuracy–Memory objectives. The orange line represents the pruning strategy given by the MORL agent with the Accuracy–Latency objectives. The green
line represents the pruning strategy given by the MORL agent with the Accuracy–FLOPs objectives.

Fig. 5. Pruning results for MobileNet-V2 using MORL with three objectives. Each dark blue circle represents the optimal solution found in each experiment
in the objective space. The yellow–orange plane is interpolated from these optimal points. (a) Nineteen pruning results which searched by the MORL
agent taking Accuracy–FLOPs–Latency as the objectives and their interpolated planes. (b) Eighteen pruning results which searched by the MORL agent
taking Accuracy–Memory–Latency as the objectives and their interpolated planes. (c) Nineteen pruning results which searched by the MORL agent taking
Accuracy–FLOPs–Memory as the objectives and their interpolated planes.

A. Multi-Objective Analysis

On the CIFAR-10 dataset, we evaluate our proposed MORL
pruning method, including the pruning results of multi-
objective methods with two objectives, and three objectives
on one NVIDIA GeForce GTX 1080 Ti.

1) Two Objectives: We pruned MobileNet-V1 net employ-
ing an MORL agent with two conflicting objectives on
one NVIDIA GeForce GTX 1080 Ti, each searching for
1500 episodes. The results are shown in Fig. 3. The results
of the experiment are presented in Fig. 3. The blue bars
in the figure show that the accuracy of all four pruning
methods is nearly identical. However, the orange bars indicate
significant differences in hardware indicators’ performance.
The left subfigure shows that the MORL agent using the
Accuracy–Memory objective outperforms the other meth-
ods under the memory hardware indicator. Similarly, in the
middle and right subfigures, it can be observed that the
pruning results of the MORL agents using latency and FLOPs
objectives, respectively, are significantly better than those
obtained using other methods on their corresponding optimiza-
tion objectives. These observations suggest that the MORL
pruning method proposed in this study effectively optimizes
the selected targets under conflicting optimization objectives

and yields better results than the single-objective pruning
method (AMC).

2) Pruned Results: We are not only concerned with the
accuracy and hardware indicators of pruned models but also
with the network structures obtained under different objec-
tive settings. We conduct a detailed analysis of the pruning
strategies obtained under three different objective settings.
As depicted in Fig. 4, the pruning strategy given by the
Accuracy–Memory objectives agent significantly compresses
the shallow layers of the network, while the deep layers have
relatively less compression. This aligns with our understand-
ing that the first few layers of the network generate larger
feature maps and consume more memory, thus compressing
them results in significant memory reduction. For both the
Accuracy–Latency and Accuracy–FLOPs objectives agents,
the pruning strategies exhibit a similar trend in which the
shallow layers of the network undergo less compression,
while the deep layers experience more compression. This is
reasonable, because the early layers extract more features,
whereas the deeper layers tend to have more redundancy.
However, the distinction between the two settings is that the
Accuracy–FLOPs setting also compresses the shallow layers
to achieve higher FLOPs compression. It can be observed
that under the search settings with two objectives, the pruning
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Fig. 6. Search path of an optimal point under the objective setting of Accuracy–FLOPs–Memory. In this search, the total compression ratio is set to
pruning 55% FLOPs off, the preference vector ωωω0 = [0.6, 0.2, 0.2], 250 episodes are warmed up, and a total of 1500 episodes are searched. During the search,
every occurrence of a solution with a greater reward is recorded and marked in orange in the figure. The scattered orange solid points represent the solutions
obtained under the random pruning strategy in the warm-up phase. The orange broken line represents the search path of the MORL agent after the warm-up
phase, the red point represents the optimal point finally found in this search, and the blue hollow points are the optimal points obtained under other pruning
ratios and preference vectors. (a) Search path after the warm-up phase, and the optimal point. (b) Search path under the objective space and its three views.

strategies obtained under different objectives intuitively adapt
to their respective goals, resulting in good performance. This
pattern continues when the number of objectives expands to
three or four.

3) Three Objectives: We pruned MobileNet-V2 network on
one NVIDIA GeForce GTX 1080 Ti, employing an MORL
agent with three objectives including accuracy and other two
hardware indicators.

We conduct a total of 18 to 19 experiments for each
multi-objective setting, with each experiment using a differ-
ent pruning ratio and preference vector and searching for
1500 episodes. The results of these experiments are plotted
in the objective space and interpolated to form a plane. It can
be seen that the interpolation planes in Fig. 5 are convex,
which conforms to the nature of the CCS of the Pareto frontier,
confirming that our proposed MORL method produced search
results on a convex solution plane. This plane can serve as an
approximation of the CCS.

For any optimal point obtained by MORL agent search,
taking the point in Fig. 5(c) as an example, we evaluate its
search path during the process, as shown in Fig. 6. Fig. 6
shows the search path taken by the MORL agent to find
an optimal solution while considering accuracy, FLOPs, and
memory as objectives. The search was conducted with a
total compression ratio of 55% FLOPs, using a preference
vector ωωω0 of [0.6, 0.2, 0.2]. The warm-up phase consisted of
250 episodes, while the full search involved 1500 episodes.

Fig. 6(b) depicts the search path and the three views of
the objective space. During the warm-up phase, the random
pruning strategy resulted in widely scattered and trendless
solutions (the orange solid points), which were far from
the CCS plane approximation (the green–blue plane). Sub-

Fig. 7. Accuracy curves of the one-stage envelope DDPG and envelope
DDPG algorithms when searching for 1500 episodes.

sequently, in Fig. 6(a), the search path (the orange broken
line) shows that the solutions generated by the MORL agent
quickly approached the approximate CCS plane. As the solu-
tions approached the plane, the search path began to zigzag
until it reached the optimal solution (represented by the red
solid point).

The three views in Fig. 6(b) provide a more intuitive
analysis of the search path. Since the compression ratio was
set to prune 55% of FLOPs, the value of FLOPs remained
fixed after the warm-up phase. In the top view, it can be seen
that memory decreased gradually with each search, while the
left view shows that accuracy increased with each search.

B. Search Times

In addition, we validate the efficiency of our proposed
one-stage envelope DDPG algorithm. In the scenario with
four objectives searching, we conducted searches using both
the one-stage envelope DDPG and the original algorithm for
1500 episodes each on MobileNet-V1. Since the rewards in
MORL are vectors, we compare one of its components, the
accuracy curve. As depicted in Fig. 7, during the warm-up
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TABLE I
PRUNING RESULTS OF VGG-16 ON CIFAR-10 WITH FOUR OBJECTIVES SEARCHING ON NVIDIA GEFORCE GTX 1080 Ti.

* INDICATES THE EXPERIMENTAL RESULTS WE REPRODUCED USING THE OPEN SOURCE CODE.
MO INDICATES THE PRUNING METHODS FOR MULTI-OBJECTIVE OPTIMIZATION

TABLE II
PRUNING RESULTS OF RESNET-56 AND RESNET-50 ON CIFAR-10 WITH FOUR OBJECTIVES SEARCHING ON NVIDIA GEFORCE GTX 1080 Ti

phase of the first 250 episodes, the accuracy curves of both
algorithms overlap. However, after 250 episodes, the one-stage
envelope DDPG starts regular search and pushes the accuracy
to around 86%, while the original algorithm struggles to
converge, with accuracy hovering around 10%. Even after
1500 episodes, the original algorithm fails to converge. This
illustrates that our method significantly outperforms the origi-
nal method in terms of convergence speed. This is because our
algorithm combines the learning phase and adaptation phase.
As shown in (15), our algorithm updates the actor network
using the user-defined preference vector ωωω0, which makes
the actor network more inclined to generate targeted actions.
This efficiency enhancement reduces the number of episodes
needed for exploration.

C. CIFAR-10

On CIFAR-10 datasets, experiments were conducted on
an NVIDIA GeForce GTX 1080 Ti to evaluate the per-
formance of the proposed approach on various networks,
including MobileNet-V1/V2 [28], [29], VGG-16 [26], and
ResNet-56/50 [27]. The MORL agent assessed four search
objectives, namely, accuracy, FLOPs, latency, and memory in

each experiment, which searched 1500 episodes and fine-tuned
within 200 epochs.

1) VGG: Table I shows the pruning results of VGG-16
on CIFAR-10 with four objectives searching. For VGG-16,
we conducted experiments with pruning 50% FLOPs off and
pruning 80% FLOPs off. Compared with the baseline, our
method at the compression ratio of 50% FLOPs achieved
1.30× memory compression and 2.42× acceleration with an
accuracy improvement of 1.13%. Our method yields better
results than the manually designed method dynamic pruning
with feedback (DPF) [51] across all four metrics. Furthermore,
our multi-objective method outperformed the single-objective
reinforcement learning method AMC [14] in all four indica-
tors, with higher accuracy, 2.1M fewer FLOPs, 3.6-MB less
memory, and 0.6-ms faster latency. As compared with other
reinforcement learning algorithms, such as DECORE [15] and
RL-MCTS [16], as well as generative adversarial network
(GAN) algorithms, such as GAL [36], our method achieved
higher compression with improved accuracy. Compared with
the multi-objective method CURATING [52], our approach
also outperforms it on multiple metrics. At the compression
ratio of pruning 80% FLOPs off, compared with the baseline,
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TABLE III
PRUNING RESULTS OF MOBILENET-V1 AND MOBILENET-V2 ON

CIFAR-10 WITH FOUR OBJECTIVES SEARCHING ON
NVIDIA GEFORCE GTX 1080 Ti

our method achieved a 2.31× decrease in memory usage, and a
1.92× increase in acceleration, with a corresponding accuracy
improvement of 0.09%. Compared with the single-objective
approach AMC [14], our method achieves better accuracy
and requires 8.0-MB less memory, while achieving similar
FLOPs compression (4.96× versus 4.98×) and acceleration
(2.4 ms versus 2.4 ms). Experiments show that our method
has stable optimization of the four indicators under different
pruning ratios, although the network’s performance is affected
when more FLOPs are cut.

2) ResNet: Table II shows the pruning results of ResNet-
50 and the smaller variant ResNet-56 on CIFAR-10 datasets
utilizing the MORL agent with four objectives.

We performed experiments on ResNet-50 to prune FLOPs
50% and 80% off. Our method achieved a compression
ratio of 50% FLOPs, resulting in a 1.24× compression of
memory, and a 1.78× acceleration, while also improving
accuracy by 1.37% compared with the baseline. In addi-
tion, with comparable FLOPs compression, our approach
surpassed the single-objective approach AMC [14] in accuracy,
using 76.0-MB less memory and achieving a faster latency
by 0.3 ms. Besides, our method is able to achieve a compres-
sion ratio of 5.00× FLOPs by pruning 80% of them, resulting
in a 2.11× compression of memory and a 1.56× acceleration.
Our approach achieved higher accuracy than the single-
objective approach AMC. Specifically, our approach uses
71.8-MB less memory and achieves a latency that is 0.9 ms
faster while providing similar FLOPs compression with AMC.

We applied compression rates of 75% and 55% to the
ResNet-56 network in Table II. When using a compression rate
of 75%, 30% of the network’s FLOPs were eliminated, result-
ing in a 0.30% increase in accuracy. In addition, we observed a
1.22× reduction in memory usage and a 1.66× speedup. Sim-
ilarly, with a compression rate of 55%, 50% of FLOPs were
eliminated, and we observed a 0.01% increase in accuracy,
a 1.3× reduction in memory usage, and a 1.73× speedup.
It is noteworthy that the network was further compressed
once it reached the compression rate, as the incentive for
FLOPs reduction remained when the rest of the indicators were
not affected. Compared with the manually designed method
DPF [51], our approach performs better on all four indicators.
We also have comparisons at two compression ratios using
single-objective reinforcement learning methods AMC [14]

and DECORE [15]. Our results demonstrate that our approach
achieves superior delta accuracy (+0.30% versus +0.08%
and +0.01% versus 0.00%) compared with the DECORE
method at lower (88.33M versus 92.48M) or similar (63.56M
versus 62.93M) FLOPs. In addition, our method performs
equivalently or better than the AMC approach with respect to
accuracy and outperforms it in all three hardware indicators.

3) MobileNet: Table III shows the pruning results of
MobileNet-V1 and MobileNet-V2 using the MORL method
with four objectives on the CIFAR-10 dataset.

For the MobileNet-V1 network, when we set 50%
FLOPs pruning, our method achieves 69% FLOPs prun-
ing with a memory compression of 1.52× and acceleration
of 2.25× while maintaining an accuracy that is 0.04% higher.
Across all four indicators, our method outperforms handcrafted
pruning with a uniform rate and the single-objective reinforce-
ment learning method AMC. Specifically, when compared
with the AMC, which reduces 50% of FLOPs, our method
outperforms it with a 0.10% accuracy increase, a 1-ms faster
acceleration, and a 6.4-MB reduction in memory.

When applying a 50% FLOPs reduction to the MobileNet-
V2 network, our proposed method achieves a memory
compression of 1.55× and acceleration of 2.33×, with a
corresponding 0.75% increase in accuracy. Compared with
the handcrafted pruning method with a uniform rate, our
method outperforms it across all four indicators. Moreover, our
method outperforms the AMC, which also cuts 50% FLOPs,
by increasing accuracy by 1.25%, accelerating latency by
0.9 ms, and reducing memory by 1.55 MB. These results
demonstrate that our approach can effectively search for a
pruning strategy that achieves superior performance across all
evaluation metrics.

D. ImageNet

Table IV shows the pruning results of MobileNet-V1
and MobileNet-V2 utilizing our approach on the Ima-
geNet ILSVRC2012 dataset using two NVIDIA GeForce
RTX 2080 Ti. In each experiment, the reinforcement learning
agent has four objectives and searches for 1500 sets, fine-tuned
within 200 epochs.

Our method achieved a 50% reduction in FLOPs for
MobileNet-V1, resulting in a 4.7× faster speed and
1.48× memory compression while maintaining the same
accuracy as the baseline. Furthermore, compared with the
single-objective reinforcement learning method AMC, which
also reduces FLOPs by 50%, our proposed approach achieved
a higher top-1 accuracy by 0.5% and a higher top-5 accuracy
by 0.6%, reduced memory usage by 75.21 MB, and had a
faster speedup of 12.1 ms.

For MobileNet-V2, our method reduced FLOPs by 50%,
resulting in 2.6× faster speed and 1.48× memory compres-
sion compared with the baseline. Furthermore, our proposed
method outperforms the single-objective reinforcement learn-
ing method AMC, which also reduces FLOPs by 50%.
In comparison, our method improves top-1 accuracy by 0.5%,
and top-5 accuracy by 0.3% reduces memory by 58.17 MB,
and has a faster speedup of 1.7 ms. Compared with the multi-
objective pruning method GenExp [21], our approach also
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TABLE IV
PRUNING RESULTS OF MOBILENET-V1 AND MOBILENET-V2 ON IMAGENET ILSVRC2012 WITH FOUR OBJECTIVES SEARCHING ON

TWO NVIDIA GEFORCE RTX 2080 Ti. MO INDICATES THE PRUNING METHODS FOR MULTI-OBJECTIVE OPTIMIZATION

TABLE V
PRUNING RESULTS OF MOBILENET-V1 AND MOBILENET-V2

ON JETSON XAVIER NX WITH FOUR OBJECTIVES
SEARCHING ON CIFAR-10 DATASETS

outperforms it on multiple indicators. In addition, our method
has the least decrease in accuracy among other pruning meth-
ods, such as AMC [14], Slimmable NN [53], AutoPruner [34],
MetaPruning [32], and GNN-RL [17].

E. Edge Device

The JETSON XAVIER NX is equipped with an NVIDIA
Xavier system-on-chip (SoC), which contains an eight-core
Advanced RISC Machines (ARM) processor, an NVIDIA
Volta GPU with 384 compute unified device architecture
(CUDA) cores, and dedicated hardware for deep learning
acceleration, including tensor cores for performing high-speed
matrix operations. It also includes six CPU cores, 6-MB L2
+ 4-MB L3, and 8-GB 128-bit LPDDR4x memory. Table V
shows the pruning results of MobileNet-V1 and MobileNet-V2
on JETSON XAVIER NX using the MORL agent with four
objectives, which is also obtained on the JETSON XAVIER
NX. The pruning process is carried out on the edge device, and
the pruned network is subsequently fine-tuned for 200 epochs
on NVIDIA GeForce GTX 1080 Ti.

When tested on JETSON XAVIER NX devices, our
approach resulted in a 71% reduction of FLOPs for
MobileNet-V1, leading to a 1.63× faster speed, 1.64× mem-
ory compression, and a slight 0.03% increase in accuracy.
In comparison with the handcraft method that uses the uniform
pruning rate, our proposed approach achieved a 0.39% increase
in accuracy, reduced FLOPs by 3.3M, memory by 5.5 MB, and
achieved a speedup of 4.9 ms. Furthermore, compared with the

TABLE VI
PRUNING RESULTS OF VIT-CIFAR ON CIFAR-10 WITH FOUR
OBJECTIVES SEARCHING ON NVIDIA GEFORCE RTX 2080 Ti.

THE SYMBOL † INDICATES THAT THE VIT-CIFAR MODEL
WE EMPLOYED ORIGINATES FROM THE FOLLOWING

SOURCE: https://github.com/omihub777/ViT-CIFAR

single-objective reinforcement learning method AMC [14], our
proposed approach obtained a 0.11% higher accuracy, reduced
FLOPs by 2.5M, memory by 6.9 MB, and achieved a faster
speedup of 3 ms.

We achieved a 50% reduction in FLOPs for MobileNet-V2
using our approach, resulting in a 1.70× faster speed and
1.68× memory compression, but also a 0.56% decrease in
accuracy compared with the baseline. In contrast, when com-
pared with the handcrafted method that uses uniform pruning
rates, our approach resulted in a 0.20% higher accuracy,
reduced FLOPs by 0.8M, memory by 9.4 MB, and provided
a speedup of 15.9 ms. Furthermore, our proposed approach
achieved similar accuracy with the single-objective reinforce-
ment learning method AMC [14] (85.08% versus 85.15%),
while reducing memory usage by 10.4 MB and achieving
a faster speedup of 1.7 ms. The inverted residual module,
introduced by MobileNet-V2, must be aligned during the
pruning process. This limitation, combined with the fact that
MobileNet-V2 is already a lightweight network, results in a
loss of accuracy compared with the baseline in the final search
outcome, especially on edge devices.

F. Vision Transformer

Table VI shows the pruning results of vision transformer
(ViT) [54] utilizing our approach on the CIFAR-10 dataset
on an NVIDIA GeForce RTX 2080 Ti. In each experi-
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ment, the reinforcement learning agent has four objectives
and searches for 1500 sets, fine-tuned with 200 epochs.
We conducted a comparative analysis between our approach
and the single-objective reinforcement learning method AMC,
with the same FLOPs compression ratios. It is evident that
our method outperforms AMC in all the metrics, such as
latency, memory usage, and accuracy when considering fewer
or equivalent FLOPs. This result indicates that our proposed
MORL algorithm is not only applicable to convolutional neu-
ral networks but also suitable for transformer-based network
architectures.

We have conducted theoretical analysis and multiple experi-
ments to evaluate the effectiveness of MCMC. However, there
are still pending experiments to be conducted. Nevertheless,
our method has limitations, and there are still experiments to
be conducted. In the future, these experiments will focus on
exploring the application of MCMC in various tasks, including
natural language processing.

V. CONCLUSION

In this article, we propose MCMC, an automated prun-
ing method designed to overcome the challenge of model
compression under multiple hardware constraints. Our method
employs a one-stage envelope DDPG algorithm to optimize
multiple hardware targets while minimizing the effect on
accuracy. The one-stage envelope DDPG algorithm updates
the policy network by leveraging the convex envelope of the
Pareto solution frontier, leading to more efficient solutions.
MCMC shows consistent efficiency on a range of hardware
devices, including those with limited computing resources,
allowing for automated optimization that can accommodate
various hardware constraints and features. Our method enables
automated MCMC, and it yields substantial improvements
across different networks and datasets.
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