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ABSTRACT 

Convolutional neural networks are challenging to deploy on resource-constrained computing platforms due to their high storage 
and computational demands. Mixed-precision quantization can mitigate these issues by assigning different bit-widths per layer. 
However, finding an optimal quantization policy is challenging due to the exponential size of the policy search space and the 
need for extensive policy evaluations. Additionally, existing works often overlook strict model size constraints and apply per- 
layer quantization, which ignores intra-kernel variances. We propose a two-stage deep deterministic policy gradient (DDPG) 
framework. In the first stage, it optimizes accuracy; in the second, it jointly optimizes accuracy and model size with a constraint- 
aware reward that enforces storage limits during training. On this basis, a per-kernel clipping threshold is introduced to reduce 
quantization error by adapting the clipping threshold to individual kernel distributions. We perform extensive simulations based 
on ImageNet with MobileNet-V1/V2 and ResNet-50. The results show that our method outperforms the state-of-the-art baselines 
under the same compression ratios, achieving minimal accuracy drops with aggressive compression and near-lossless performance 
at moderate levels. 
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 Introduction 

onvolutional neural networks (CNNs), are widely used in multi-
le scenarios such as computer vision tasks and recommendation
ystems. However, their deployment in resource-constrained
nvironments remains challenging due to high storage require-
ents and computational demands. For example, deploying a
ull-precision model like VGG16 (528 MB) [ 1 ] on a smartphone
oC is challenging because limited on-chip memory cannot
upport its size, which leads to frequent DRAM accesses that
ncrease latency and power consumption. 

uantization technology can mitigate storage and computation
ottlenecks by reducing both the model size and the required
emory bandwidth, where the full-precision floating-point
eights can be represented by reduced-precision integers [ 2 ].
his is an open access article under the terms of the Creative Commons Attribution Licen
riginal work is properly cited. 
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To perform CNN quantization, some methods use the same bit-
width for all layers, such as [ 3, 4 ]. However, a uniform bit-width
allocation across all layers ignores the differences among layers,
for example, the layer structure. Therefore, uniform bit-width
will cause more information loss in the critical layers, leading to
significant degradation in model accuracy. 

Mixed-precision quantization technology selects an appropriate
bit-width for each layer of a CNN, providing system flexibility and
adaptivity, compared with fixed-precision quantization. There-
fore, mixed-precision quantization can take the characteristics
and behaviour of different layers into account [ 5 ], when a
quantized CNN is applied to a hardware platform. On the other
hand, with the recent advances in embedded AI hardware,
many platforms support mixed-precision operations, such as
the NVIDIA Jetson edge computing platform, which provides
se, which permits use, distribution and reproduction in any medium, provided the 
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FIGURE 1 The structure of the proposed PKTQ framework. 
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edicated Tensor Cores to accelerate FP16 and INT8 mixed-
recision computation [ 6 ]. Therefore, mixed-precision quantized
odels can be deployed in this resource-constrained platform. 

 major challenge in mixed-precision quantization design is effi-
iently determining the appropriate bit-width for each CNN layer.
he search space for bit-width selection grows exponentially
ith the number of layers, as each layer can be assigned one of
ultiple candidate bit-widths. For instance, a network with 𝑁
ayers and each layer has 𝑀 possible bit-widths, an exhaustive
earch is required to evaluate  ( 𝑀𝑁 ) combinations [ 7 ], which
s computationally expensive. In addition, the evaluation of
ach candidate configuration usually involves re-training or fine-
uning the CNN to estimate its performance, further increasing
omputational costs. 

ome mixed-precision quantization methods have been proposed
y existing works, such as [ 5, 7–11 ], and the above methods can be
enerally classified as: 

. Criterion-based mixed-precision frameworks: These methods
anually set sensitivity evaluation metrics to guide the bit-
idth allocation for different layers. HAWQ [ 8 ] introduces a
essian-based sensitivity analysis for layer-wise mixed-precision
uantization, but requires manual bit-width assignment. HAWQ-
2 [ 9 ] automatically allocates bit-width to layers via a Pareto-
rontier search method and adopts a new Hessian-trace criterion,
mproving feasibility. However, this method still relies on heuris-
ic search without a rigorous guarantee of optimality. Heuristic
riteria and manual design are not involved in [ 7 ]; instead, it
rovides a mathematically principled optimization formulation,
hat is, it formulates the mixed-precision quantization as a
ombinatorial optimization problem. 

hese criterion-based approaches mainly focus on and rely on
anually designed sensitivity metrics, which reduce system
daptivity. In addition, to find a heuristic or optimal solution, it
s often required to build a corresponding mathematical formula-
ion, which is changed with constraints such as model size. 

. RL-based mixed-precision frameworks: These methods formu-
ate the bit-width optimization problem as a Markov decision
rocess (MDP), where a reinforcement learning (RL) agent
equentially selects the quantization policy for each layer or
ernel, and the reward function bridges objectives such as model
ccuracy and constraints on model size. Compared to criterion-
ased methods, RL-based approaches are flexible in incorporating
ultiple optimization objectives into the reward design and can
e adapted to different hardware platforms by adjusting the
eward function accordingly. 

AQ [ 5 ] is a framework that uses RL to search per-layer
uantization policies under a single hardware constraint while
elying on the measured hardware feedback from the target
latform to guide the training process. AutoQ [ 11 ] extends HAQ by
upporting multiple hardware constraints alongside model accu-
acy. It employs predictive models for hardware resources and
pplies per-kernel quantization. ADRL [ 10 ], on the other hand,
ocuses on model compression as a constraint and enhances
earch efficiency by generating multiple candidate actions at each
tep of the episode. 
of 8
Although the above methods consider hardware-related objec-
tives, constraints may be violated during the search process.
For example, in HAQ and ADRL, when a learned bit-width
configuration violates the target constraint, the quantization
policy for the final layers is manually adjusted to compensate.
In AutoQ, hardware constraints are weighted terms within the
reward function, guiding the RL agent to balance model accuracy
with constraint satisfaction. However, this method does not
enforce hard constraints, meaning violations may occur during
the training process. 

Compared to existing approaches, we focus on mixed-precision
quantization for CNNs under strict model size constraints
imposed by limited storage, to maximize accuracy. Our main
contributions are summarized as follows: 

∙ We propose a two-stage DDPG-based framework with per-
layer policies to maximize accuracy, while guaranteeing the
model size constraint. 

∙ Based on the obtained per-layer policies, we introduce a
per-kernel clipping threshold for convolutional layers. This
approach offers finer granularity than per-layer quantization
and mitigates precision loss. 

∙ We conduct a series of experiments using MobileNetV1/V2
and ResNet-50 on the ImageNet dataset across various com-
pression ratios. The results demonstrate that our method
yields higher Top-1 accuracy than existing approaches. Fur-
thermore, we analyse the training dynamics of the agent, illus-
trating stable convergence in both accuracy and compression
ratio. 

2 Mixed-Precision Quantization Approach 

Figure 1 illustrates the overall workflow of the proposed PKTQ
framework. We model mixed-precision quantization as a DDPG-
based two-stage reinforcement learning (RL) problem and solve
it to find an optimal quantization policy. The DDPG archi-
tecture contains an actor network and a critic network. The
actor network predicts the bit-width for each CNN layer. Then,
the predicted bit-widths are used as the quantization policy
to quantize the CNN model. On this basis, the critic network
evaluates the quantization policy by measuring both the accu-
racy and the model size of the quantized network. Finally,
the evaluation results will feed back to update the subsequent
Electronics Letters, 2026
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uantization policy. During the training of actor and critic
etworks, in the first stage, we focus on optimizing accuracy,
hile in the second stage, we incorporate the model size
onstraint to ensure the quantized model meets deployment
equirements. The details of the PKTQ framework are explained
elow. 

.1 Principle of DDPG-Based RL 

he RL method consists of an agent interacting with an envi-
onment 𝐸. The interaction process includes a series of episodes,
here each episode contains multiple discrete time steps in
hich the agent and environment can exchange information.
t each time step 𝑡, the agent receives an observation 𝑥𝑡 ,
akes an action 𝑎𝑡 , and receives a reward 𝑟𝑡 from the environ-
ent 𝐸. This repeated agent–environment interaction within
n episode can be modelled as a Markov decision process
MDP), characterized by a state space 𝑆 and an action space
, and then the behaviour of the agent is governed by a policy
∶ 𝑆 → 𝐴. 

uring the interaction process, the agent aims to maximize not
nly immediate reward 𝑟𝑡 , but also long-term return 𝑅𝑡 , from
ction 𝑎𝑡 . Let 𝑠𝑡 denote the state of step 𝑡. To quantify the total ben-
fit in steps [ 𝑡, . . . , 𝑇 ] , where 𝑇 is the final step, we introduce the
eturn 𝑅𝑡 =

∑𝑇 

𝑖= 𝑡 𝛾
𝑖− 𝑡 𝑟( 𝑠𝑖 , 𝑎𝑖 ) , indicating the cumulative rewards

rom initial step 𝑡 to final step 𝑇, discounted by a decay factor
𝑖− 𝑡 . The discount factor 𝛾𝑖− 𝑡 decreases as the time step 𝑖 moves
urther from 𝑡, which balances near-term gains with long-term
ffects. 

he goal of the agent is to learn a policy 𝜋 that maxi-
izes the expected return from the start step, that is, 𝐽( 𝜋) =
 [ 𝑅1 |𝜋] . To this end, the policy 𝜋 must be optimized based
n interactions between the agent and the environment 𝐸. Let
 [ 𝑅𝑡 |𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎 , 𝜋] denote the expected return 𝑅𝑡 under the
iven state 𝑠𝑡 , action 𝑎𝑡 , where policy 𝜋 is a set of actions
 𝑎1 , . . . , 𝑎𝑇 ] . 

.1.1 Critic Network 

n the DDPG actor-critic framework, the aim of the critic network
( 𝑠 , 𝑎 |𝜃𝑄 ) with parameters 𝜃𝑄 is to estimate the expected return
 [ 𝑅𝑡 ] (i.e., action-value: Q value): 

𝑄( 𝑠 , 𝑎 |𝜃𝑄 ) ≈ 𝔼 [ 𝑅𝑡 |𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎 , 𝜋] , (1)

he critic network is trained using the Bellman equation 𝐿( 𝜃𝑄 ) =
 [( 𝑦𝑡 − 𝑄( 𝑠𝑡 , 𝑎𝑡 |𝜃𝑄 ))2 ] by minimizing the loss between the target
 -value 𝑦𝑡 and the estimated Q -value given by the critic network
( 𝑠𝑡 , 𝑎𝑡 |𝜃𝑄 ) , where the target Q -value, 

𝑦𝑡 = 𝑟( 𝑠𝑡 , 𝑎𝑡 ) + 𝛾𝑄( 𝑠𝑡+ 1 , 𝜇( 𝑠𝑡 + 1 |𝜃𝜇) |𝜃𝑄 ) , (2)

nd 𝑟( 𝑠𝑡 , 𝑎𝑡 ) is the immediate reward at time step 𝑡, 𝛾 ∈ [0 , 1] is
he discount factor controlling the importance of future rewards,
𝑡+ 1 = 𝜇( 𝑠𝑡 + 1 |𝜃𝜇) is the action predicted by the actor for the next
tate 𝑠𝑡+ 1 with parameters 𝜃𝜇. 
lectronics Letters, 2026
2.1.2 Actor Network 

The training objective of the actor network is to maximize the
estimated Q-value 𝑄( 𝑠 , 𝑎 |𝜃𝑄 ) in ( 1 ). Since 𝐽( 𝜋) = 𝔼 [ 𝑅1 |𝜋] and
𝑅1 =

∑𝑇 

𝑖= 1 𝛾
𝑖− 𝑡 𝑟( 𝑠𝑖 , 𝑎𝑖 ) , 𝐽( 𝜋) represents the weighted sum of the

estimated Q -value from step 1 to step 𝑇. Taking the gradient of
𝐽( 𝜋) with respect to the parameters 𝜃𝜇 of actor network (i.e.,
∇𝜃𝜇

𝐽), we can maximize 𝑄( 𝑠 , 𝑎 |𝜃𝑄 ) . 
Since 𝑄( 𝑠 , 𝑎 |𝜃𝑄 ) depends on the action 𝑎 , while 𝑎 depends on the
parameters 𝜃𝜇 of actor network through 𝑎 = 𝜇( 𝑠|𝜃𝜇) , we can apply
the chain rule to calculate the gradient ∇𝜃𝜇

𝐽. Thus, the gradient
of 𝐽( 𝜋) with respect to 𝜃𝜇 is given by 

∇𝜃𝜇
𝐽 ≈ 𝔼

[ 
∇𝑎 𝑄( 𝑠 , 𝑎 |𝜃𝑄 )|||𝑠 = 𝑠𝑡 ,𝑎 = 𝜇( 𝑠𝑡 |𝜃𝜇) ∇𝜃𝜇

𝜇( 𝑠 |𝜃𝜇)|||𝑠= 𝑠𝑡 
] 
. (3)

During the training process of actor and critic networks, the critic
parameters 𝜃𝑄 and actor parameters 𝜃𝜇 are updated iteratively.
Once training converges—that is, when the critic network pro-
vides stable estimated 𝑄-values 𝑄( 𝑠𝑡 , 𝑎𝑡 |𝜃𝑄 ) and the actor network
consistently provides high-value actions 𝑎𝑡 —the trained actor
network 𝜇( 𝑠|𝜃𝜇) can be used to generate the policy 𝜋. 
2.2 Modelling for Mixed-Precision Quantization 

We use DDPG to learn a per-layer quantization policy 𝜋 of
CNNs, where the environment 𝐸, the action 𝑎𝑡 , the state 𝑠𝑡 (also
the observation 𝑥𝑡 ) are used to represent the CNN, the layer-
wise bit- width, and the structur al at tributes and the historical
information of the CNN, respectively. During this process, we
introduce a two-stage reward in environment 𝐸 that reflects the
accuracy and model size constraint. Under the given per-layer
quantization policy 𝜋, we quantize the CNN using per-kernel
clipping thresholds, thereby reducing quantization loss. The
details are as follows. 

2.2.1 State and Action Definition 

For CNN quantization, the environment 𝐸 is assumed to be fully
observable, meaning the state 𝑠𝑡 equals the observation 𝑥𝑡 , that
is, 𝑠𝑡 = 𝑥𝑡 . At each time step 𝑡, the agent handles the 𝑙-th layer
of the CNN. Note that the structures of convolutional and fully
connected layers differ in CNNs. Their observations are different
as well. The observation for convolutional layers is 

𝑥𝑡 = ( 𝑙, 𝑐in , 𝑐out , 𝑠kernel , 𝑠stride , 𝑠feat , 𝑛params , 𝑖dw , 𝑎𝑡− 1 ) , (4)

while the observation for fully connected layers is 

𝑥𝑡 = ( 𝑙, ℎin , ℎout , 0 , 0 , 𝑠feat , 𝑛params , 0 , 𝑎𝑡− 1 ) . (5)

In ( 4 ), 𝑙 denotes the layer index, 𝑐in and 𝑐out represent the numbers
of input and output channels for the convolutional layer, 𝑠kernel 
and 𝑠stride are the kernel size and stride for the convolutional
layer, 𝑠feat is the feature map size, 𝑛params is the total number of
parameters, 𝑖dw is a binary indicator for depthwise convolution,
and 𝑎𝑡− 1 denotes the action taken by the agent in the previous
step 𝑡 − 1 . 
3 of 8
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n ( 5 ), ℎin and ℎout are the numbers of input and output hidden
nits for the fully connected layer. Since 𝑠kernel , 𝑠stride and 𝑖dw only
eflect the characteristics of convolutional layers, their values are
et to 0 in ( 5 ). Note that the scales of the elements in ( 4 ) and ( 5 )
re different. To stabilize the training process, these elements are
ormalized between [0,1], before being used in the agent network.

ince the observation 𝑥𝑡 is used to generate an action 𝑎𝑡 that
etermines the quantization bit-width for layer 𝑙, 𝑥𝑡 describes the
NN layer from the following three perspectives: (1) 𝑙, 𝑐in , 𝑐out , ℎin ,
out , 𝑠kernel , 𝑠stride and 𝑖dw reflect the role of each layer in CNN; (2)
feat and 𝑛params quantify the resource demands of the layer and (3)
𝑡− 1 encodes the historical policy choices. 

ote that the value of 𝑎𝑡 is normalized within the range [0,1].
oreover, DDPG operates in a continuous action domain. There-
ore, its output 𝑎𝑡 is continuous and bounded by [0,1]. Since the
it-width values of the quantized CNN weights are discrete, to
ap the action 𝑎𝑡 to the desired bit-width value 𝑏𝑙 , we perform
he following transformation: 

𝑏𝑙 = round ( 𝑏min − 0 . 5 + 𝑎𝑡 × ( 𝑏max − 𝑏min + 1)) , (6)

here 𝑏𝑙 is bounded by { 𝑏min , . . . , 𝑏max } , and we set 𝑏min = 2 and
max = 8 . Equation ( 6 ) shows that the mapping process consists
f the following three steps: (i) Scaling : The action 𝑎𝑡 is first
caled to the range [0 , 𝑏max − 𝑏min + 1] ; (ii) Offset : A correction
actor of 𝑏min − 0 . 5 is then added to adjust the scaling and ensure
roper rounding; (iii) Rounding : Finally, the value is rounded to
he nearest integer to obtain the discrete bit-width 𝑏𝑙 . 

.2.2 Two-Stage DDPG Reward 

uring the training process of actor and critic networks, we
eed to take accuracy and model size constraints into account.
herefore, we introduce a two-stage reward 𝑟𝑇 . Note that 𝑟𝑇 is
iven by the last step 𝑇. In each episode, that is, from step 1 to
tep 𝑇, the agent generates the quantization policy 𝜋 for all the
ayers of CNN. Both accuracy and model size can be evaluated
nly after applying the policy 𝜋 for all layers to quantize the CNN,
nd fine-tuning the quantized CNN. At the last step 𝑇 of each
pisode, we can get a reward 𝑟𝑇 that describes the model accuracy
nd size; however, the rewards of previous steps are zero, that is,
𝑡 = 0 (1 ≤ 𝑡 < 𝑇) . During the training process of DDPG, the final
eward 𝑟𝑇 is propagated backward to get the target Q-values 𝑦𝑡 
rom step 1 to step 𝑇 − 1 through ( 2 ). 

his design of DDPG reward 𝑟𝑇 aligns with the quantization
bjective, that is, optimizing the final classification accuracy
 𝑐 𝑐quant , while satisfying the model size constraint 𝑠𝑖𝑧𝑒cons .
pecifically, the reward ( 7 ) contains two parts: (i) The difference
etween the quantized model accuracy 𝑎 𝑐 𝑐quant and the original
odel accuracy 𝑎 𝑐 𝑐origin , scaled by a constant 𝜆. This term
ncourages the agent to reduce the accuracy error to improve
odel accuracy after quantization; (ii) Size-related penalty 𝑃size ,
epending on the quantized model size 𝑠𝑖𝑧𝑒quant and size con-
traint 𝑠𝑖𝑧𝑒cons . If 𝑠𝑖𝑧𝑒quant exceeds 𝑠𝑖𝑧𝑒cons , the agent receives a
enalty 𝑃size , which is proportional to the gap among 𝑠𝑖𝑧𝑒quant and
𝑖𝑧𝑒cons , and controlled by a hyperparameter 𝛽. 
of 8
To stabilize training, we employ a two-stage reward design based
on the episode index 𝑒 𝑝 𝑖𝑠 𝑜 𝑑 𝑒 : (i) In the first stage (i.e., 𝑒 𝑝 𝑖𝑠 𝑜 𝑑 𝑒 <
𝑡 ℎ, where 𝑡 ℎ is the threshold of stage separation), the reward only
considers accuracy 𝜆 × ( 𝑎 𝑐 𝑐quant − 𝑎 𝑐 𝑐origin ) , allowing the agent
to fully explore the accuracy optimization without considering
the model size constraint 𝑠𝑖𝑧𝑒cons ; (ii) In the second stage (i.e.,
𝑒 𝑝 𝑖𝑠 𝑜 𝑑 𝑒 ≥ 𝑡ℎ), the penalty term 𝑃size is introduced, guiding the
agent to generate the quantization policy 𝜋 that satisfies the
model size constraint 𝑠𝑖𝑧𝑒cons . 

Because the optimization objectives of model accuracy and model
size are often in conflict, the above sequential approach facilitates
stable training and yields models suitable for deployment on
resource-limited devices. Based on the above analysis, the reward
𝑟𝑇 can be formulated as follows:

𝑟𝑇 =
⎧ ⎪ ⎨ ⎪ ⎩ 

𝜆 ×
(
𝑎 𝑐 𝑐quant − 𝑎 𝑐 𝑐origin 

)
, 𝑒 𝑝 𝑖𝑠 𝑜 𝑑 𝑒 < 𝑡ℎ, 

𝜆 ×
(
𝑎 𝑐 𝑐quant − 𝑎 𝑐 𝑐origin 

)
− 𝑃size , 𝑒 𝑝 𝑖𝑠 𝑜 𝑑 𝑒 ≥ 𝑡ℎ. 

(7)

where the size-related penalty 𝑃size is given by 

𝑃size =
⎧ ⎪ ⎨ ⎪ ⎩ 

0 , 𝑠 𝑖𝑧𝑒quant ≤ 𝑠 𝑖𝑧𝑒 cons , 

𝛽 ×
(
𝑠 𝑖𝑧𝑒quant − 𝑠 𝑖𝑧𝑒 cons 

)
, 𝑠 𝑖𝑧𝑒quant > 𝑠 𝑖𝑧𝑒 cons . 

(8)

By properly setting the reward coefficients 𝜆 and 𝛽, any violation
of the size constraint can be penalized, thereby enforcing the
agent to satisfy the constraint, which allows temporary violations
during early training. 

2.2.3 Per-Kernel Clipping Threshold Linear 
Quantization 

When the per-layer quantization policy 𝜋 is obtained, we next
quantize the CNN using per-kernel clipping thresholds. Linear
quantization is the process of linearly mapping high-bit floating-
point data to low-bit integer data, which can be expressed as
follows: 

𝐰𝐢𝐧𝐭 = clip 
(
round ( 𝐰∕𝑠 𝑐 𝑎 𝑙𝑒) + 𝑧, − 2𝑏− 1 , 2𝑏− 1 − 1

)
. (9)

In ( 9 ), 𝐰 is the floating-point weight data that needs to be
quantized, while 𝐰𝐢𝐧𝐭 is the quantized low-bit integer. 𝑧 is the zero
point, 𝑏 is the bit-width of the low-bit data, and the quantization
scale 

𝑠 𝑐 𝑎 𝑙𝑒 = ( 𝑤max − 𝑤min )∕(2
𝑏 − 1) , (10)

where 𝑤min and 𝑤max represent the minimum and maximum
clipping thresholds, respectively. The function round ( ⋅) is a
rounding operation, and the rounding error is within the range
[ − 1∕ 𝑠 𝑐 𝑎 𝑙𝑒 , 1∕ 𝑠 𝑐 𝑎 𝑙𝑒 ] . The clip ( ⋅) operation ensures that the quan-
tized values, that is, round ( 𝐰∕𝑠 𝑐 𝑎 𝑙𝑒) + 𝑧, are constrained within
the range [ − 2𝑏− 1 , 2𝑏− 1 − 1] . Specifically, the floating-point values
in 𝐰 less than 𝑤min are mapped to − 2𝑏− 1 , and those greater than
𝑤max are mapped to 2𝑏− 1 − 1 , incurring a clipping error introduced
by operation clip ( ⋅) . 
Electronics Letters, 2026
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FIGURE 2 First 20 kernels’ weight distribution of layer ‘fea- 
tures.4.conv.1.0’ in pretrained MobileNetV2. 
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FIGURE 3 Comparison of per-layer and per-kernel clipped quanti- 
zation. 
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ote that the quantized low-bit integer 𝐰𝐢𝐧𝐭 can also be mapped
ack to the floating-point data 𝐰𝑞 through 𝐰𝑞 = (𝐰𝐢𝐧𝐭 − 𝑧) ×
 𝑐 𝑎 𝑙𝑒 . Due to the clipping operation clip ( ⋅) and rounding oper-
tion round ( ⋅) in ( 9 ), there exists a quantization error between
he quantized values 𝐰𝑞 and the original values 𝐰. Since the
uantization error is influenced by clipping thresholds 𝑤max and
min , according to ( 9 ) and ( 10 ), the proper values of 𝑤max and 𝑤min

hould be selected to reduce the quantization error and improve
he accuracy of the model. 

n CNNs, different convolutional kernels within a layer often
xhibit distinct weight distributions, characterized by different
eans, variances, and dynamic ranges. Therefore, applying a
niform clipping threshold [ 𝑤min , 𝑤max ] across all kernels without
onsidering these intrinsic differences, potentially leads to exces-
ive quantization error for some kernels. For example, Figure 2
s the weight distribution difference of the first 20 kernels of the
ayer ‘features.4.conv.1.0’ in the pretrained MobileNetV2, which is
 3 × 3 depthwise convolutional layer with 72 kernels in total. On
ach box, the central mark indicates the median, and the bottom
nd top edges of the box indicate the 25th and 75th percentiles,
espectively. The whiskers extend to the most extreme data points
hat are not considered outliers, and the outliers are plotted
ndividually using the ‘o’ symbol. Figure 2 shows that different
ernels have very different weight distributions in terms of mean
nd dynamic range. 

igure 3 illustrates the quantization differences between per-layer
nd per-kernel clipping thresholds, where 𝐰 = [𝐰𝟏 ,𝐰𝟐 ,𝐰𝟑 ] are
he weights of a layer including three kernels, and min ( 𝐰) and
ax ( 𝐰) are the lower and upper bounds of 𝐰, respectively. If a
er-layer threshold [ 𝑤min , 𝑤max ] is used, as shown in Figure 3a , for
𝟏 , the weights in the range [min (𝐰𝟏 ) , 𝑤min ] are clipped, while

he weights in the range [ 𝑤min , max (𝐰𝟏 )] are mapped to the inte-
ers { − 2𝑏− 1 , − 2𝑏− 1 + 1 , − 2𝑏− 1 + 2} . In contrast, Figure 3b shows
he mapping with per-kernel clipping thresholds. 𝐰𝟏 can be
apped to the whole range of integers, that is, { − 2𝑏− 1 , . . . , 2𝑏− 1 −
} , which is wider than the range { − 2𝑏− 1 , − 2𝑏− 1 + 1 , − 2𝑏− 1 + 2}

iven by the per-layer clipping threshold, that is, we can reduce
uantization error and improve overall accuracy. Regarding
ardware deployment overhead, our per-kernel scheme shares a
lectronics Letters, 2026
single bit-width per layer, similar to per-layer quantization. The
only additional overhead is a 𝑐out × 𝑐in table of scales/zero-points.

To reduce quantization error, we adopt the per-kernel clipping
threshold selection strategy. Note that across different convolu-
tional layers, the number of weight samples per kernel varies.
In addition, convolutional layers can generally be divided into
standard and depth-wise convolutional layers. Therefore, we
have 

∙ Standard convolutional layer: Since the number of weights
per kernel is typically hundreds, we determine the clip-
ping threshold [ 𝑤𝑘 

min 
, 𝑤𝑘 

max ] of the 𝑘th kernel by minimizing
Kullback–Leibler (KL) divergence 𝐷KL ( ⋅||⋅) between original
and quantized distributions: 

[ 𝑤𝑘 
min 

, 𝑤𝑘 
max ] = arg min 

𝑡min ,𝑡max 

𝐷KL 

(
𝑃𝐰𝑘 ||𝑄( 𝑡min ,𝑡max ) 

𝐰𝑘 

)
. (11)

In ( 11 ), 𝑃𝐰𝑘 is the original weight distribution histogram
of the 𝑘th kernel, and 𝑄( 𝑡min ,𝑡max ) 

𝐰𝑘 
is the histogram after the

quantization using the clipping threshold [ 𝑡min , 𝑡max ] , and
finally we get 𝑤𝑘 

min 
= 𝑡min and 𝑤𝑘 

max = 𝑡max . The KL-divergence
method [ 12 ] finds an optimal trade-off between removing
outliers (reducing rounding error) and preserving important
distribution characteristics (reducing clipping error), and is
effective only when sufficient samples are available to build
a stable histogram. 

∙ Depthwise convolutional layer: Each depthwise kernel typi-
cally contains only 𝐾ℎ × 𝐾𝑤 elements, where 𝐾ℎ and 𝐾𝑤 are
the height and width of kernel, respectively. Note that the
values of 𝐾ℎ and 𝐾𝑤 are usually small, for example, 3 × 3 =
9 in ‘features.4.conv.1.0,’ which is insufficient to estimate
a histogram-based KL divergence reliably. Therefore, we
directly adopt the simple min–max scheme to determine the
clipping thresholds for depthwise kernels. For the 𝑘th kernel
with the weights 𝐰𝑘 , we set 𝑤𝑘 

min 
= min ( 𝐰𝑘 ) and 𝑤𝑘 

max =
max ( 𝐰𝑘 ) . The above min-max method ensures that all values
in the kernel map exactly into the available quantization
range, without introducing clipping errors. 
5 of 8
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TABLE 1 CNN Top-1 accuracy on ImageNet dataset under different methods and compression ratios. 

Top-1 Top-1 Top-1 

Model Method Policy (Full) Comp. (Quant) (Drop) 

MobileNet-V1 [ 13 ] DC [ 3 ] W2 70.90 0.068 37.62 − 33.28 
HAQ [ 5 ] MP 70.90 0.068 57.14 − 13.76 
Ours MP 71.38 0.067 61.68 − 9.70 
DC [ 3 ] W3 70.90 0.099 65.93 − 4.97 
HAQ [ 5 ] MP 70.90 0.098 67.66 − 3.24 
Ours MP 71.38 0.097 68.35 − 3.03 
DC [ 3 ] W4 70.90 0.130 71.14 + 0.24 
HAQ [ 5 ] MP 70.90 0.128 71.74 + 0.84 
Ours MP 71.38 0.126 72.25 + 0.87 

MobileNet-V2 [ 14 ] DC [ 3 ] W2 71.87 0.072 58.07 − 13.8 
HAQ [ 5 ] MP 71.87 0.071 66.75 − 5.12 
Ours MP 72.34 0.071 68.38 − 3.96 
DC [ 3 ] W3 71.87 0.103 68.00 − 3.87 
HAQ [ 5 ] MP 71.87 0.103 70.90 − 0.97 
Ours MP 72.34 0.103 71.79 − 0.55 
DC [ 3 ] W4 71.87 0.134 71.24 − 0.63 
HAQ [ 5 ] MP 71.87 0.133 71.47 − 0.40 
Ours MP 72.34 0.133 72.21 − 0.13 

ResNet50 [ 15 ] DC [ 3 ] W2 76.15 0.065 68.95 − 7.20 
HAQ [ 5 ] MP 76.15 0.065 70.63 − 5.52 
Ours MP 76.64 0.065 71.47 − 5.17 

AutoQ [ 11 ] MP/MP 74.80 0.097 72.51 − 2.29 
DC [ 3 ] W3 76.15 0.096 75.10 − 1.05 
HAQ [ 5 ] MP 76.15 0.095 75.30 − 0.85 
Ours MP 76.64 0.094 75.92 − 0.72 

OMSE [ 4 ] W4 77.72 0.126 74.98 − 2.74 
DC [ 3 ] W4 76.15 0.127 76.15 + 0.00 
HAQ [ 5 ] MP 76.15 0.125 76.14 − 0.01 
Ours MP 76.64 0.124 76.63 − 0.01 
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 Experimental Results 

e evaluate the model performance on the ImageNet dataset,
ocusing on quantizing CNN architectures, including MobileNet-
1 [ 13 ], MobileNet-V2 [ 14 ], and ResNet50 [ 15 ]. Compared
ith MobileNet-V1, which has ‘depthwise–pointwise’ blocks,
obileNet-V2 adopts ‘pointwise–depthwise–pointwise’ blocks.
he accuracy of the quantized model is measured via simulated
uantization on a server with an A100 GPU. In the following sec-
ion, we first evaluate the accuracy of the quantized model. Then,
e analyse the characteristics of the proposed PKTQ framework.

.0.1 Accuracy Evaluation of Quantized Model 

able 1 compares the Top-1 classification accuracy of three
NNs, that is, MobileNet-V1, MobileNet-V2 and ResNet50, on
of 8
the ImageNet dataset under different model compression ratios
(Comp.) and quantization methods, which include: DC [ 3 ],
HAQ [ 5 ], AutoQ [ 11 ], OMSE [ 4 ], and our proposed method.
In addition, ‘Policy’ represents the quantization strategy (e.g.,
W2–W4 indicate weight bit-width levels; MP indicates mixed-
precision policies). ‘Top-1 (Full)’ is the Top-1 accuracy ( % ) of the
uncompressed baseline model. ‘Comp.’ denotes the model size
compression ratio, defined by 𝑠 𝑖𝑧𝑒quant ∕𝑠 𝑖𝑧𝑒full , where 𝑠 𝑖𝑧𝑒quant 
and 𝑠𝑖𝑧𝑒full are the storage size of the quantized model and the
full-precision model, respectively. ‘Top-1 (Quant)’ is the accuracy
after quantization. ‘Top-1 (Drop)’ is the gap between ‘Top-1
(Quant)’ and ‘Top-1 (Full)’, where the negative and positive values
represent accuracy loss and accuracy improvement, respectively.
The improvement in accuracy is due to our results obtained
after 30 epochs of finetuning under the optimal quantization
policy. 
Electronics Letters, 2026
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FIGURE 4 HAQ and PKTQ’s model accuracy and compression 
ratio of MobileNet-V2 with model size constraint during DDPG training 
process. 
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rom Table 1 , we can see that across MobileNet-V1 and
obileNet-V2 scenarios, our method achieves higher Top-1
ccuracy compared with DC and HAQ methods under similar
ompression ratios, as our ‘Top-1 drop’ value is larger than
thers. For instance, in MobileNet-V1 with W2 equivalent com-
ression ratio, our method achieves 61 . 68% ‘Top-1 (Quant)’
ccuracy and − 9 . 70% ‘Top-1 drop’ loss, outperforming DC ( 37 . 62%
nd − 33 . 28% ) and HAQ ( 57 . 14% and − 13 . 76% ) methods. With
3 and W4 equivalent compression ratios, we can get sim-

lar results. Note that the value of ‘Top-1 drop’ is positive
nder the W4 equivalent compression ratio. This is because
ine-tuning is performed after quantization, thereby improving
he classification accuracy of MobileNet-V1 on the ImageNet
ataset. 

or MobileNet-V2, our approach also shows the robustness of
odel accuracy. Under moderate compression (W3 and W4), our
ethod yields a − 0 . 55% ‘Top-1 (Drop);’ even under the highest
ompression (W2), the ‘Top-1 (Drop)’ remains − 3 . 96% , com-
ared with − 13 . 8% of DC, indicating our quantization scheme
ffectively mitigates precision loss. 

or ResNet50, our method outperforms the state-of-the-art (SoA)
echniques, for example, DC, HAQ, AutoQ, and OMSE, regarding
odel accuracy. Specifically, at aggressive compression (i.e., W2),
ur ‘Top-1 (Drop)’ is − 5 . 17% , which is smaller than − 7 . 20% of
C and − 5 . 52% of HAQ. At moderate compression W3, our
rop further reduces to − 0 . 72% , and for W4, our approach
irtually eliminates performance degradation ( − 0 . 01% of drop),
chieving better performances than the SoA methods such as
MSE and HAQ. 

he results summarized in Table 1 show that the proposed
ethod meets the desired system requirements, and outperforms
he SoA methods in terms of model accuracy under the same com-
ression ratios, across both lightweight networks (MobileNet-V1
nd MobileNet-V2) and larger architectures (ResNet50). In addi-
ion, our method can minimize accuracy drops under aggressive
ompression (W2), with near-lossless performance at moderate
ompression levels. The reasons why our method can keep model
ccuracy are that: 

∙ Mixed-precision bit-width allocation , which optimally assigns
bit-widths at multiple structural levels of the network. 

∙ Fine-grained per-kernel quantization clipping threshold , which
enables precise scaling for each convolution kernel to mini-
mize quantization error. 

∙ Automatic search under compression constraints , which jointly
optimizes compression ratio and quantization settings to
satisfy size limits while preserving accuracy. In contrast,
HAQ does not consider model size during quantization
policy search; instead, if a policy violates the size constraint,
bit-widths are reduced manually. 

.0.2 Characteristics Analysis of PKTQ Framework 

n Figure 4 , we compare the learning behaviours of our two-
tage PKTQ method (with stage thresholds 𝑡ℎ = {0 , 100 , 200} )
lectronics Letters, 2026
and HAQ [ 5 ] during the DDPG-based quantization policy
search for MobileNet-V2, and analyse the accuracy (i.e., ‘Top-
1 (Quant)’ in Table 1 ) and the compression ratio (‘Comp.’,
i.e., 𝑠 𝑖𝑧𝑒quant ∕𝑠 𝑖𝑧𝑒full ) throughout training process until
convergence. 

In Figure 4a , the accuracy of HAQ increases steadily and remains
relatively stable after reaching around 70% . In contrast, the accu-
racy of PKTQ grows smoothly during the first stage, drops when
entering the second stage, and eventually converges. The conver-
gence and the accuracy of PKTQ are sensitive to the choice of 𝑡ℎ
parameter: when the value of 𝑡ℎ is small (e.g., 𝑡ℎ = 0 ), PKTQ con-
verges quickly (333 episodes) but accuracy only reaches around
61% ; when the value of 𝑡ℎ is large (e.g., 𝑡ℎ = 200 ), convergence
becomes slow (520 episodes), and the accuracy drops to around
43% ; when 𝑡ℎ = 100 , the convergence is fast (332 episodes), the
accuracy can increase to 72% . In Figure 4b , the compression ratio
PKTQ, which reflects the model size, increases during the first
stage, then decreases after the model size penalty 𝑃size is added
to the reward, and finally stabilizes below 0.1, whereas the com-
pression ratio of HAQ remains close to 0.1 throughout the entire
process. 

The results show that PKTQ’s two-stage design prevents early
accuracy loss and enables gradual, stable convergence toward
the target compression ratio. In contrast, HAQ does not opti-
mize the model size constraint during training; instead, it
manually adjusts the policy in each episode to match the
target model size, satisfying the compression ratio require-
ment, but often degrades accuracy due to ignoring layer-specific
characteristics. 
7 of 8
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FIGURE 5 Layer bits comparison of HAQ and PKTQ under identi- 
cal compression ratio constraint for MobileNet-V2. 
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.0.3 Layer Bit-Width Strategy Evaluation 

n Figure 5 , we compare HAQ and PKTQ’s layer bit-width
trategy for MobileNet-V2 under the same compression ratio
onstraint. These two methods share the property of assigning
igher bit-widths to depthwise convolution layers and lower bit-
idths to pointwise convolution layers, since depthwise layers
ontain relatively few parameters, that is, the increase of their
it-width has only a minor impact on the overall model size,
hereas pointwise layers are much more parameter-heavy. Com-
ared with HAQ, PKTQ assigns higher bit-widths to the initial
ayers (layers 1, 2 and 5). This is because these early layers
ave few parameters but operate directly on raw input features
ith large dynamic ranges, making them more sensitive to
uantization noise. This demonstrates that the two-stage design
f PKTQ allows it to allocate bits more efficiently across the
etwork. 

 Conclusions 

n this paper, we presented a DDPG-based framework for mixed-
recision quantization of CNNs under the strict model size
onstraint. By adopting a two-stage optimization strategy—initial
ccuracy maximization followed by model accuracy and model
ize joint optimization—we improved policy training stability and
voided performance degradation. On this basis, the proposed
er-kernel clipping threshold further reduces the quantization
rror by making the clipping threshold of each kernel adaptive
o its weight distribution. Comprehensive experiments based on
obileNet-V1, MobileNet-V2, and ResNet-50 over the ImageNet
ataset demonstrated that our method outperforms existing
uantization frameworks in terms of the minimization of accu-
acy degradation, particularly under high compression ratios. The
esults also show that our approach strictly enforces the model
ize constraint during the search for a quantization policy without
elying on manual adjustments, ensuring deployment feasi-
ility and adaptivity on resource-constrained edge computing
evices. 
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