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Abstract— In this article, we first propose a deep reinforcement
learning (RL)-based optimal decoupling capacitor (decap) design
method for silicon interposer-based 2.5-D/3-D integrated circuits
(ICs). The proposed method provides an optimal decap design
that satisfies target impedance with a minimum area. Using
deep RL algorithms based on reward feedback mechanisms,
an optimal decap design guideline can be derived. For verification, the proposed method was applied to test power distribution
networks (PDNs) and self-PDN impedance was compared with
full search simulation results. We successfully verified by the
full search simulation that the proposed method provides one of
the solution sets. Conventional approaches are based on complex
analytical models from power integrity (PI) domain expertise.
However, the proposed method requires only specifications of
the PDN structure and decap, along with a simple reward model,
achieving fast and accurate data-driven results. Computing time
of the proposed method was a few minutes, significantly reduced
than that of the full search simulation, which took more than a
month. Furthermore, the proposed deep RL method covered up
to 1017 –1018 cases, an approximately 1012 –1013 order increase
compared to the previous RL-based methods that did not utilize
deep-learning techniques.
Index Terms— Decoupling capacitor, deep reinforcement learning (RL), power distribution network (PDN), silicon interposer.

I. I NTRODUCTION
ECENTLY, demand for high performance, data bandwidth, and density have led to remarkable developments
of electrical packaging technologies for 2.5-D/3-D integrated
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circuits (ICs) [1]–[2]. Especially, silicon interposer-based
2.5-D/3-D IC has come to be regarded as a promising solution
to fulfill these requirements [3]. Due to the fine silicon process
and through-silicon-via (TSV) technologies, a 3-D stacked
high-bandwidth memory (HBM) provides terabyte-per-second
bandwidth between computing processors and memories,
achieving extremely high electrical performance [4]–[7]. However, to realize such high performance, simultaneous switching
of active circuits configured of numerous input/outputs (I/Os)
and computing cores is unavoidable. Hence, high voltage
fluctuation, called simultaneous switching noise (SSN), can
be generated, causing logic failure and propagating through
the hierarchical power distribution network (PDN), resulting
in degradation of the overall system performance, as shown
in Fig. 1(a) [8], [9]. To maintain a stable power supply in
the 2.5-D/3-D ICs, hierarchical decoupling capacitor (decap)
strategies are widely used. Unfortunately, as supply voltage
tends to decrease due to transistor scaling, the voltage fluctuation margin for ICs gradually decreases. Moreover, high integration and miniaturization of 2.5-D/3D ICs critically reduce
the space allowable for decaps and increase the design complexity. Efficient design in these limited areas thus becomes
more challenging. Hence, optimal decap design methods for
silicon interposer-based 2.5-D/3-D ICs are necessary.
Various methods of optimal decap design have been studied [10]–[12]. The methods, in general, have been based on
target impedance, which provides a criterion for a PDN design
to guarantee that the maximum voltage fluctuation seen at IC
does not exceed the specified allowable limit [13]. Optimal
decap placement methods to satisfy the target impedance based
on analytical formulas in terms of loop inductance have also
been investigated [14], [15]. The relative importance of all
decap ports was derived based on the effectiveness of the
reduction of loop inductance [14]. The effective radius of
decaps depending on the loop impedance was proposed, and
decap allocation strategies were suggested in [16]. However,
these studies focused on complex and power integrity (PI)
knowledge-embedded formulas to find the optimal locations
for the decaps.
Unlike conventional approaches based on the domain expertise, machine learning uses simple algorithms and models
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In this article, we first propose a deep RL-based optimal decap design method for silicon interposed-based
2.5-D/3-D ICs. Using a simple reward model, the proposed
method can perform an optimal design without any analytical
formulas about the effectiveness of loop inductance reduction.
The proposed method only requires the specifications of the
PDN structure and decaps. For verification, we applied the
proposed method to two test hierarchical PDNs. The provided
PDNs satisfied the target impedance with the minimum area.
We demonstrated the full search simulation to compare the
self-impedance of the optimized PDNs and verified that the
proposed method met the condition of the minimum layout
area. The proposed method took a few minutes, while the full
search approach took more than a month. Moreover, the proposed method covered up to 1017–1018 states, a significant
order of magnitude increase of about 1012 –1013 compared to
the method in [18]. The proposed method is expected to contribute to the realization of learning-based design automation
in future PDN designs for 2.5-D/3-D ICs.
II. P ROPOSAL OF D EEP RL-BASED O PTIMAL D ECAP
D ESIGN M ETHOD FOR 2.5-D/3-D IC S

Fig. 1.
(a) Cross-sectional view of silicon interposer-based HBM and
GPU. Large SSN generated in 2.5-D/3-D ICs causes logic failure and propagates through the hierarchical PDN, resulting in performance degradation.
(b) Concept of deep RL for decap design in the PDN.

trained only with low-level data to achieve data-driven fast
and accurate results. Especially, reinforcement learning (RL)
is the process of learning an optimal action sequence or
optimal policy in a problem defined by a Markov decision
process (MDP)—state St , action At , and reward Rt , as shown
in Fig. 1(b) [17]. Using RL, the optimal decap assignment
sequence can be derived by a reward feedback mechanism to
maximize the expected future reward called an action value
(Q value) function. The Q-learning-based method has been
investigated [18]. However, only 65 536 states were covered
due to the limitations in solving large-dimensional state spaces.
Instead of using a Q-table for every action given every state,
a deep neural network (DNN) can directly approximate Q
values for given raw input data, such as pixel values of
images [19]. By treating a PDN unit cell (UC) as a pixel,
the approximation of Q values for decap positions is available
to critically increase the state space. Therefore, deep RL that
uses deep-learning techniques is essential for the RL-based
optimal decap design method. Recently, a decap selection
algorithm based on deep RL has been studied [20]. However,
positions of decaps were still relied on the loop inductancebased prior knowledge in [14], and just only decap type of the
location was determined by the deep RL algorithm. Moreover,
the target application was limited to on-board PDNs.

In this section, we first propose a deep RL-based
optimal decap design method for silicon interposer-based
2.5-D/3-D ICs. Among deep RL algorithms, a deep Q-learning
algorithm is implemented. The proposed method consists of
learning and optimal decap design procedure. In the learning
procedure, a optimal decap design guideline is derived. In the
optimal design procedure, a decap optimized PDN is achieved.
This section is organized as follows. Section II-A explains the
target PDN for the proposed method. Section II-B proposes
the overall concept of the deep Q-learning-based optimal decap
design method. Details on the learning procedure are provided
in Section II-C.
A. Target PDN for Optimal Decap Design
Fig. 2(a) shows a conceptual view of the target PDN.
Both interposer and on-chip PDN of silicon interposer-based
2.5-D/3-D ICs are considered for decap design. Package
decaps are not included in the decap design, but package
power/ground (P/G) planes are considered for the estimation
of the hierarchical PDN impedance. Both the interposer and
on-chip level PDNs are configured of meshed P/G planes with
the repeated distribution of UCs. P/G TSVs and μ-bumps are
implemented as vertical connections between the P/G planes.
To estimate the hierarchical PDN impedance, we modeled
the UCs of the P/G planes, P/G TSVs, and μ-bumps by
an equivalent circuit representation. The UCs for the chip,
interposer, and package were modeled by a transmission-line
modeling (TLM) method, and Fig. 3 shows the modeling of
the chip and interposer UCs [22]. The detailed geometry of
the UC for the on-chip and interposer P/G plane is shown
in Fig. 2(b). We assumed the length L UC , width WUC , and
space SUC as 300, 100, and 200 μm, respectively, for this
article.
The whole on-chip, interposer, and package P/G plane were
modeled by combining UCs through a segmentation method,
which is a fast and accurate impedance matrix calculation
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TABLE I
M ODEL PARAMETERS FOR THE E STIMATION OF
H IERARCHICAL PDN I MPEDANCE

Fig. 2.
(a) Conceptual view of target PDN of silicon interposer-based
2.5-D/3-D ICs for decap design. The multiple-level PDNs, including interposer and on-chip PDN, are considered. (b) Top and cross-sectional views of
the UC of the target PDN with unit MIM decap.

layout area in one UC [24], [25]. Note that one unit decap is
assigned each single time step in the proposed method. Model
parameters of the UCs, P/G TSV, μ-bump, and MIM capacitor
are summarized in Table I.
B. Overall Concept of the Proposed Deep Q-Learning-Based
Optimal Decap Design Method

Fig. 3.

Modeling of chip and interposer UCs using the TLM method [22].

method used to integrate the decomposed structure into a
complete structure [23]. We also modeled the P/G TSVs and
μ-bumps by referring to [4] and [23]. Dimensions of the
TSVs were set as follows: 100 μm height, 10 μm diameter,
150 μm pitch, and 0.5 μm thickness of SiO2 insulator.
Based on [4, eqs. (1)–(13)] and [23, eqs. (1)–(3)], electrical
model parameters for the P/G TSV were derived. We only
considered the inductance of μ-bumps for the model defined in
[4, eq. (13)], which has 1.39 pH based on the height of 10 μm,
the diameter of 20 μm, and the pitch of 40 μm. For the target
PDN, high-k metal–insulator–metal (MIM) and metal–oxide–
silicon (MOS) capacitors can be proper candidates for decap
design. Fig. 2(b) shows a unit decap implemented with a highk MIM capacitor. The unit decap is defined as the maximum
allowable decap in one UC [7]. The capacitance of the unit
MIM capacitor is 100 pF, which is calculated based on the
typical unit capacitance value of MIM capacitors and available

An overall concept of the proposed method is shown
in Fig. 4(a). For a given input PDN, the proposed method
provides the decap optimized PDN with the minimum layout area. Self-PDN impedance (Z 11) of the optimized PDN
satisfies the predefined target impedance (Z target ), as shown
in Fig. 4(b). The proposed method consists of two procedures:
a learning procedure and an optimal decap design procedure.
Optimal policy, the decap design guideline, is obtained through
the learning procedure. Based on the obtained optimal policy,
the optimal design is obtained. The optimal design meets
two conditions: satisfaction of the target impedance and the
minimum decap layout area.
Fig. 5(a) shows a schematic of the proposed deep
Q-learning-based method. A decap design problem can be
represented with MDP parameters—state St , action At , and
reward Rt , as shown in Fig. 5(a). For the decap design
problem, state St is defined as a PDN structure, action At
is defined as the assignment of the unit decap at a certain
position, and reward Rt is given to an agent that depends on
a comparison between the self-impedance of the current PDN
and the target impedance. Details on each definition will be
provided in Figs. 6 and 7.
The schematic shows the single time step of both the
learning and optimal decap design procedures. In the learning
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Fig. 4. (a) Proposed deep Q-learning-based optimal decap design method
for silicon interposer-based 2.5-D/3-D ICs. The proposed method consists of
learning and optimal decap design procedure. (b) Optimized PDN satisfies
the target impedance with the minimum layout area.

procedure, the main goal is to obtain the optimal Q values.
By the reward feedback mechanism, the decap design agent
learns the optimal Q values through interaction with the
environment state [17]. Q values are the expected sum of
future discounted rewards, that is return G t , for given state
St and action At . For the decap design, Q value indicates
the worth of each decap position for the given PDN state.
Hence, learning the optimal Q value means obtaining the
most valuable position of the unit decap to satisfy the target
impedance. Equations for return G t and Q value Q are as
follows [17]:
G t = Rt + γ Rt+1 + γ 2 Rt+2 + · · · =

∞


γ k Rt+k

(1)

k=0

Q(s, a) = E[G t |St = s, At = a]

(2)

where Rt is the immediate reward given to the agent at time
step t and γ is a discount factor. The discount factor forces
the agent to achieve the optimized PDN in a shorter time,
which means a smaller decap layout area. This is because
reward reduced with the discount factor is given to the agent
as time step increases. Thus, the value of the discount factor
was set between 0 and 1. The basic idea of Q-learning is to
obtain the optimal Q value by using the Bellman equation as
an iterative update with time-difference (TD) error as in the
following equation:
Q( St , At )
← Q( St , At )
+ α[ Rt +γ max Q( St+1 , At+1 = a) − Q( St , At )] (3)
a

Fig. 5.
(a) Schematic of the proposed deep Q-learning-based method
represented by MDP. The schematic shows the single time step of both
the learning and optimal decap design procedures. (b) Optimal decap design
procedure represented in the time domain. At every time step, an agent assigns
the unit decap at a position with maximum Q value, called optimal policy.

where α is the learning rate and the TD error term is
Rt +γ max Q( St+1 , a) − Q( St , At ) in (3). This value iteration
a
converges to the optimal Q value Q∗ through a large number of
training episodes [17]. In deep Q-learning, the DNN, called a
deep Q network (DQN), is implemented for approximation of
Q values to solve the large-dimensional scale problem of state,
as shown in Fig. 5(a) [19]. Constructing a Q value table for
every action given all states is practically impossible. Instead,
we map the raw data of the PDN state to Q values with the
DQN. Thus, the value iteration can be performed by updating
the weights of the DQN based on the mean-squared TD error
as a loss function. In other words, learning optimal Q values
means optimizing weights of the DQN. Details on optimizing
weights of the DQN will be described in Section II-C.
Optimal policy π ∗ can be obtained based on the optimal
Q value Q∗ . Optimal policy π ∗ is the decap design guideline
indicating the optimal decap assignment sequence; the corresponding equation is as follows:

1, if a = argmaxa Q ∗ (s, a)
∗
π (a|s) =
(4)
0, otherwise.
The agent assigns decaps based on the optimal policy in
the optimal decap design procedure, as shown in Fig. 5(b).
By selecting the position of the unit decap that has a maximum
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Fig. 6. (a) Environment state Ste is defined as the target PDN represented
in UC and decap matrices in three dimensions. (b) Observation Ot is process
of recognizing agent state from environment state by the agent.

Q value (max Q∗ ) in every time step, the decap optimized
PDN that satisfies the target impedance can be achieved.
To solve the optimal decap design problem efficiently,
MDP parameters must be defined properly in the early stage.
As shown in Fig. 6(a), we defined the environment state Ste as a
multiple-level PDN structure, including interposer and on-chip
PDN, i.e., target PDN. The environment state is represented
with two 3-D matrices: a UC matrix and a decap matrix [18].
The UC matrix represents the distribution of UCs configuring
the PDN. The value of each element indicates as follows: 0 for
absence of UC, 1 for the UC without port, 2 for UC with the
port, and 3 for the UC with the decap. The usage of the port
is either estimation of the PDN impedance or assignment of
the unit decap. The decap matrix represents the distribution of
the decaps on the PDN; the value of each element indicates
as follows: 0 for absence of the UC, 1 for the without the
decap, and 2 for the decap assigned UC. Depth of each
matrix indicates the vertical stack-up of the P/G planes. Unlike
the environment state, which involves both UC and decap
matrices, agent state Sta , the observable information from the
environment state by the agent, is only defined as the decap
matrix. Thus, observation Ot is the process of recognizing the
agent state from the environment state, as shown in Fig. 6(b).
The observed decap matrix is used as the input of the DQN
for the estimation of Q values.
Fig. 7(a) shows the definition of action At . The action At
is defined as the assignment of the unit decap at a certain
position among available predefined positions for the decaps,
called action space. The segmentation method is performed
for the assignment of the unit decap. An impedance matrix of
PDN combined with the unit decap can be calculated by the
segmentation method.
We modeled the reward function based on the number of
frequency points meeting the target impedance by adding a
new unit decap, as shown in Fig. 7(b). Assuming that Nt
and Nt+1 frequency points meet the target impedance for

Fig. 7. (a) Action At is defined as assignment of the unit decap to a certain
position of predefined action space. (b) Reward function (Rt ) is modeled
based on the number of frequency points meeting the target impedance by
additional unit decap.

the current and next PDN state, respectively, the number of
frequency points meeting the target impedance due to the
additional unit decap can be calculated using the difference
between Nt and Nt+1 . The reward function is modeled as the
following equation:


Nt+1 − Nt
+T
(5)
Rt =
N
where N is the total number of frequency points in the
frequency range of interest from 100 MHz to 20 GHz. The
term T equals 1 if the self-PDN impedance seen at the probing
port satisfies the target impedance over the entire frequency
range; otherwise, it is 0. The term T reflects the importance of
satisfaction over the entire frequency range of interest so that
the additional reward is given if the entire frequency range is
satisfied. Thus, the modeled reward function gives feedback
to the agent at each time step depending on the action taken
by the agent.
Fig. 8 shows the architecture of the DQN for the proposed
method. We implemented the DQN as a convolutional neural
network (CNN). The DQN comprises three convolutional
(Conv.) layers and two fully connected (FC) layers. Details
on the DQN parameters are summarized in Table II. The main
purpose of the usage of the DQN is to infer the Q values for
the given decap matrix through feedforward propagation [26].
For each convolutional and fully connected layer, convolution
with filter (Conv2d) and matrix multiplication (Matmul) are
performed. A rectified linear unit (ReLu) was used as the
activation function for both layers. Consequently, the Q values
for each position for the unit decap are inferred at each node
of the output layer.
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Fig. 8. Architecture of the DQN for the proposed method. CNN is used
for the inference of Q values for the given decap matrix via feedforward
propagation.
TABLE II
PARAMETERS OF DQN FOR THE P ROPOSED M ETHOD

Fig. 9. Schematic of a learning iteration in the learning procedure. The
learning iteration consists of two loops—data generation loop indicated by
the solid line and learning loop indicated by the dotted line.

C. Learning Procedure of the Proposed Method
For the learning procedure of the proposed method, the main
purpose is to obtain the weight-optimized DQN. The learning
procedure is the process of value iteration using the meansquared TD error as a loss function. Two DQNs are used:
a target DQN and an online DQN. The usage of the target
DQN is to ensure stable training, i.e., to avoid oscillations or
divergence of the policy, by separating this process from the
online DQN, whose weights are updated every time step [27].
The target DQN acts as the reference DQN that estimates the
target Q value.
A schematic of a learning iteration and a flowchart of the
learning procedure are shown in Figs. 9 and 10, respectively.
As shown in Fig. 9, the learning iteration, which consists of a
data generation loop and a learning loop, is repeated to update
the weights of the online DQN. In the data generation loop,
training data sets consisting of current agent state Sta , action
a are collected in replay
At , reward Rt , and next agent state St+1
memory through four steps, denoted as [A-1]–[A-4] in Fig. 10
[19]. For every training episode, the initial PDN structure S1e
is given to the decap design agent. For every time step of
training episodes, the agent observes the agent state Sta , i.e.,
the decap matrix, from the given environment state Ste . Using
the online DQN, the agent estimates the Q values of each
position for the unit decap. Based on the estimated Q values,
the agent selects a certain position to assign the unit decap
e . In the learning
and gets reward Rt and next PDN state St+1

procedure, an epsilon greedy action selection method is used.
To balance
exploitation and exploration, the epsilon greedy action
selection method is widely used in RL algorithms, choosing a
random action with a certain probability ε instead of the action
with the maximum Q value [17]. The probability for a random
action, epsilon ε, is set to gradually decrease with a training
episode number. Hence, the agent initially concentrates on
exploration and gradually focuses on exploitation. Finally,
a
> is stored in the replay memory
a data set < Sta , At , Rt , St+1
at every time step.
Once the replay memory is full, the learning loop is conducted simultaneously with the data generation loop, as shown
in Fig. 9. The main process of the learning loop is gradient
weight updating of the online DQN through the backpropagation algorithm [26]. The learning loop is performed through
four steps, denoted as [B-1]–[B-4] in Fig. 10. First, training
data with mini-batch size M are randomly sampled from the
replay memory and given to both the target and online DQN.
With sampled data sets, both the target and online DQNs
infer the Q values for the next and current agent states,
respectively. Then, loss function L, the mean-squared TD
error, is calculated using the following equation:
L=

M

 a

2
1 
, At+1 = a − Q i Sta , At .
Rt +γ max Q i St+1
a
M
i=1

(6)
Finally, gradient updating of weights of the online DQN is
conducted based on the calculated loss function, a process
widely used in supervised learning [26]. It should be noted that
weights of the online DQN are cloned to those of the target
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Fig. 11. (a) Dimensions of test PDN #1 and #2. (b) UC matrices of test
PDNs and available positions (action space) for decap design. The self-PDN
impedance was estimated at the probing port.
TABLE III
H YPERPARAMETERS FOR THE V ERIFICATION

Fig. 10.

Flowchart of the learning procedure in the proposed method.

DQN with cycle of a certain number of training episodes K
to guarantee the stability of the training [27].
III. V ERIFICATION OF P ROPOSED M ETHOD
A. Test Hierarchical PDNs for Verification
For verification, we applied the proposed method to two
test hierarchical PDNs. Fig. 11(a) shows the dimensions of
test PDNs #1 and #2. Solid P/G planes were used for the
package PDN with two metal layers and the meshed P/G
planes were used for the interposer and the on-chip PDN

with two metal layers each. For test PDN #1, 6 and 24 UCs
comprised the interposer and the on-chip PDN, respectively.
For test PDN #2, 14 and 44 UCs were used to construct
the interposer and the on-chip PDN. Especially, test PDN
#2 was designed for irregular shapes, unlike the common
assumptions of other studies [16], [18]. We designed the UC as
described in Section II-A. Fig. 11(b) shows the UC matrices of
the initial test PDNs and action spaces representing available
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Fig. 12. Optimal decap design procedure for test PDN #1—sequence of decap assignment based on the obtained optimal Q values. The optimal Q values
for each position are indicated. Every time step, the agent assigned the unit decap where the Q value is maximized.

positions for decap design. For both test PDN #1 and #2, a total
of 29 and 57 positions, respectively, were set to be available.
Hence, the state spaces are 5.37×108 and 1.44×1017. For
verification, we assumed the unit decap as the high-k MIM
capacitor with 100 pF, as mentioned in Section II-A. Hierarchical PDN impedance was estimated based on the equivalent
circuit models in Section II-A.
Table III summarizes the hyperparameter setup used for
verification. It consists of DQN configuration and training.
The size of the input layer was the same as that of the decap
matrix Sta of each test PDN; the number of nodes in the output
layer was also equivalent to the number of available positions
for the decaps; the sizes of the filters for Conv. layers 1 and
2 were set at 3 × 3 × 30. For training, the discount factor γ
was set at 0.5, which is between 0 and 1, to reduce the reward
given to the agent over the time steps. We used an Adam
optimizer as the gradient descent algorithm and learning rate
η was 0.001. Epsilon ε was initially set to 1 and decreased
linearly to 0.001 over training episodes. The sizes of replay
memory and mini-batch were 1000 and 200, respectively.
Every 100 training episodes, weights of the online DQN were
closed to those of the target DQN.
B. Optimal Decap Design Results by the Proposed Method
Based on the obtained optimal policy, the agent provided
optimal decap designs for test PDNs. Fig. 12 shows the
optimal decap design procedure for test PDN #1 in the
time domain. The optimal Q values estimated by the optimized DQN for each position are indicated. Every time step,
the agent assigned the unit decap to the position where the estimated Q value was maximized. In time step 1, the unit decap
was assigned to one of the positions nearest the probing port
where the Q value was at maximum, for example, 0.42 and
so on. The interesting point is that the agent positioned the

Fig. 13. PDN self-impedance of test PDN #1 during the optimal decap design
procedure. The optimized PDN at time step 16 satisfied the target impedance
in the entire frequency range.

unit decap starting from the point nearest to the probing port.
These results are consistent with the traditional decap design
methodology of reducing loop impedance in the PI design.
Also, the obtained optimal policy is the result of training only
from data, excluding conventional domain knowledge from the
field of PI design. A total of 16 time steps were consumed for
decap design; hence, the total decap layout area of 16 assigned
unit decaps was 0.32 mm2 , with 1.6 nF of capacitance. The
corresponding PDN self-impedances of each time step are
shown in Fig. 13. Unlike the initial PDN impedance, which did
not satisfy the target impedance, the decap-optimized PDN at
time step 16 met the target impedance for the entire frequency
range. When the agent assigned the unit decap for every
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Fig. 14. Convergence of the number of assigned unit decaps and the value
of return that agent received per training episode for test PDN #1.

time step, the PDN impedance was suppressed due to the
capacitance of additional decaps and reduced loop inductance
seen at the probing port.
We verified the convergence of the training algorithm
with the number of assigned unit decaps and the value of
return that the agent received per training episode, as shown
in Fig. 14. The number of assigned decaps was saturated at
16 after approximately 960 training episodes. Also, the value
of return per episode converged after about 960 training
episodes. At first, both the value of return and the number
of assigned unit decaps per episode changed dynamically and
then gradually converged to their optimal values.
Results for test PDN #2 are shown in Fig. 15. An optimized
decap design is shown in Fig. 15(a). A total of 14 unit decaps
were assigned with 0.28-mm2 area and a total capacitance
of 1.4 nF. Likewise, in the result of test PDN #1, the decap
design agent assigned the unit decaps close to the probing port.
Fig. 15(b) shows the PDN self-impedance, seen at the probing
port, of initial and optimized test PDN #2. The optimized
PDN successfully satisfied the target impedance in the entire
frequency range since assigned decaps suppressed the PDN
impedance. The convergence of the number of assigned unit
decaps and the value of return that the agent received per
training episode for test PDN #2 is shown in Fig. 15(c).
Both of them gradually converged as the number of training
episodes increased.
C. Comparison to the Full Search Simulation
To verify whether the results obtained by the proposed
method are optimal in terms of target impedance and layout
area, we conducted the full search simulation of all the
possible combinations to determine the optimal decap design.
A comparison of the PDN self-impedance of test PDN #1
between the proposed method and the full search simulation
is shown in Fig. 16. In the case of test PDN #2, the full search
simulation failed because it ran out of memory. This shows
that the full search simulation may be limited depending on
the computing resources. In Fig. 16, the result by the proposed

Fig. 15. (a) Optimal decap design of test PDN #2. A total of 14 unit
decaps are assigned. (b) PDN self-impedance of initial and optimized test
PDN #2. The optimized PDN satisfied the target impedance since assigned
decaps suppressed the PDN impedance. (c) Convergence of the number of
assigned unit decaps and the value of return that agent received per training
episode for test PDN #2.

method is indicated by the black line; the results of the full
search simulation are given in gray lines. All results by the
full search simulation were designed in the minimum area
with 16 unit decaps; full search simulation included the result
obtained by the proposed method. In other words, the proposed
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TABLE V
C OMPARISON OF THE C OVERAGE OF S TATE S PACE B ETWEEN THE
P ROPOSED D EEP RL-BASED AND P REVIOUS RL-BASED M ETHOD

Fig. 16. Comparison of the PDN self-impedance of test PDN #1 between
the proposed method and the full search simulation. The results by the full
search simulation include the result from the proposed method.
TABLE IV
C OMPARISON OF C OMPUTING T IME B ETWEEN THE P ROPOSED M ETHOD
AND THE F ULL S EARCH S IMULATION FOR T EST PDN #1

method provided one of the solution sets obtained from the full
search simulation. Therefore, the proposed method satisfied
the target impedance and the minimum layout area as well.
We also compared the computing time between the proposed
method and the full search simulation for test PDN #1, with
the results summarized in Table IV. The computing time for
the proposed method refers to the total training time. The full
search simulation had to perform about 5.37×108 simulations
to determine the optimal solutions; however, the proposed
method needed only 1.63×104 simulations to design the
decap-optimized PDN. In other words, the proposed method
needs only 0.003% of the full search simulation to achieve the
optimal solution. Hence, the computing time for the proposed
method is 288 s, which is significantly reduced compared to
the full search simulation, which took more than a month.
IV. D ISCUSSION
In this section, we discuss the meaning of the results and
the advantages of the proposed method. Limitations, directions for improvement, and further works are also discussed.
Unlike conventional PI knowledge embedded approaches,
the proposed method enables fast and data-driven accurate
design. These results, paradoxically, were based on knowledge
learned from numerous training data. Therefore, the proposed method can exclude heavy dependence on PI engineers’ empirical knowledge in the decap design. Moreover,
the proposed method introduces the deep-learning techniques
to map the distribution of decaps to Q values by treating
the UC as a pixel. Therefore, the coverage of state space

is critically increased by an order of magnitude of approximately 1012–1013 compared to the previous RL-based method,
as summarized in Table V [18].
However, in terms of training stability, the proposed method
is limited for extensively large action spaces. This limitation
can be solved by further work to develop advanced policy
gradient-based deep RL algorithms. Also, for efficient training,
proper optimization of hyperparameters for the DQN and
training, and improved reward model shaping are necessary.
As further works, we will improve the proposed method to
further consider practical semiconductor manufacturing issues
in the decap design. For the proposed method, only the selfPDN impedance is considered as the design metric, but various
design metrics in the frequency and time domains might
be considered in future works, including transfer impedance,
self/transfer noise, and eye diagrams including P/G noise and
bit error rate (BER). Moreover, the proposed method can be
extended to a hierarchical decap design method considering
not only on-chip and interposer but also board and packagelevel PDNs. Consequently, our goal is to optimally design
various power domains in HBM.
V. C ONCLUSION
In this article, for the first time, we proposed a deep
RL-based optimal decap design method for silicon interposerbased 2.5-D/3-D ICs. We derived the optimal decap design
guideline with only the training data and simple reward
model, using the deep Q-learning algorithm. The proposed
method was applied to test PDNs for verification; the PDNs
obtained by the proposed method successfully satisfied the
target impedance. Furthermore, the full search simulation
was conducted to verify that the proposed method met the
minimum decap layout area. From a comparison with the
full search simulation, we identified that the optimal results
of the full search simulation included those of the proposed
method. Also, the proposed method outperformed in terms of
computing time, with 288 s used for the proposed method and
more than a month used for the full search simulation. Furthermore, the coverage of the state space significantly increased
by an order of magnitude of approximately 1012–1013 compared to the previous RL-based method without deep-learning
techniques.
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