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Abstract—Floorplanning is one of the most critical but time-
consuming tasks in the chip design process. Machine learning
techniques, especially reinforcement learning, have provided
a promising direction for floorplanning design. In this pa-
per, an end-to-end reinforcement learning (RL) framework is
proposed to learn a policy for floorplanning automatically, in
the combination of edge-augmented graph attention network
(EGAT), position-wise multi-layer perceptron, and gated self-
attention mechanism. We formulate floorplanning as a Markov
Decision Process (MDP) model, where a multi-action mechanism
and a dense reward function are developed to adapt the
floorplanning problem. In addition, in order to make full use
of prior knowledge, we further propose a supervised learning
approach on the generated synthetic netlist-floorplan dataset.
Experimental results demonstrate that, compared with state-
of-the-art floorplanners, the proposed end-to-end framework
significantly reduces wirelength with a smaller area.

I. INTRODUCTION

In the back-end physical design of integrated circuits
(ICs), chip floorplanning aims to determine the geometric
relationship among circuit macros with taking multiple design
metrics into account, i.e., area and wirelength. The quality
of floorplanning directly affects the subsequent placement
and routing. As a well-known combinatorial optimization
problem, floorplanning has been proven to be an NP-hard
problem [1]. To produce high-quality floorplan solutions,
human experts design many heuristic-based floorplanning
algorithms, which usually require specialized knowledge and
massive efforts [2].

In the past decade, artificial intelligence (AI) technolo-
gies have achieved great success in various applications,
even in the floorplanning field. Google has developed a
reinforcement learning (RL)-based approach to address chip
floorplanning [3]. Similar to AlphaGo’s strategy [4], the
floorplanning task is simulated as playing chess on a chip
canvas. Although Google’s work demonstrated that the RL-
based macro floorplanning surpasses the design generated
by a human physical designer, three main issues still exist
in the face of real-world chip floorplanning. One is that
it cannot provide high-quality solutions for netlists with
various macro sizes. Moreover, the designed agent consumes
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Fig. 1 Reinforcement learning paradigm floorplanning.

a colossal time and computing resources for determining the
macro positions. Additionally, reinforcement learning (RL)
algorithm often encounters sparse reward challenges, resulting
in the difficulty of exploration in the experiment since the
agent rarely receives a feedback reward signal.

To address these issues, we propose an end-to-end RL-
based floorplanning framework in this work, as shown in
Fig. 1. Given a circuit netlist, we represent it as an undirected
graph, which is fed to the RL agent. Then the RL agent
sequentially places circuit macros on feasible positions of the
layout. In order to train the RL agent, a two-stage training
strategy is developed, first using supervised learning to pre-
train the network, followed by a reinforcement learning proce-
dure. In the proposed floorplanning framework, the evaluator
serves to assist the reward calculation, which includes the
best solution the agent has explored. Since the edges in netlist
graph have different connection degrees (weights), an edge-
augmented graph attention network (EGAT) is proposed in
the encoder part to extract the netlist information effectively.
Based on the information passing through the EGAT, the
decoder components adopt the bit-wise deep cross policy
network and gated self-attention value network to achieve
higher-order feature interactions and capture the receptive
field of the whole graph, respectively [5]. In addition, to
tackle the sparse reward challenge, a dense reward function
is devised to use the gap in cost differences between two
consecutive time steps as the immediate reward. Note that
the cost differences are calculated from the partial floorplan
produced by the agent and the evaluator solution. Our main
contributions are summarized as follows:

« An end-to-end floorplanning framework is proposed,
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Fig. 2 The architecture of the end-to-end floorplanning network. The arrows mark the information flow of the network.

combining edge-augmented graph attention network
(EGAT), bit-wise deep cross policy network, and gated
self-attention value network.

« A large number of netlist datasets with the corresponding
optimal floorplan solutions are generated to effectively
pre-train neural networks.

o A multi-action reinforcement learning model is built,
where the actions are set as the relative positions between
macros to greatly simplify the search process.

The rest of the paper is organized as follows. Section II
presents a brief overview of related works. Section III gives
the preliminaries and formulates the floorplanning problem.
Section IV describes the details of the end-to-end floorplan-
ning techniques. Section V lists the experimental results,
followed by the conclusions in Section VI.

II. RELATED WORKS

The prior arts on floorplanning can be divided into three
categories. In the first class, researchers develop the simulated
annealing-based heuristic [6]. The second class of works
present a series of non-linear analytical solvers to handle
the mixed-size placement, i.e., RePlAce [7]. However, these
solvers cannot expand to address floorplanning, which has a
wide range of macro sizes and a high degree of attention to
the area metric. Recently, RL has shown great potential in
floorplanning field. In Google’s work [3], the macro place-
ment is formulated as a sequential decision-making problem
and an RL-based approach is developed to solve it. He et
al. [8] utilizes RL schemes to explore the floorplan local
search heuristics without introducing any prior knowledge. In
addition, Graph Neural Network (GNN) is adopted to explore
the physical meaning of netlist [9], [10], and the extracted
embeddings guide the RL agent to tackle floorplanning.

III. PRELIMINARIES

A. Reinforcement Learning

Reinforcement learning learns how to map states to actions
so as to maximize a numerical reward signal [11]. Typically,

RL is defined as a Markov Decision Process (MDP) defined
by (S, A, P,R,v). At each time step ¢, the agent receives
a state s; € S, and selects an action a; € A. After the
environment receives a;, it produces a reward r; € R and
transfers to a next state s;41 € S according to the transition
distribution p(s¢y1|st,at) € P. Through repeated steps, the
agent’s trajectory is described. The goal of RL is to find
an optimal policy 7 that maximizes the expected sum of
discounted rewards F,[>"p—, v*7itx|s:], where 0 refers to
the network parameters.

B. Floorplanning Formulation

Given a macro set M = {my, ..., my} including n rectan-
gular macros and a netlist NV specifying connections among
macros, a legal floorplan f assigns a position (z;,y;) for each
macro m; to minimize chip area and wirelength metrics with
no overlapping constraint between any two macros. Thus, the
objective function of floorplanning is defined as follows.

mfiﬂ A(f) +n-W(f), (1
where 7 is a coefficient, and A(-) and W (-) represent the
area and wirelength function, respectively. Besides, we adopt

Sequence Pair (SP) as the floorplan representation [1].

IV. METHODOLOGY

In this section, we first present the proposed end-to-end
floorplanning network. Then, a reinforcement learning model
is built for the floorplanning. In the end, the essential tech-
niques of the supervised learning are fully described.

A. End-to-end Floorplanning Network

In chip floorplanning, the information interaction between
nodes is necessary. We propose an end-to-end floorplanning
network as illustrated in Fig. 2, which consists of four salient
high-level components.

Embeddings. The input to the end-to-end floorplanning
network contains a circuit netlist, which can be represented
by an un-directed graph G(V,E). V denotes the set of



nodes (macros), while E is an n X n adjacency matrix with
E;; = c¢;; if nodes ¢ and j are connected by an edge
(ci; refers to the connection degree), otherwise E;; = 0.
To handle macro information and adjacency matrix of the
netlist graph, embeddings are needed to map the data to a
dense representation in an latent space. AutoDis embedding
framework [12] has a high model capacity and can generate
unique representations in an end-to-end manner. Therefore,
for a netlist graph, its macro information (shape, position,
etc.) is embedded as h € R™"* % by performing AutoDis. In
addition, since the linearity of the values in the adjacency
matrix directly reflects the connection degree among macros,
the adjacency matrix is transformed into e € R7 xde through
a multi-layer perceptron (MLP).

EGAT Encoder. Based on the generated node and edge
embeddings, the developed EGAT encoder further extracts
the features of nodes and edges. In order to increase the
expressive capability of the model, an edge-augmented at-
tention mechanism is performed for each node. Each layer [
in the EGAT encoder consists of three calculation processes:
attention score calculation, node embedding update, and edge
embedding update. Firstly, we compute the attention score of
a node with its neighborhoods as follows.

al; = tanh(W/h} + W/h} + W/el; +b'),

ex (lealu)
o = p ij @)
Y X exp(zlaly)’
JEN; Ui

where hl € R, hi € R%™ and el; € R are the
embeddings of node 7, node j and the corresponding edge in
the [-th layer, respectively. Wil € Rexdn W]l € Rexdn
W! € Rdexde pl ¢ R and 2! € R? denote learned
parameters. Besides, N; represents the neighborhoods of node
¢ in the graph. Note that for each node, we add an edge
pointing to itself. The calculated attention score sﬁj indicates
the importance of node j’s embedding to node .

On the basis of the attention scores, the node embeddings
are updated by the weighted average pooling operation. To
further enhance the representation ability of the model, we
perform an MLP and residual connection on node represen-
tation. The final node representation is updated as:

I+l _ 1 pl !
Rt =MLP,( Y si;hl)+ Al 3)
JEN; Ui

where MLP,,(-) represents a non-linear transformation with

input dimension d,, and output dimension d,,. Similarly, the
edge representation also ends with a residual connection:

I+1 Wil l

e;; = MLP.(W;a;;) + e;;, 4

where MLP,(-) denotes another non-linear transformation

with input dimension d. and output dimension d., W! €

Re*de refers to a learning weight vector, and af; is the
intermediate feature obtained according to Equation (2).
As demonstrated above, the proposed EGAT network in-

troduces edge features to calculate attention scores, which are

further adopted to update both node and edge features. Since
the edge features reflect the connectivity information between
nodes, its value is directly related to the wirelength metric
in the objective function. Thus by incorporating the edge
feature into the calculation of attention score, the information
interaction between nodes can be better guided following the
optimization goal.

Bit-wise Deep Cross Policy Network. To learn more
predictive feature crosses, a bit-wise deep cross network [13]
is plugged into the policy network. As depicted in Fig. 2, the
bit-wise deep cross policy network receives the current and
placed node representations and outputs a probability distribu-
tion over actions. The overall architecture consists of a cross
network and a deep network, which are stacked sequentially.
We denote h. as the representation of the current macro to be
placed onto the chip, while h,, means the representation of the
p-th placed macro. At each step, two vectors are concatenated,
and then fed to the cross network followed by the deep
network. The core of the policy network lies in the cross
layers that produce explicit feature interactions. The resulting
output of the ({4 1)-th cross layer is depicted in Equation (5).

x? = concat(h., h,),

. 5
't =20 (Wi +b') + ', ©)

where ¥ € R?? is the original embedding of order 1. W' €
R2dn*2dn and b € R refer to the learned parameters in the
I-th layer. ' (z'*!) € R2% represents the input (output) of
the (I+1)-th cross layer. For an L-layered cross network, the
highest polynomial order is L+ 1 and the network contains all
the feature interactions up to the highest order. Deep network
is an MLP, which outputs the probability of the action. Among
them, the cross network achieves explicit feature interactions
and the deep network learns implicit feature crosses.

Gated Self-attention Value Network. In order to effec-
tively capture the global information and enlarge the recep-
tive filed, we adopt a transformer-like gated self-attention
mechanism [14] in the value network. The decoder performs
the attention over the learned representations of all nodes
generated by the encoder, which are denoted as h with the
last dimension d,,. We first project h into key K and value
V through fully connected networks separately, and h. is
mapped into query . Then we compute the scaled dot
product of the query with all keys, divide each by +/d,,, and
apply a softmax function to obtain the attention score A on
values. The attention mechanism ensures that information is
propagated between different nodes only through the global
self-attention, which is agnostic to the internal arrangement
of the data [15]. The calculation procedures of the attention
function are described as:

K,V = feew(h), Q= feq(he),
KT (6)
V.
Vidn
The gated attention mechanism extends the above attention
mechanism by imposing a real vector gate to control the

A = softmax(
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Fig. 3 The diagram of the proposed MDP model, where the
RL agent sequentially places circuit macros onto chip.

flow of information, which can be considered as an activation
function. As shown in Equation (7), whether or not each value
in a vector is activated depends on the input, i.e. it is dynamic.

G = o(feg(he)),

h. = fc.(concat(G © A, h.)), @

where o(-) denotes the sigmoid function, concat(-) refers to
the concatenation operation, fcy(-) and fc.(-) represent fully
connected networks. Besides, G stands for the gated activa-
tion vector, controlling which elements of A are activated.
Based on the node feature h. and the edge representation
e generated by the EGAT encoder, the output of the value
network is the estimated value as follows.

0, = MLP(concat(h., mean(e))), (8)
where mean(-) indicates a mean aggregator over all edges.

B. Reinforcement Learning Formulation

In this work, we target the chip floorplanning problem, and
the RL agent sequentially places circuit macros to feasible
positions on the layout. Once a macro has been placed, the
corresponding reward is computed to update the RL agent. For
a better understanding, Fig. 3 presents an overview process
of our RL approach. The four key elements of the proposed
MDP model are defined as follows:

o State Space. A state contains information about the
current partial floorplan. To represent a state, we define
the following features, including netlist graph (adjacency
matrix) and macro information (size, placed coordinate,
whether it has been placed).

o Action Space. Each action is defined as the relative
position between two macros, namely left and right, right
and left, top and bottom, bottom and top. Thus, at each
time step, we need to take multi-actions to determine the
position of a macro. That is, for the current macro to be
placed, we should establish its position relationship with
all placed macros in turn, and mask illegal actions.

o State Transition. Given a state and an action, the environ-
ment moves to another state. Thus, the transition model
of our MDP is deterministic.

o Reward. At each time step, the evaluator contains the
best solution the agent has explored and transforms it
into the baseline. Then, the cost difference between the
partial floorplan generated by the agent and the baseline
is calculated. We designate the gap in cost differences

between two consecutive time steps as the immediate
reward for the current step.

Dense Reward Calculation. In chip floorplanning, we aim
to optimize floorplanning metrics as defined in Equation (1).
In this work, a dense reward strategy is proposed to solve
the challenge. First, the evaluator records the current best
floorplan solution. Then, given the evaluator solution and the
placed order of macros, the negative objective cost of partial
floorplan at each time step ¢ is derived, which is denoted as a
baseline value ci’. Meanwhile, during reinforcement learning,
the agent places the macros in the same order, and the
corresponding cost is recorded as cf. We calculate the cost
difference between the generated floorplan and the baseline,
and the gap in cost differences between two consecutive time
steps is set as a reward 7, as follows.

ci = —Af)) —n-W(f),
cf = —AT) —n-W(f), ©)
dy :c?—cg, Tt :S'(dtfdt—l)a

where f? and f{ refer to the partial floorplan at time step
t produced by evaluator and RL agent, respectively. s is a
scaling factor. To speed up the network convergence, a small
positive reward is produced if d; > 0, and vice versa.
Order Selection. At each step, we not only select the order
in which the macros are placed, but also pick the order of
calculating the relative positions between the selected macro
and other placed macros. In selecting macro order, the macro
with the highest connection degree is placed first. In the
subsequent process, the placed macros are merged into a set,
and the unplaced macro with the greatest connection degree to
the macros in the set is then chosen for placement. Continue
until all macros are placed onto the chip. Similarly, in the
action order decision, we first select the placed macro, which
possesses the highest connection degree with the current
macro to be placed, for relative position calculation. Then,
the chosen macro and the current macro are combined into
one group. Next, the unselected macro with the greatest
connection degree to all macros in that group is picked to
determine the relative position. Note that actions that violate
the relative position constraint are masked. This process
continues until the relative positions between the current
macro to be placed and all placed macros are calculated.

C. Supervised Learning for Floorplanning

In order to make reinforcement learning effective, high-
quality trajectories are needed to guide agents. In this work,
we propose a supervised learning method for floorplanning to
enforce the agent to gain knowledge on high-quality trajecto-
ries. To train the supervised model, a large number of training
dataset are required, where each netlist-floorplan pair in-
cludes the optimal mapping between circuit connectivity and
physical floorplan. Thus, we develop a fast data generation
algorithm for floorplanning, and create a synthetic training
dataset with numerous tuples of the netlist and corresponding
optimal floorplan.



TABLE I Comparison with state of the arts on MCNC and GSRC benchmarks (Area unit: x 10°um?2, Wire unit: x 10° ym, RT
unit:s). Although we list the runtime, due to the long chip design process (several months or years), this time can be ignored.

Circuit | #Macro | #Net SA ICCD’20 [8] KDD’22 [10] Ours

Area Wire RT Area Wire RT Area Wire RT Area Wire RT
ami33 33 123 1.275 0.59 82 1.240 0.69 43 — 0.82 — 1.253 0.46 88
ami49 49 408 39.053 14.22 165 38.650 | 17.24 67 — 13.75 — 38.127 | 9.74 202
n100 100 576 0.205 1.54 396 0.195 1.55 389 — 3.37 0.192 1.25 1425
n200 200 1274 | 0.207 3.34 1102 0.215 348 785 — 3.52 — 0.200 3.10 3603
n300 300 1632 | 0.329 5.44 2062 0.340 5.25 3767 — 4.77 — 0.309 4.77 8031

ﬂ
U

Fig. 4 An illustration of the proposed synthetic training
dataset generation.

Since the optimization goal of floorplanning is to minimize
the weighted sum of area and wirelength as defined in
Equation (1), each netlist-floorplan pair in the training dataset
should meet the requirements for both area and wirelength
optimality. Note that the solution satisfies area optimality if
there is no whitespace in a floorplan. Accordingly, to achieve
wirelength optimality, closely placed macros are allocated to
more connection degrees. In this case, swapping the position
of any two macros will increase the wirelength, which has
been proved in [9]. Fig. 4 depicts the generation of a netlist-
floorplan pair in the dataset, where different coloured lines
indicate different connection degrees.

The details of constructing the floorplanning dataset are
summarized as follows. Firstly, given an empty chip re-
gion and the macro size constraint, n macros are produced
by dividing the region horizontally and vertically without
introducing any whitespace. Then, based on the macros’
coordinates, the relative position relationships between any
two macros are derived, which are represented by an SP. Note
that the relative positions between macros are recorded as
labels. Finally, the connection degree between any two macros
is assigned according to the negative correlation of distances
between macros. If the distance between two modules is too
far, the connection degree is set to 0.

V. EXPERIMENTAL RESULTS
A. Experimental Settings

The proposed end-to-end floorplanning framework is im-
plemented in Python with the Pytorch library [16], and
we execute it on a Linux server with one Nvidia GeForce RTX
3090 GPU. We pre-train the network model for one week
on the synthetic training dataset containing 500000 netlists,
and then fine-tune the model with the RL algorithm on the
randomly generated netlists. In the end, the model is tested
on MCNC [17] and GSRC [18] benchmarks.

B. Comparison with SOTA Works

To verify the superiority of the proposed end-to-end floor-
planning framework, in addition to comparing the Simulated
Annealing (SA) algorithm, we also compare our frame-
work with two state-of-the-art RL-based methods, including
ICCD’20 [8] and KDD’22 [10]. For fair comparisons, all
methods are conducted on the same computing platform.
Besides, since the runtime of both SA and ICCD’20 depend
on the termination conditions, we terminate the algorithms
when the optimal value is not updated within a time step of
ten times the total number of macros.

TABLE 1 lists the experimental results on MCNC and
GSRC benchmarks. Columns “#Macro” and “#Net” represent
the number of macros and nets in each benchmark circuit.
Columns “Area” and “Wire” denote the area cost and the half-
perimeter wirelength of the floorplan, while column “RT” is
the average runtime of the algorithms. Because the area results
are not reported in KDD’22, we only list the wirelength
results. We emphasize the better results in bold. As TABLE I
shows, the proposed floorplanning framework exhibits better
area results in 4 cases out of 5 benchmark circuits. Moreover,
the wirelength results show that our end-to-end floorplanning
framework approach significantly outperforms all existing ap-
proaches by a large margin. For example, compared with SA,
ICCD’20 and KDD’22, our framework reduces the wirelength
by 18.4%, 23.3% and 29.6% on average. Although the frame-
work’s runtime is longer than non-end-to-end approaches, the
runtime is negligible relative to the long-term design process
of the entire chip design. And by using more GPUs, this time
can be significantly reduced.

Fig. 5 depicts the floorplans of n100 circuit generated by
our method and SA method, respectively. It can be seen that
our method achieves a compact floorplan with a smaller area.

C. Ablation Studies

We first perform an ablation study to investigate how
the proposed supervised learning process affects the per-
formance. Fig. 6(a) compares two training strategies (i.e.,
training from scratch and training from a pre-trained network
on the synthetic dataset) regarding the floorplan quality and
the convergence speed on ami33 circuit. It can be seen that
compared with training from scratch, the pre-trained network
starts at a lower floorplan cost and finally produces a high-
quality floorplan solution. Besides, the convergence speed
increases by 40%. Furthermore, we also explore the impact
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Fig. 5 Visualization of n100 floorplans from (a) SA algorithm;
(b) the proposed end-to-end framework.
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Fig. 6 (a) Comparison of agents trained from scratch and
pre-trained on synthetic dataset; (b) comparison between our
designed reward and sparse reward.

TABLE II Impact of network components on performance
(Area unit:x 10%um?, Wire unit: x 10° im).

Circuit GAT MLP Policy MLP Value Ours
Area Wire Area Wire Area Wire Area Wire
ami33 1.433 0.92 1.353 0.52 1.280 0.66 1.253 0.46
ami49 | 40.532 | 16.35 | 38.942 | 14.42 | 39.314 | 12.24 | 38.127 | 9.74
n100 0.226 1.82 0.201 1.54 0.197 1.44 0.192 1.25
n200 0.235 3.94 0.211 3.44 0.205 3.24 0.200 3.10
n300 0.342 5.92 0.332 5.13 0.317 522 0.309 4.77

of the proposed dense reward function on the performance.
Fig. 6(b) shows the cost of floorplan solutions on ami49
circuit generated by the framework with the proposed reward
design and the sparse reward method, respectively. Note
that in the sparse reward method, the reward is set to 0
for all previous actions, and the final reward is a negative
weighted sum of area and wirelength. The curves in Fig. 6(b)
demonstrate the dense reward design can accelerate network
convergence and achieve better floorplan results.

Another ablation study is performed to investigate how
the network components affect the performance. We replace
the proposed EGAT, bit-wise deep cross policy network, and
gated self-attention value network with the graph attention
network (GAT) [19] and two MLP networks, respectively.
Note that when observing the impact of a specific network
on performance, the other two networks remain unchanged.
TABLE 11 lists the statistical results. It is evident that our pro-
posed end-to-end network structure exhibits the best results,
with each component contributing positively.

VI. CONCLUSION

In this work, we have proposed an innovative end-to-end
RL-based floorplanning framework, mainly containing edge-
augmented graph attention network and gated self-attention
mechanism. An MDP model is built for floorplanning in-
cluding novel representations of state, multi-action strategy,
and dense reward function. To support the large-scale neural
network training, we construct a synthetic netlist-floorplan
dataset that meets the area and wirelength optimality. Experi-
mental results show that, compared with the SOTA implemen-
tations, our approach produces better floorplan solutions.
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