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Abstract
Macro placement is a crucial subproblem of chip design,
focusing on determining the locations of numerous macros
while minimizing multiple metrics. In recent years, reinforce-
ment learning (RL) has gained traction as a favorable tech-
nique to improve placement performance. However, existing
RL-based placers ignore the orientation of macros, resulting
in the state space constrained to two-dimensional discrete co-
ordinates and greatly restricting the exploration opportuni-
ties. To address this issue, we propose a novel macro place-
ment method, RSPlace, which guides the bidirectional expan-
sion of the global search tree to offer the RL agent more ex-
ploration opportunities, incorporating rotation into the RL-
based macro placement solution for the first time. RSPlace
intelligently determines the optimal rotation angle to maxi-
mize placement benefits by leveraging rotation sensing and
placement perturbations. Extensive experiments demonstrate
that taking the macro orientation into account substantially
broadens the feasible locations and effectively reduces the
half-perimeter wirelength (HPWL), thus ensuring that our ap-
proach significantly improves the optimization effect com-
pared to the state-of-the-art method.

Extended version —
https://github.com/liutianyi123/RSPlace

Introduction
The rapid advancement of very large-scale integration
(VLSI) technology presents significant challenges for lever-
aging existing Electronic Design Automation (EDA) tools
in chip design (Markov, Hu, and Kim 2012), particularly
during the placement phase, where numerous circuit mod-
ules are arranged on a constrained layout area. Macro place-
ment, as a critical subproblem, involves optimally posi-
tioning large circuit modules to minimize multiple metrics,
including half-perimeter wirelength (HPWL), density, and
congestion.

Existing methods for macro placement can be catego-
rized into two paradigms: optimization-based methods and
reinforcement learning (RL)-based methods. Optimization-
based methods formulate macro placement as a combinato-
rial optimization problem and employ classical techniques
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such as simulated annealing (SA), quadratic programming
(QP), and evolutionary algorithm (EA). In contrast, RL-
based methods formulate macro placement as a Markov De-
cision Process (MDP) (Sutton and Barto 2018), where a
RL agent learns optimal placement strategies through con-
tinuous interaction with the environment. In Graph Place-
ment (Mirhoseini et al. 2021) and DeepPR (Cheng and Yan
2021), the policy network is guided by a hypergraph, while
MaskPlace (Lai, Mu, and Luo 2022) views macro placement
as a visual representation problem, utilizing a wire mask to
capture HPWL increments and a position mask to identify
feasible locations. In ChiPFormer (Lai et al. 2023), macro
placement is based on offline RL, which can efficiently gen-
eralize to unseen placement tasks. A recent breakthrough is
EfficientPlace (Geng et al. 2024), which employs a search
tree to explore placement solutions and a RL agent to exe-
cute local policy learning, demonstrating remarkable place-
ment quality. However, the methods mentioned above only
construct the state space from two-dimensional discrete co-
ordinates, which is not sufficient and restricts the exploration
opportunities. In other words, when the solution space is ex-
panded through macro rotation, the solutions generated by
previous methods are inherently sub-optimal due to their
limitations in action representation.

To address this issue, we propose a novel macro place-
ment method called RSPlace, which directs the bidirectional
expansion process of the global search tree for offering RL
agent more exploration opportunities. Unlike previous meth-
ods, the state space of RSPlace includes both discrete co-
ordinates and rotation angles on a two-dimensional canvas.
On one hand, given a macro to be placed, RSPlace gener-
ates its position mask and wire mask under different rotation
angles, then identifies the mask combination that results in
the minimal HPWL increment, thereby determining the op-
timal macro rotation strategy. On the other hand, RSPlace
perturbs the placement solution by adjusting the orientation
of macros after each loop (multiple RL rollouts). For each
macro in the new configuration, adjustments are made to
preserve the non-overlapping property. These improvements
substantially increases the number of feasible positions and
significantly reduces HPWL increments. Figure 1 shows the
visualization of macro placement results on the adaptec2
circuit benchmark. RSPlace effectively reduces the HPWL
while maintaining 0% overlap. Compared to previous RL-
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(a) MaskPlace (b) WireMask-EA (c) EfficientPlace (d) RSPlace

Figure 1: Visualization of macro placement result on the circuit benchmark adaptec2. The macros are visualized by blue or
purple rectangles, where purple rectangles in (d) mean that macros have been rotated. The wires are represented by brown lines.
We compare the proposed approach RSPlace with three representative methods, including (a) MaskPlace (Lai, Mu, and Luo
2022) (HPWL = 79.98 × 105, Overlap = 0%), (b) WireMask-EA (Shi et al. 2023) (HPWL = 55.32 × 105, Overlap = 0%), (c)
EfficientPlace (Geng et al. 2024) (HPWL = 43.35× 105, Overlap = 0%), (d) RSPlace (ours) (HPWL = 38.00× 105, Overlap =
0%). The smaller the value of HPWL, the better.

based methods, this paper has three main contributions:
• The New Dimension. We incorporate rotation sensing

and placement perturbations into the expansion process
of the global search tree to select the optimal rotation an-
gle, integrating the macro orientation into the RL-based
macro placement problem for the first time.

• Comprehensive Analysis. The potential positive im-
pacts of rotation on macro placement are comprehen-
sively analyzed, including generating more feasible po-
sitions and fewer HPWL increments.

• Outstanding Performance. Extensive experiments
demonstrate that our approach achieves better perfor-
mance compared to existing work, even outperforming
the recent state-of-the-art method.

Background
In this section, we first introduce the key metrics for evaluat-
ing placement outcomes. Later, we will briefly review exist-
ing macro placement methods, including optimization-based
methods and RL-based methods.

Macro Placement
Optimizing the power, performance, and area (PPA) metrics
is the ultimate goal of chip design, with macro placement
being a critical sub-stage. Specifically, the macro placement
problem involves taking a netlist H = (V,E) as input. Here,
V = {Mj}kj=1 represents the set of macros, while E con-
sists of hyper-edges. Each hyper-edge ei ∈ E captures the
connectivity between multiple circuit modules.

HPWL, an approximate method for wirelength estima-
tion, is extensively utilized due to its high accuracy and com-
putational efficiency (Rabaey, Chandrakasan, and Nikolic
2002; Chen et al. 2006). Given a hyper-edge with serval
pins, its HPWL is equal to the half perimeter of the small-
est rectangle (bounding box) enclosing these pins. Further,
for a netlist H , the HPWL under the placement solution s is
defined as:

HPWL(s,H) =
∑
ei∈E

(wi + hi) (1)

where wi = maxMj∈ei xj − minMj∈ei xj and hi =
maxMj∈ei yj − minMj∈ei yj denote the width and height
of the bounding box enclosed by the hyper-edge ei. The
bottom-left and top-right corners of the bounding box are
represented by the coordinates (minMj∈ei xj ,minMj∈ei yj)
and (maxMj∈ei xj ,maxMj∈ei yj). To improve readability,
this metric will be simplified to HPWL(s) in the following
sections.

Congestion arises from overcrowding during place-
ment, which can result in decreased chip performance and
signal transmission obstruction. This paper employs the
RUDY congestion estimation method (Spindler and Jo-
hannes 2007). In this approach, every grid accumulates the
inverses of the height and width of all the bounding boxes
covering it, then extracts the average of the p maximum val-
ues across all grids. The congestion of grid gm,n is formu-
lated as:

Congestion(gm,n) =
∑

ei∈E(gm,n)

(
1

wi
+

1

hi
) (2)

where E(gm,n) denotes bounding boxes overlaid on grid
gm,n.

Optimization-based Methods
Over the past few decades, optimization-based methods
have remained the predominant in macro placement, in-
cluding partitioning-based methods, black-box-optimization
(BBO) methods, and analytical methods.

Partitioning-based methods (Khatkhate et al. 2004; Roy
et al. 2006) employ an iterative approach that divides circuits
and placement areas into multiple clusters and sub-regions,
aiming to minimize inter-cluster connections while assign-
ing each cluster to its corresponding sub-region. Although
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Figure 2: Overview of RSPlace. (a) A global search tree, guided by MCTS. (b) Top-down tree expansion driven by multiple RL
rollouts. (c) Bottom-up tree expansion, incorporating genotype perturbation and phenotype evaluation.

advanced hypergraph partitioning techniques (Karypis et al.
1997) have proven effective in optimizing placement within
individual partitions, the intricate topological structure of
netlists poses significant challenges in dividing them into
relatively independent parts.

BBO methods typically adopt SA to optimize macro
placement solutions by applying random perturbations to
their data structures, such as MP-tree (Chen et al. 2007),
MDP-tree (Liu et al. 2019), and extension of corner se-
quence (ECS) (Chiou et al. 2016). A key advantage of these
methods lies in their ability to handle problems where the
objective metric lacks an analytical formulation or is non-
differentiable. However, due to the nature of random pertur-
bations, these approaches suffer from low sample efficiency,
resulting in high computational costs as the problem scale
increases.

Analytical methods optimize the placement problem by
modeling it as an analytical function of module coordi-
nates. Quadratic methods (Viswanathan et al. 2007; Kim
and Markov 2012) formulate it as a convex quadratic prob-
lem, while nonlinear methods like NTUPlace3 (Chen et al.
2008), RePlace (Cheng et al. 2018), and DREAMPlace (Lin
et al. 2020) approximate HPWL using differentiable func-
tions, such as the log-sum-exp wirelength (Naylor, Donelly,
and Sha 2001). Although these methods are efficient, they
often lead to overlaps due to treating overlap avoidance as a
soft constraint.

RL-based Methods
In recent years, researchers are also endeavoring to model
macro placement as a sequential decision problem, propos-
ing numerous methods based on RL. Graph Placement
(Mirhoseini et al. 2021), published in Nature, stands out

as the pioneering end-to-end macro placement learning ap-
proach. It segments the canvas into discrete grids, where the
RL agent sequentially determines the location of each macro
using discrete coordinates on the two-dimensional canvas.
Note that rewards are sparse in Graph Placement, implying
that only the macro placed in the last step receives a re-
ward. Consequently, training the model becomes exception-
ally challenging. Similar to Graph Placement (Mirhoseini
et al. 2021), DeepPR (Cheng and Yan 2021) also represents
a netlist as a hypergraph, but incorporates intrinsic rewards
to encourage exploration. However, the macro placement so-
lutions generated by DeepPR still face the issue with over-
lap. To address this problem, MaskPlace (Lai, Mu, and Luo
2022) views macro placement as a pixel-level visual repre-
sentation problem. It defines the reward function as a dense
reward about HPWL and ensures the non-overlapping prop-
erty through position masks. Additionally, some researchers
have developed a macro placement architecture based on of-
fline RL, which can efficiently generalize to unseen place-
ment tasks (Lai et al. 2023). A recent breakthrough of RL-
based methods is EfficientPlace (Geng et al. 2024), which
employs the bi-level framework for macro placement, in-
cluding a global search tree to explore placement solution
and a RL agent to execute local policy learning, demonstrat-
ing remarkable placement quality.

Approach

This section is organized as follows. We first introduce the
key components of our framework, and then analyzes the po-
tential impact of the macro orientation, including generating
more feasible positions and fewer HPWL increments.
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RSPlace Framework
Overall Architecture. Our framework is illustrated in Fig-
ure 2, and the details of the algorithm are presented in Algo-
rithm 1 and Appendix A.1. RSPlace consists of three main
components: (a) A high-level global search tree that guides
and maintains a potential set of nodes (frontiers) through
Monte Carlo Tree Search (MCTS). (b) Top-down local pol-
icy learning driven by RL agent, leveraging promising nodes
along with rotation sensing to efficiently explore placement
strategies. (c) Bottom-up tree expansion, which integrates
genotype perturbation and phenotype evaluation for the joint
optimization of the existing placement solution. The three
components work in tandem to achieve a dynamic balance
between exploration and exploitation, leading to superior
placement performance.

Solution Representation & Global Search Tree. For
a netlist containing n macros, previous RL-based plac-
ers define the placement solution as a set of coordi-
nate sequences on a two-dimensional canvas, i.e., sn =
{(x1, y1), ..., (xn, yn)}, where (xi, yi) denotes the location
of the ith macro. In this paper, we incorporate rotation into
the placement process, representing the placement of the ith
macro as a triple (xi, yi, θi). This flexibility enhances the op-
portunities for the agent to identify superior placement solu-
tions. The detailed comparison between RSPlace and exist-
ing methods can be found in Appendix A.2. RSPlace has a
larger state space, allowing the RL agent to explore a wider
range of possibilities.

Since each node in the global search tree T repre-
sents an intermediate placement state, we define the empty
canvas as s0 = {}, which serves as the root node
of tree T . The final placement is denoted as sn =
{(x1, y1, θ1), ..., (xn, yn, θn)}, corresponding to a leaf node.
Further, we define V(s) as the set of leaf nodes for a given
tree node s. Hence, the macro placement in this paper is for-
mulated as:

min
s∈X

HPWL(s) (3)

where X = V(s0) ∩ P and P represents the set of non-
overlapping placement solutions.

Node Selection. The concept of frontiers is introduced by
EfficientPlace (Geng et al. 2024) to mitigate policy learning
bias. It refers to a set of the most promising intermediate
placement states, denoted asF . Under this constraint, a node
s ∈ F is randomly selected during each RL rollout, and F
is updated after a predefined number of the expansion. The
update of frontiers is based on UCT (Browne et al. 2012)
algorithm:

S(s) = Q(s) + α · 1√
N(s)

(4)

where S(s) is the score of a tree node s and Q(s) =
maxsn∈V(s)−HPWL(sn). Additionally, N(s) indicates the
visit time of a node s, and α is the coefficient to balance
exploration and exploitation.

RSPlace maintains a frontier set F while introducing an
important enhancement that keeps both the locations and
orientations of macros fixed along the path from the root
to any selected frontier node s. This constraint enables more

focused local policy learning while preserving the benefits
of rotational flexibility in subsequent placement decisions.

Algorithm 1: RSPlace
Input: Netlist, search tree T , RL agent
Parameters: Number of loops KTS , KRL, KP

Output: Best placement solution
1: Initialize T with s0, and F ← s0
2: for i = 1 to KTS do
3: // Top-down tree expansion
4: for j = 1 to KRL do
5: Select a frontier node s ∈ F
6: Execute a RL rollout from s by rotation sensing
7: Expand T with new nodes in the rollout
8: Backpropagate the rollout results
9: Update the RL agent

10: end for
11: // Bottom-up tree expansion
12: for k = 1 to KP do
13: Select a leaf node by Eq. 7
14: Execute the genotype perturbation by Eq. 8
15: Execute the phenotype evaluation
16: Expand T with the new leaf node
17: Backpropagate the phenotype evaluation result
18: end for
19: Update the frontiers F
20: end for
21: Return: The best placement solution in T

Top-down Tree Expansion & Rotation Sensing. Each
top-down tree expansion starts from a selected frontier node
and terminates at a leaf node. This process is modeled as a
MDP in RSPlace, where the RL agent continuously interacts
with the environment to determine the placement solution
for each macro. The agent is updated using proximal policy
optimization (PPO) (Schulman et al. 2017).

In RSPlace, the direction of top-down tree expansion is
guided by the rotation sensing module. The purpose of this
module is to determine the macro orientation that minimizes
the HPWL increment and identifies the best mask combi-
nation. Since the calculation of wire mask depends on the
pin’s relative position (∆x ,∆y), adjustments must be made
accordingly. The new position coordinates of the pin within
the macro are calculated using the following formula:[

∆′
x

∆′
y

]
=

[
cos θ − sin θ
sin θ cos θ

] [
∆x

∆y

]
(5)

where θ is the rotation angle, and (∆′
x ,∆

′
y) represent the

new position coordinates of the pin. The two-dimensional
canvas is composed of discrete grids, so there are only four
accessible rotation angles. The overall architecture of the RL
agent is presented in Appendix A.3, which is integrated into
the top-down tree expansion process.

Given a canvas of size N ×N and time step t, we denote
the position mask as P (θt) ∈ {0, 1}N×N and the normal-
ized wire mask as W (θt) ∈ [0, 1]

N×N . Then, the optimal
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(a) Placement example
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(b) Masks for θ = 0◦
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(c) Masks for θ = 90◦ (d) Calculation of HPWL

Figure 3: Illustration of rotation benefits. Considering macro orientation significantly increases the number of feasible positions
while reducing HPWL increments.

rotation angle θ∗t can be defined as:

θ∗t = argmin
θt

min(P (θt) +W (θt)) (6)

where min(·) represents the minimum element in a matrix,
θt ∈ {0◦, 90◦, 180◦, 270◦}, and value “0” in the position
mask indicates a feasible position.

Bottom-up Tree Expansion & Placement Perturba-
tion. During the RL rollout process, the macro orienta-
tion is determined by Eq. 6. However, maximizing the cur-
rent placement benefit does not necessarily yield the opti-
mal placement solution. To address this, RSPlace employs a
bottom-up tree expansion approach. Specifically, after com-
pleting several RL rollouts, a new set of leaf nodes is gener-
ated. RSPlace selects the node with the highest Q value as
the placement to be perturbed, which is denoted as s∗n. This
selection process can be formalized as follows:

s∗n = argmax
sn∈V(s0)

Q(sn) (7)

For the selected node s∗n, we construct a rotation candidate
set Ω ⊆ V through random sampling of macros. The geno-
type perturbation for each Mt ∈ Ω is defined by Eq. 8:

θt ← (θt +∆θ) mod 360◦ (8)

where ∆θ ∈ {90◦, 180◦, 270◦}.
It is obvious that overlapping between macros may occur

after the genotype perturbation, causing the original place-
ment solution to likely no longer be optimal for achiev-
ing the minimum HPWL increment. To preserve the non-
overlapping property and reduce the HPWL value, it is es-
sential to adjust these locations. Assume that the locations
of M1, . . . ,Mi−1 have already been updated. When updat-
ing the location of Mi, the position mask and wire mask are
recalculated based on this configuration. Then, Mi is moved
to the nearest feasible grid that results in the least HPWL
increment. Once all macros have been adjusted, a new leaf
node is generated, which represents the phenotype evalua-
tion of perturbed s∗n. In fact, this new leaf node can be ex-
panded back to the root node, which can be interpreted as a
bottom-up tree expansion. Next, we will provide a detailed
analysis of the potential impact of the macro orientation.

Analysis of Macro Orientation
Rotation provides more feasible positions. Figures 3(b)
and 3(c) demonstrate the placement masks for orientations
θ ∈ {0◦, 90◦} at time step t = 4, where three pre-placed
macros are indicated by the blue grids in Figure 3(a). The
masks for θ ∈ {180◦, 270◦} can be derived analogously.
For the case of θ = 0◦, macro M4 is to be placed. By us-
ing its bottom-left corner grid as the reference position and
excluding unfeasible positions (marked in green) that either
violate boundary constraints or cause overlap, we obtain 12
valid positions in Figure 3(b). In contrast, when rotated to
θ = 90◦, the transformed macro M ′

4 owns 19 feasible posi-
tions in Figure 3(c). This clearly reveals that rotational flex-
ibility opens up more possibilities for macro placement.

Rotation produces fewer HPWL increments. Figures
3(b) and 3(c) illustrate the HPWL increment for each grid,
where the bottom-left corner of the canvas is defined as coor-
dinate (0, 0). The minimum HPWL increment is 2, achieved
when the bottom-left corner of M4 is placed at (0, 4). How-
ever, if rotation is performed, placing the rotated macro M

′

4
at (2, 1) and (2, 2) reduces the HPWL increment to 0. For
clarity, Figure 3(d) depicts the case where M

′

4 is placed at
(5, 2), resulting in HPWL increments of 2 and 3 for two
hyper-edges, due to the inclusion of pins in their bounding
boxes. The total HPWL increment in this scenario is 5. This
example highlights that minimizing the HPWL increment
requires positioning pins of the same hyper-edge in close
proximity. Since rotation expands the set of possible place-
ments, there is a greater advantage in finding positions that
minimize HPWL increments.

Experiments
We compare RSPlace with current representative macro
placement approaches. SA (Cheng et al. 2023) and
WireMask-EA (Shi et al. 2023) are optimization-based
methods. Graph Placement (Mirhoseini et al. 2021),
DeepPR (Cheng and Yan 2021), MaskPlace (Lai, Mu, and
Luo 2022), ChiPFormer (Lai et al. 2023) and EfficientPlace
(Geng et al. 2024) are RL-based methods. Following the pre-
vious work (Geng et al. 2024), the ISPD2005 (Nam et al.
2005) dataset is selected as our benchmark. Further details
of ISPD2005 and our experimental configuration are avail-
able in Appendix A.4 and Appendix A.5.
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Method adaptec1 adaptec2 adaptec3 adaptec4 bigblue1 bigblue3

Graph Placement (50k) 30.01± 2.98 351.71± 38.20 358.18± 13.95 151.42± 9.72 10.58± 1.29 357.48± 47.83
DeepPR (3k) 19.91± 2.13 203.51± 6.27 347.16± 4.32 311.86± 56.74 23.33± 3.65 430.48± 12.18

MaskPlace (3k) 7.62± 0.67 75.16± 4.97 100.24± 13.54 87.99± 3.25 3.04± 0.06 90.04± 4.83
ChiPFormer (2k) 6.62± 0.05 67.10± 5.46 76.70± 1.15 68.80± 1.59 2.95± 0.04 72.92± 2.56

SA (1M) 19.24± 1.42 102.84± 5.83 140.34± 7.48 148.57± 23.08 5.92± 0.98 270.46± 43.76
WireMask-EA (1k) 5.97± 0.07 54.31± 3.25 60.33± 0.40 61.91± 1.60 2.16±0.01 62.68± 4.97
EfficientPlace (1k) 5.90±0.07 42.52±0.76 55.75±0.84 54.68±0.82 2.18± 0.02 57.81±1.62

RSPlace (1k) 4.72 ± 0.07 39.79 ± 1.16 54.50 ± 0.85 51.87 ± 1.18 2.03 ± 0.01 56.44 ± 3.53

Table 1: Comparisons of HPWL (×105) on six different circuit benchmarks. The mean and standard deviation (mean±std) of
each result are obtained by running under five different random seeds. The run steps after method names are also provided. A
smaller HPWL value indicates better performance, with the best results highlighted in bold and the second-best underlined.

Benchmark MaskPlace (3k) ChiPFormer (2k) WireMask-EA (1k) EfficientPlace (1k) RSPlace (1k)

bigblue2 5.75± 0.11 5.44± 0.10 4.48± 0.07 4.19±0.08 3.99 ± 0.05
bigblue4 103.26± 2.69 102.84± 0.15 86.88±0.99 88.01± 1.45 82.29 ± 1.29

Table 2: Comparisons of HPWL (×105) on “bigblue2” and “bigblue4” circuits. The best results are highlighted in bold and the
second-best underlined.
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Figure 4: Results of HPWL (×105) vs. run steps. The shaded region represents the standard error.

Main Results. Table 1 presents the HPWL results of dif-
ferent methods on macro placement. To be consistent with
the previous work (Geng et al. 2024), we conduct the ex-
periment on 5 different random seeds and record the mean
and standard deviation. The results of EfficientPlace and
WireMask-EA are derived from by running their released
code. The results of other baseline methods are from (Lai
et al. 2023) and (Geng et al. 2024). We note that RSPlace
attains the lowest HPWL in all circuit benchmarks. For the
largest benchmarks, bigblue2 and bigblue4, we place 256
and 1024 macros respectively, aligning with EfficientPlace.

Results are provided in the Table 2. RSPlace demonstrates
a performance improvement of 20% compared to Efficient-
Place on the circuit benchmark adaptec1. For circuit bench-
mark bigblue4, RSPlace also has an improvement of 5%
compared to WireMask-EA. Additionally, we further com-
pare RSPlace with WireMask-EA, and the recent state-of-
the-art approach EfficientPlace. The comparison illustrated
in Figure 4 is based on HPWL over the number of run steps.
For each circuit benchmark, the number of evaluations for
both EfficientPlace and WireMask-EA is set to 1,000. Fol-
lowing (Geng et al. 2024), the best HPWL value reached by
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each step is recorded for comparison. We find that RSPlace
consistently achieves the lowest HPWL for each circuit
benchmark, which further highlights the remarkable perfor-
mance of our method.

Performance on Congestion Metric. The congestion of
RSPlace is compared with MaskPlace, WireMask-EA and
EfficientPlace by selecting the top 10% congested grids.
The detailed results are presented in Appendix A.6. The re-
sults indicate that RSPlace can achieve low congestion levels
while optimizing HPWL, consistent with WireMask-EA’s
finding that congestion strongly correlates with HPWL.

Mixed-Size Placement Results. The workflow of mixed-
size placement of RSPlace includes three phases: (1) Return
the macro placement result from RSPlace. (2) Fix macros
placed by RSPlace, and utilize DREAMPlace to obtain a
coarse placement result. (3) Allow all macros and standard
cells movable, and use DREAMPlace for legalization and
detailed placement. We report the mixed-size placement re-
sults in Appendix A.7, where RSPlace achieves the best per-
formance in 7 of the 8 circuit benchmarks, showing that
macro orientation also significantly impacts the mixed-size
placement task.
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Figure 5: Compare HPWL curves for different components.

Ablation Study. The ablation study is conducted on cir-
cuit benchmark adaptec1 to investigate the impact of dif-
ferent components in RSPlace. Results are shown in Fig-
ure 5 and the experimental configuration is as follows: (1)
Random: This configuration indicates the orientation of each
macro is determined by random rotation, indicating that in-
troducing rotation without any guidance can seriously com-
promise performance; (2) w/o Rotation: The rotation is
dropped in this configuration, where only a single orien-
tation macro placement solution is considered in the tree
expansion, greatly limiting the exploration space; (3) w/o
Top-down Expansion: In this configuration, the expansion of
the search tree only guided by random perturbation, leading
the an insufficient exploration of the solution space; (4) w/o
Bottom-up Expansion: We discontinue the bottom-up expan-

sion of the search tree, resulting the search tree is trapped in
the suboptimal placement for a long time; (5) Bidirectional
Expansion: This is the standard configuration of RSPlace,
achieving the best performance.

Analysis of Trajectory Exploration. To further inves-
tigate how macro orientation affects solution space explo-
ration, we employ t-SNE to visualize the placement trajec-
tories from RSPlace and EfficientPlace on the adaptec1 cir-
cuit benchmark. Figure 6 presents 2,500 trajectory samples
per method, with each independent run contributing the top
500 trajectories. We observe that the red and blue regions ex-
hibit clear spatial separation, indicating different exploration
patterns in high-quality solution spaces. Notably, RSPlace’s
top-5 trajectories occupy regions completely absent in Effi-
cientPlace’s exploration, demonstrating that ignoring macro
rotation may render certain optimal solution spaces inacces-
sible. Another interesting finding is that, unlike the relatively
concentrated distribution of EfficientPlace’s top-5 trajecto-
ries, RSPlace’s exhibit significant spatial dispersion. This
not only validates the performance advantages of macro ro-
tation but also reveals that RSPlace produces more diverse
placement styles.

RSPlace
EfficientPlace
RSPlace Top-5
EfficientPlace Top-5

Figure 6: t-SNE visualization of the solution space explored
by RSPlace and EfficientPlace, with stars marking the top-5
placements for each method.

Conclusion
This paper proposes a novel macro placer named RSPlace
for offering RL agent more exploration opportunities. To
incorporate the macro orientation into the RL-based macro
placement solution, we design the rotation sensing module
in the top-down tree expansion process, and introduce the
placement perturbations into the bottom-up tree expansion
phases. Though RSPlace shows significant potential, it also
has some limitations. First, this work primarily focuses on
HPWL and congestion as proxy metrics, due to its direct re-
lationship with wirelength and routing quality. Second, an-
alytical placers are required during mixed-size placement
tasks. In the future, we hope this work can provide new in-
sights for orientation optimization.
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