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Abstract
Floorplanning is a crucial step in VLSI physical design. Analytical floor-

planning, which determines macro positions through electrostatic-

based mixed-size placement, has become the most prevalent paradigm.

However, the resulting floorplan contains inter-macro overlaps that

must be resolved by a legalization step. Existing methods minimize dis-

placement from the analytical floorplan without effective topological

guidance, leading to inconsistent downstream quality. In this paper, we

propose a new legalization workflow that preserves the high quality

of analytical floorplanning. We leverage twin binary trees to capture

the relation between adjacent blocks, and build a differentiable model

to optimize their coordinates. Experiments on TILOS MacroPlacement

benchmarks show that our method enables analytical floorplanning

to match or surpass commercial and open-source macro placement

tools in post-route timing and wirelength.
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1 Introduction
Macro placement plays a critical role in VLSI physical design. Hard IP

blocks, including processor cores, memory blocks, and I/O interfaces,

typically constitute 30% to 60% of the core area in modern SoCs. Their

positions in the layout significantly impact the quality of results (QoR),

which is measured by wirelength, timing closure, power distribution,

and routing congestion. The state-of-the-art methods are electrostatic-

based analytical placers. Pioneering works like ePlace [15] and Re-

PlAce [5] propose to co-optimize macros and standard cells within the

same global density field. Recent advances like DREAMPlace [12, 13],

Xplace [14], and AutoDMP [1] further improve speed and quality with

GPU acceleration. An analytical floorplan encodes two types of infor-

mation, which collectively determine the final QoR: (1) the positions
of macros, which are optimized to minimize wirelength under density

constraints, and (2) the topology of the layout, which describes the spa-

tial relations of macros and standard cell clusters. Any disruptions to

either the positions or the topology will degrade the final PPA results.

Legalization as a bottleneck. The aforementioned placers can pro-

duce overlapping macros. Legalization is necessary for design to pro-

ceed, and it has become a major bottleneck in physical design [1].

Existing legalizers minimize displacement from the analytical floor-

plan without effective topological guidance. Greedy methods [8, 13]

sequentially place every macro in the closest legal position. As a result,

the topology after legalization may be significantly changed from the

placement solution. Similarly, simulated annealing (SA) methods [2]

can fundamentally change the original solution, thereby deteriorat-

ing the QoR. Linear programming (LP) methods [4, 7, 19] assign a
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non-overlapping constraint to each pair of macros and minimize the

total displacement under these constraints. However, such constraint

graphs are highly redundant: an unnecessary constraint can still be

added for two distant macros [22]. This redundancy over-constrains

the LP problem and increases its complexity. In contrast, the essential

adjacency information is absent from the constraint graph, which

complicates the estimation of interconnection and area.

Reinforcement learning (RL) basedmacro placement methods tackle

legalization from a different perspective. AlphaChip [6, 16] trains an

RL agent to place macros on a discretized grid to avoid overlaps. Subse-

quent efforts [11, 20] have improved placement quality by leveraging

more effective representation and optimization techniques. Although

grid-based methods can prevent overlaps by construction, their restric-

tions on the solution space have a negative impact on the quality of

placement. This impact can be mitigated with an additional refinement

step that is similar to legalization.

Fig. 1 analyzes different legalizationmethods on ariane133, a RISC-V

design with 132 macros. It investigates 5 data cache macros to illustrate

how each method behaves. Compared with the original floorplan, the

greedy method flips the topological order of 3 pairs of macros. The LP

method retains all topological orders, but it almost doubles the total

displacement. Our method retains all topological orders and achieves

the lowest total displacement. Meanwhile, it achieves a worst negative

slack (WNS) of −0.20 ns, which is optimal among the 3 solutions. The

rationale behind our method is to preserve both the positions and the

topology of the original placement solution as much as possible.

Ourmethod. Sequence pair [17], B*-tree [3], and twin binary trees [21]
are commonly used data structures to represent circuit floorplans. Se-

quence pair does not explicitly encode adjacency information. B*-tree

encodes partial adjacency through its tree structure, but as a single

binary tree it cannot capture the complete adjacency relations among

all blocks. Both data structures rely on randomized techniques such

as SA to search for a new floorplan. In this process, the topology can

radically change from the previous version. The twin binary trees

(TBT) representation is a non-redundant data structure that can en-

code and decode a mosaic floorplan in 𝑂 (𝑛) time. In contrast to the

sequence pair and the B*-tree, TBT uses two complementary binary

trees to completely capture the adjacency information of a mosaic

floorplan. With the constraint graphs of TBT, the coordinates of the

blocks are continuous functions of their sizes. This property allows

gradient-based, controllable optimization of floorplans.

Our method aims to preserve the high-quality placement results

during legalization in terms of both the positions and the topology.

First, we applymosaic construction to obtain a rectangular partitioning

of the original layout. Each rectangle is either a macro block or a filler
block. Afterward, we use the MFTB (mosaic floorplan to twin binary

trees) algorithm to encode the mosaic floorplan into a TBT (𝜏+, 𝜏−).
Finally, we use the TBMF (twin binary trees to mosaic floorplan)

algorithm to reconstruct the layout from the constraint graphs of

the TBT. Mosaic construction and MFTB are executed once during

preprocessing, and the final stage is repeated during optimization.

Notably, the coordinates in each reconstructed layout are piecewise-
linear functions of the dimensions of filler blocks. As such, we build the

first differentiable TBT-based model for layout optimization. Compared
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Figure 1: Analyzing the positions and topology of 5 data cache macros in ariane133 RISC-V core. (a) Placement produced by analytical placer RePlAce. The

convex hull is shown in gray. (b) Greedy method flips 3 pairs of topological orders (

∑∥ · ∥2=494). (c) LP method preserves all orders but incurs a large displacement

(

∑∥ · ∥2=789). (d) Our method preserves all orders with low displacement (

∑∥ · ∥2=431). Red arrows represent the displacements before and after legalization.

with LP methods, our method can guarantee the legality and feasibility

of each reconstructed layout throughout optimization. Compared with

SAmethods, it converges in merely hundreds of iterations and requires

minimal hyperparameter tuning.

Our main contributions are summarized as follows:

• We identify topology preservation as a key factor of legalization

quality. Experiments on commercial and open-source design flows

have confirmed this observation.

• We construct a piecewise linear model to optimize the coordinates in

a physical layout. We ensure that the layout remains legal throughout

the optimization process.

• We develop a comprehensive legalization workflow that preserves

the quality of electrostatic placers. It also demonstrates the usefulness

of TBT in VLSI physical design.

2 Preliminaries
This section reviews the technical foundations of our method: electro-

static analytical placement, which produces the initial placement that

legalization aims to preserve, and the twin binary tree representation,

which provides the structural backbone of our legalization procedure.

2.1 Electrostatics-Based Analytical Placement
Modern analytical mixed-size placers formulate placement as an un-

constrained optimization problem [5, 15]:

min

v
;𝑊 (v) + 𝜆, 𝐷 (v), (1)

where v collects the coordinates of all movable objects (macros and

standard cells),𝑊 is the HPWL wirelength objective, 𝐷 is a density

penalty, and 𝜆 balances the two terms.

The density penalty adopts an electrostatic analogy: each movable

object 𝑖 is modeled as a positive charge 𝑞𝑖 proportional to its area. The

resulting charge density 𝜌 (𝑥,𝑦) and electric potential𝜓 (𝑥,𝑦) satisfy
Poisson’s equation with Neumann boundary conditions:

∇2𝜓 (𝑥,𝑦) = −𝜌 (𝑥,𝑦), 𝑛̂ · ∇𝜓
��
𝜕𝑅

= 0. (2)

The density penalty is the total electrostatic potential energy, 𝐷 =
1

2

∑
𝑖 𝑞𝑖𝜓𝑖 . Its gradient with respect to object 𝑖’s position is𝑞𝑖∇𝜓𝑖 , so the

corresponding electrostatic force is −𝑞𝑖∇𝜓𝑖 , which repels overlapping

objects. Solving Poisson’s equation via FFT on a placement grid yields

a smooth global density field that captures interactions among all

movable objects.

ePlace-MS [15] optimizes Eq. (1) using Nesterov’s method, balanc-

ing wirelength and density for macros and standard cells. RePlAce [5]

further incorporates local bin overflow into its density function, en-

abling constraint-oriented local smoothing with low runtime overhead.

2.2 Twin Binary Trees
Amosaic floorplan [21] is a partition of the chip area into non-overlapping
rectangles (called blocks). Every internal boundary segment terminates

in a T-junction: no two segments form a cross.

Yao et al. [21] established a one-to-one correspondence between

mosaic floorplans with 𝑛 blocks and pairs of binary trees called twin
binary trees:

Definition 1 (Twin Binary Trees [21]). Let Tree𝑛 denote the set
of binary trees with 𝑛 nodes. The augmented tree 𝑡∗ is obtained by
adding a leaf labeled 0 for each missing left child and a leaf labeled 1 for
each missing right child. The 2-labeling L(𝑡) is the sequence of these
augmented leaf labels under in-order traversal of 𝑡∗ (omitting the first
and last bits). The set of twin binary trees TBT𝑛 consists of all pairs
(𝑡1, 𝑡2) ∈ Tree𝑛 × Tree𝑛 satisfying:
(1) I(𝑡1) = I(𝑡2): both trees share the same in-order traversal;
(2) L(𝑡1) = L𝑐 (𝑡2): the 2-labelings are bitwise complements.

The complement condition implies that children are distributed com-

plementarily between the two trees: if a node has a left child in 𝑡1, it

has no left child in 𝑡2 (likewise for right children).

Two algorithms make this correspondence constructive. Following

Yao et al., we denote the two trees as 𝜏+ and 𝜏− :
MFTB (Mosaic Floorplan → Twin Binary Trees). Given a mosaic

floorplan, each block’s upper-right corner T-junction determines its

parent in 𝜏+, and its lower-left corner T-junction determines its parent

in 𝜏− . From the parent relationships, the two trees can be constructed

in 𝑂 (𝑛) time.

TBMF (Twin Binary Trees→ Mosaic Floorplan). Given (𝜏+, 𝜏−) and
block sizes (𝑤𝑖 , ℎ𝑖 ), the TBMF algorithm constructs horizontal and

vertical constraint graphs 𝐺𝐻 , 𝐺𝑉 from the augmented twin binary

trees. Each internal boundary of the mosaic becomes a vertex, and each
block becomes a directed edge connecting its two opposing bound-

aries, weighted by the block’s dimension. Boundary coordinates are

computed via longest-path on these DAGs. Specifically, for a vertex 𝑣

with incoming edges 𝑒 = (𝑣 ′ → 𝑣) of weight𝑤𝑒 ,

𝑥𝑣 = max

𝑒 = (𝑣′→𝑣) ∈𝐺𝐻

(𝑥𝑣′ +𝑤𝑒 ), (3)

𝑦𝑣 = max

𝑒 = (𝑣′→𝑣) ∈𝐺𝑉

(𝑦𝑣′ +𝑤𝑒 ) . (4)

The constraint graphs are constructed in 𝑂 (𝑛) time and guarantee

that no two blocks overlap.

3 Methodology
3.1 Overview
Given overlapping macro positions from an analytical placer, our

framework produces a legal floorplan that preserves both the positions

and topology of the original solution (Fig. 2). We require the analytical

placer to run on padded macro dimensions that are aware of minimum

spacing. We first apply uniform shrinking to the padded dimensions,

producing a compact layout suitable for mosaic construction. This

layout is partitioned into a mosaic floorplan of macro blocks and filler

blocks. The MFTB algorithm then encodes the mosaic floorplan into

twin binary trees, fixing the topology. Finally, with the topology fixed,

we iteratively optimize macro positions to minimize ℓ2 displacement.
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Figure 2: End-to-end pipeline of our legalization framework, illustrated on bp_fe_top (nangate45). Preprocessing (done once) constructs the mosaic floorplan

and extracts twin binary trees; iterative optimization minimizes ℓ2 displacement via differentiable TBMF.

The forward model is derived from the TBMF algorithm. The first few

stages run once as preprocessing; only the last stage iterates.

3.2 Preparation
3.2.1 Macro Padding. We pad macro dimensions before running the

analytical placer so that minimum spacing is incorporated into the

resulting floorplan. Following AutoDMP [1], we add a uniform halo to

eachmacro in the LEF description. The halo enforcesminimum spacing

between macros, allowing the analytical floorplan to capture spacing-

aware spatial relations. For designs whose macros differ greatly in size,

the analytical placer’s density field may poorly resolve overlaps among

the smallest macros. We address this by applying per-type inflation

to these macros, keeping the maximum pairwise overlap ratio below

a controlled threshold. This conditioning helps ensure a reasonable

shrink ratio during subsequent uniform shrinking. The resultingmacro

blocks are comparable in size to the filler blocks, preventing fillers

from dominating the constraint graph and keeping constraint chains

manageable.

3.2.2 Uniform Shrinking. To prepare an input suitable for mosaic

construction, we uniformly shrink all macro dimensions while keeping

each macro’s center fixed:

𝑤 ′𝑖 = 𝑠 ·𝑤𝑖 , ℎ′𝑖 = 𝑠 · ℎ𝑖 , c′𝑖 = c𝑖 , (5)

where𝑤𝑖 , ℎ𝑖 are the padded dimensions and the optimal scale factor

𝑠∗ ∈ (0, 1] is the largest 𝑠 such that no pair of scaled macros overlaps.

We find 𝑠∗ via binary search in𝑂 (𝑛2 log(1/𝜖)) time. Macro orientations

can be determined by the analytical placer (e.g., by modeling each

macro as more than one charge), so orientation is not a legalization

concern. Thus, we preserve the orientations from the analytical placer.

3.3 Mosaic Construction
Taking the compact layout from uniform shrinking as input, we con-

struct a mosaic floorplan. We provide two variants: an incremental

mosaic builder and a simplified slicing tree partitioner.

3.3.1 Incremental Mosaic Builder. Inspired by the corner-stitch data

structure [18], the mosaic builder (Algorithm 1) starts with the entire

chip area as a single filler block and inserts macros one by one. Each

split extends only one pair of opposite edges, so the cuts do not form a

full cross, creating T-junctions at the macro corners and ensuring the

property required by MFTB. The pair to extend is chosen dynamically

based on the cumulative partition span in each dimension, yielding a

more balanced structure for subsequent optimization. Once all macros

are inserted, adjacent fillers sharing a full edge are merged to reduce

the total block count.

Algorithm 1 Incremental Mosaic Builder

Input: Shrunk macros {𝑚1, . . . ,𝑚𝑛}, chip area 𝑅

Output: Mosaic blocks {𝑏1, . . . , 𝑏𝑁 } (macros + fillers)

1: R ← {𝑅} ⊲ Initialize with single filler
2: for each macro𝑚𝑖 do
3: R′ ← ∅
4: for each rectangle 𝑟 ∈ R do
5: if 𝑟 does not overlap𝑚𝑖 then
6: R′ ← R′ ∪ {𝑟 }
7: else
8: 𝑒 ← one pair of opposite edges of𝑚𝑖

9: Extend 𝑒 to the boundary of 𝑟

10: Cut 𝑟 along 𝑒 and the edges of𝑚𝑖

11: R′ ← R′ ∪ {resulting pieces}
12: R ← R′
13: Merge adjacent fillers sharing full edges

14: return R

3.3.2 Slicing Tree as Simplified Alternative. For designs with simpler

macro configurations, a slicing tree partitioner can replace the incre-

mental mosaic builder. The slicing tree generates a slicing floorplan, a
proper subset of mosaic floorplans. In our experiments, ariane133/136

in the OpenROAD flow uses the slicing tree partitioner, while all other

benchmarks use the incremental mosaic builder.

3.4 MFTB: Mosaic to Twin Binary Trees
With the mosaic floorplan constructed, we encode its topology into

twin binary trees (𝜏+, 𝜏−) using the MFTB algorithm. Yao et al. de-

scribe a bottom-up construction that locates each block’s parent via

E
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Figure 3: MFTB example: (a) a mosaic floorplan with six blocks; (b) the corre-

sponding twin binary trees (𝜏+, 𝜏− ) .
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its corner T-junctions [21]; we instead implement an equivalent top-

down recursion that descends from the root, identifying each block’s

children.

𝜏+ construction. The root is the block at the upper-right (UR) corner
of the mosaic floorplan. For each block 𝑏, the left child is the block to

the left of 𝑏 whose top edge aligns with 𝑏’s top edge; the right child is

the block below 𝑏 whose right edge aligns with 𝑏’s right edge.

𝜏− construction. The root is the block at the lower-left (LL) corner.

For each block 𝑏, the left child is the block above 𝑏 whose left edge

aligns with 𝑏’s left edge; the right child is the block to the right of 𝑏

whose bottom edge aligns with 𝑏’s bottom edge.

The recursion terminates when no matching neighbor exists, pro-

ducing a leaf node (Fig. 3). The resulting trees are then held fixed

throughout the subsequent optimization.

3.5 TBMF as a Differentiable Forward Model
The previous stages capture the topology of the analytical floorplan

as twin binary trees. We now feed these trees, together with the block

sizes, into the TBMF algorithm to produce a legal floorplan. Since

macro sizes are fixed by the design, filler sizes are the only remaining

degrees of freedom. Adjusting them moves macros toward their ana-

lytical positions while leaving the topology intact, so both properties

of the analytical floorplan carry over to the legal one. We first de-

scribe the reconstruction and prove that it guarantees overlap freedom

and topological invariance, then show how to optimize filler sizes via

gradient descent to minimize macro displacement.

3.5.1 From Twin Binary Trees to Mosaic Floorplan. As described in

Section 2.2, TBMF derives constraint graphs𝐺𝐻 and𝐺𝑉 and computes

block coordinates via longest-path. We now detail the construction.

The twin binary trees are first augmented by adding a virtual leaf

for each missing child (Definition 1; Fig. 4). Each augmented leaf

represents a boundary of its parent block: in 𝜏+, a left leaf represents
the top boundary and a right leaf represents the right boundary; in 𝜏− ,
a left leaf represents the left boundary and a right leaf represents the

bottom boundary. These boundaries become vertices in the constraint

graphs𝐺𝐻 and𝐺𝑉 . Each block is sandwiched between two boundaries,

forming a directed edge weighted by the block’s width (in 𝐺𝐻 ) or

height (in 𝐺𝑉 ). Summing edge weights along a path yields boundary

coordinates (Eqs. 3–4), which in turn determine block coordinates.
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Figure 4: TBMF construction for the six-block example of Fig. 3.

3.5.2 Structural Guarantees. We now show the overlap freedom and

topological invariance of the reconstruction.

Theorem 1 (Non-Overlapping Guarantee). For a pair of twin bi-
nary trees (𝜏+, 𝜏−) and any block size vector s ≥ 0, the TBMF-reconstructed
floorplan contains no overlapping blocks.

Proof. TBMF provides a one-to-one mapping from twin binary

trees to mosaic floorplans (Theorem 2.1.15 of [21]). We refer readers

to [21] for the full proof. A mosaic floorplan is by definition a partition

into non-overlapping rectangles. □

Theorem 2 (Topological Invariance). For a pair of twin binary
trees (𝜏+, 𝜏−) and any block size vector s ≥ 0, the relative positions of
blocks in the TBMF-reconstructed floorplan are invariant. That is, the
relative spatial relations among blocks do not depend on s.

Proof. The directed ancestor set of an augmented leaf 𝑘 in tree 𝑡 ,

denoted 𝐷 (𝑘, 𝑡), consists of all nodes from which 𝑘 can be reached by

consecutive same-direction branches. By the properties of directed

ancestor sets [21], for each augmented leaf 𝑘 , 𝐷 (𝑘, 𝜏+∗) and 𝐷 (𝑘, 𝜏−∗)
identify the blocks on either side of the boundary that 𝑘 represents.

Since𝐷 (𝑘, 𝜏+∗) and𝐷 (𝑘, 𝜏−∗) are determined entirely by the tree struc-

ture of (𝜏+, 𝜏−), they are independent of s. The blocks on each side

of every boundary are therefore fixed for all s ≥ 0, and the relative

spatial relations among all blocks are invariant. Completeness follows

from Theorem 2.1.15 of [21]. □

Theorem 2 is the formal basis of our quality preservation claim.

The filler blocks represent inter-macro regions—typically occupied

by standard-cell clusters in the analytical floorplan. Optimizing filler

sizes changes where macros sit but not their relative positions.

3.5.3 Displacement Optimization. Under these guarantees, we restore
macro sizes to their real dimensions (original dimensions plus the

spacing halo) and optimize filler sizes to minimize displacement from

the original analytical floorplan. A key observation is that once the

block ordering is determined by the constraint graphs, the remaining

coordinate computation consists only of additions and max opera-

tions. This computation is piecewise linear in filler sizes and therefore

differentiable almost everywhere, so the longest-path computation

of TBMF serves as a forward model for gradient-based optimization.

During backpropagation, each max node passes the gradient to the

predecessor on the current longest path, analogous to how a ReLU

gate routes gradients.

We minimize the total ℓ2 displacement of macro centers:

L(f) =
𝑛∑︁
𝑖=1



ctbmf

𝑖 (f) − cinit𝑖




2
, (6)

where f = {(𝑤 𝑓 , ℎ𝑓 )}𝑓 ∈𝐹 are the filler block sizes (the only optimiza-

tion variables), ctbmf

𝑖 is the macro center computed by TBMF, and cinit𝑖

is the original analytical center.

4 Experiments
To evaluate our quality-preserving legalization framework, we design

experiments to answer the following questions:

RQ1 (Topology Preservation): Does preserving the topology during

displacement minimization yield more consistent post-route PPA?

RQ2 (End-to-End Competitiveness): Does our legalization enable ana-

lytical floorplanning to compete with state-of-the-art macro placement

approaches?

RQ3 (Design Choices): How does each stage of our pipeline contribute

to the final quality, and does the optimization converge stably?

RQ4 (Efficiency): How do the legalization runtime and the end-to-end

pipeline runtime scale with design complexity?
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Table 1: Legalization comparison on 8 OpenROAD nangate45 designs. All three methods legalize the same RePlAce output. LP requires enlarged die on 6 of 8

designs (overhead shown in Die+ column). Disp = ℓ2 displacement; WNS = worst negative slack; TNS = total negative slack; rWL = routed wirelength. “N/A”:

downstream flow failed. Best values in bold.

Die+ Mean/Max Disp (𝜇m) WNS (ns) TNS (ns) rWL (M𝜇m) Power (mW)
Design #M (LP) Ours Greedy LP Ours Greedy LP Ours Greedy LP Ours Greedy LP Ours Greedy LP

ariane133 132 +44% 85/288 65/203 217/374 −0.20 −0.32 −0.21 −142 −238 −77 5.83 5.77 5.74 384 383 381
ariane136 136 +42% 101/246 115/370 225/477 0 0 0 0 0 0 6.64 6.56 6.46 311 307 307
black_parrot 24 +12% 22/56 27/113 32/76 −0.45 N/A −0.19 −0.5 N/A −0.2 7.78 N/A 8.13 200 N/A 201

bp_be_top 10 +4% 22/41 54/154 21/36 0 0 0 0 0 0 2.08 2.05 2.09 75.7 75.0 75.6

bp_fe_top 11 0% 11/27 31/145 12/31 0 0 0 0 0 0 1.41 1.40 1.45 56.7 56.6 56.8

bp_multi_top 26 +29% 42/87 58/199 73/117 −2.06 −1.85 −2.01 −2.1 −1.9 −2.0 3.50 3.64 4.02 203 204 207

swerv_wrapper 28 +25% 14/26 9/145 8/27 0 0 −0.11 0 0 −2.5 3.88 3.76 4.79 411 408 426

tinyRocket 2 0% 3/5 3/5 9/17 0 0 0 0 0 0 0.60 0.59 0.59 186 186 187

Table 2: End-to-end macro placement comparison on 8 OpenROAD nangate45 designs. Best values in bold.

WNS (ns) TNS (ns) rWL (M𝜇m) Power (mW)
Benchmark #M Ours Hier-RTLMP Triton Ours Hier-RTLMP Triton Ours Hier-RTLMP Triton Ours Hier-RTLMP Triton

ariane133 132 −0.20 −0.49 −0.25 −141.7 −609.2 −184.4 5.83 6.82 6.40 384 389 386

black_parrot 24 −0.45 −0.81 −0.67 −0.45 −0.81 −0.67 7.78 8.22 8.07 200 206 200
bp_be_top 10 0 0 0 0 0 0 2.08 2.29 2.34 75.7 76.5 75.3
bp_fe_top 11 0 0 0 0 0 0 1.41 1.34 1.49 56.7 55.1 55.8

bp_multi_top 26 −2.06 −1.81 −1.94 −2.06 −16.78 −1.94 3.50 3.86 4.01 203 205 206

swerv_wrapper 28 0 −0.08 0 0 −1.90 0 3.88 3.99 3.75 411 392 396

tinyRocket 2 0 0 0 0 0 0 0.60 0.61 0.61 186 186 185
ariane136 136 0 0 0 0 0 0 6.64 7.04 6.75 311 303 305

Table 3: End-to-end macro placement comparison (Cadence Innovus). NanGate45 baselines from TILOS [6] (Innovus 21.10); Ours and CMP
†
run on Innovus 21.19.

ariane133
∗
has 133 macros, distinct from the 132-macro OpenROAD version. Best values in bold.

ariane133∗ NG45 (1.3 ns) bp_quad NG45 (1.3 ns) ariane133∗ ASAP7 (0.9 ns) bp_quad ASAP7 (0.85 ns)
Method WNS TNS rWL Pwr WNS TNS rWL Pwr WNS TNS rWL Pwr WNS TNS rWL Pwr

Ours −100 −75.8 4.41 831 −221 −1228 26.4 4488 −12 −0.8 0.93 505 −113 −792 7.00 1544

CMP
† −167 −143 3.97 811 −204 −964 23.8 4444 −12 −0.7 0.93 505 −116 −632 6.01 1526

CMP −154 −197 4.06 852 −144 −356 23.1 4429 −124 −146 0.84 504 −111 −240 6.10 1529

SA −126 −117 3.98 827 −230 −3013 28.9 4512 −124 −141 0.89 503 −120 −425 7.27 1547

CT_AC −88 −52 5.00 836 −230 −1487 33.2 4569 −108 −105 1.01 505 −201 −1449 8.88 1569

CT_Scratch −140 −119 4.65 832 −205 −1203 47.8 4822 −142 −184 1.03 505 −226 −2044 11.4 1609

Human −88 −47 4.68 832 −97 −322 25.9 4470 −104 −82 1.18 508 −89 −357 6.52 1536

Figure 5: Post-route layouts of bp_quad (NanGate45, 1.3 ns clock) for each macro placement method.

4.1 Experimental Setup
Benchmarks and Flows. For reproducibility, our primary evaluation

uses OpenROAD [2] v2.0 (Yosys, RePlAce [5], OpenDP, TritonCTS, Fas-

tRoute/TritonRoute, OpenSTA) on all 8 macro-containing nangate45

designs in the OpenROAD flow. To demonstrate flow independence,

we evaluate ariane133 (133 macros) and bp_quad (220 macros) on a

commercial Cadence flow (Genus 21.18 iSpatial + Innovus 21.19); these

are the two TILOS MacroPlacement designs [6] with both RTL and

published baselines available. To further demonstrate technology in-

dependence, the Cadence evaluation is performed on both nangate45

and ASAP7.

Baselines. For the legalization comparison (RQ1), we evaluate our

method against Greedy and LP. Greedy resolves overlaps by pro-

cessing macros sequentially, shifting each to the nearest overlap-free

position. LP adopts the constraint-graph formulation [7, 19] and mini-

mizes total displacement by linear programming.

For the end-to-end comparison (RQ2), we evaluate our pipeline (Re-

PlAce + our legalization) against several established macro placement

methods. On the OpenROAD flow, we compare withHier-RTLMP [9]

and TritonMP, both are based on simulated annealing (SA). On the

Cadence flow, we compare with CMP (Cadence’s Concurrent Macro

Placer), Circuit Training (CT [6, 16]; CT_Scratch and CT_AC), SA,
and Human expert, all obtained from the TILOS repository [6].

4.2 Topology Preservation Matters (RQ1)
To answer RQ1, we fix the analytical floorplan from RePlAce and vary

only the legalization method. Table 1 reports the post-route PPA of all

three methods on 8 OpenROAD nangate45 designs.

Greedy sequentially minimizes per-macro displacement, ignoring

the analytical floorplan’s topology. Although it often achieves low

mean displacement (e.g., 65 𝜇m on ariane133), its scanning order can

push individual macros far from their original positions, yielding high

maximum displacement (e.g., 145 𝜇mon swerv_wrapper vs. our 26 𝜇m).

On black_parrot, the displaced macros cause the downstream flow to

fail entirely (Table 1, “N/A”). More importantly, the disrupted topology

degrades downstream timing: on ariane133, the largest timing-critical
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design, Greedy has the worst WNS (−0.32 ns) despite the lowest mean

displacement.

LP largely preserves relative positions through explicit pairwise

constraints, achieving competitive WNS and TNS. However, the𝑂 (𝑛2)
constraint formulation over-specifies the problem: on six of eight

designs, LP requires die expansion of up to 44% to reach a feasible

solution. Its timing quality confirms the value of topology preservation,

but the die expansion cost limits its practical applicability.

Our method preserves topology and minimizes displacement si-

multaneously, with no die expansion. On ariane136, for example, we

achieve the lowest mean displacement (101 𝜇m) with zero timing vi-

olation. These results answer RQ1: a legalizer that preserves both

topology and macro positions yields consistent downstream PPA.

4.3 End-to-End Comparison (RQ2)
To answer RQ2, we assess whether analytical floorplanning, paired

with our legalization, can compete with established macro placement

approaches.

OpenROAD (nangate45). Table 2 compares our pipeline (RePlAce +

our legalization) against OpenROAD’s two SA-based macro placers:

Hier-RTLMP [9] (sequence-pair based) and TritonMP (B*-tree based).

Our pipeline achieves the best or tied-best WNS and TNS on 7 of 8

designs, and the best wirelength on 6 of 8 designs.

Cadence Innovus (nangate45 + ASAP7). Table 3 compares our pipeline

against a broader set of approaches on a commercial Cadence flow. We

run both our pipeline and CMP (marked CMP
†
) on Innovus 21.19; the

remaining baselines use TILOS’s Innovus 21.10 results [6]. Our pipeline

consistently achieves shorter wirelength than CT, and produces PPA

comparable to CMP.

4.4 Analysis of Design Choices (RQ3)
We note that MFTB/TBMF are theoretically grounded. Therefore, we

examine the remaining design choices below.

Input Preparation. Table 4 shows that: (1) macro padding makes the

analytical floorplan aware of minimum spacing, substantially reducing

displacement for both construction methods; (2) the mosaic builder

captures topology more accurately than the faster slicing tree builder

due to its greater expressiveness. Additionally, bp_quad ASAP7 in

Table 3 benefits from per-type inflation of excessively small macros,

increasing the shrink ratio from 0.14 to 0.77.

Optimization Convergence. Since macro coordinates are differentiable

with respect to filler sizes, gradient descent is a suitable optimization

technique. Tominimize the dependency on hyperparameter tuning, we

use the Adam optimizer [10]. As shown in Fig. 6, a single configuration

(learning rate 1.0, gradient clipping at 100, early stopping at 0.1%

relative improvement) converges smoothly across all 10 benchmarks.

In conclusion, input preparation is essential for topology quality,

and gradient descent is a natural fit and converges well.

4.5 Runtime and Scalability (RQ4)
Fig. 7 compares runtime across both flows. On OpenROAD (a), our

legalization completes in 1–59 s, dominated by gradient descent; the

structural stages finish in under 1 s. Greedy is surprisingly slow on

Table 4: Effect of construction method and macro padding. Mean, Max, Med =

ℓ2 displacement (𝜇m); Viol = boundary violations.

Configuration (ariane133) Mean Max Med. Viol.

Slicing tree builder 78.6 311.9 58.2 11

Slicing tree builder + macro padding 66.7 269.2 47.4 11

Mosaic builder 76.8 179.9 77.1 16

Mosaic builder + macro padding 12.7 80.9 10.2 5

0 25 50 75 100 125 150 175
Iteration

0.0

0.2

0.4

0.6

0.8

1.0

No
rm

al
ize

d 
Di

sp
la

ce
m

en
t ASAP7_ariane133

bp_be_top
tinyRocket
ASAP7_bp_quad
bp_fe_top
NG45_bp_quad

0 50 100 150 200 250 300 350
Iteration

0.0

0.2

0.4

0.6

0.8

1.0 NG45_ariane133
bp_multi_top
swerv_wrapper
black_parrot
ariane133
ariane136

Figure 6: Normalized displacement convergence across 10 designs. Designs
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large designs (600–900 s) because of its exhaustive scanning. LP com-

pletes under 0.2 s, but it requires die expansion. On end-to-end Open-

ROAD (b), our pipeline is 63–74× faster than TritonMP on ariane133/136.

On the Cadence flow (c), our pipeline completes in 1–12 minutes on a

single CPU, comparable to CMP (3–28 minutes on 8 CPUs). SA requires

10–12 hours on 80 CPUs, and CT requires 36–64 hours on 8 GPUs and

576 CPUs [6].

These results answer RQ4: our method is computationally practical,

completing legalization in seconds and the full pipeline in minutes on

a single CPU. Each iteration runs in 𝑂 (𝑛) time, and gradient descent

can be further accelerated with GPU support.

5 Conclusion
In this paper, we present a new legalization framework that simul-

taneously minimizes macro displacements and preserves topology

from a given analytical floorplan. We encode the floorplan as twin

binary trees, so that block coordinates are piecewise linear functions

of filler sizes. The optimization problem thus becomes differentiable,

and no overlaps arise between blocks throughout the process. Our

experiments on industrial benchmarks confirm that the PPA results of

our method are comparable to those produced by commercial tools.

Our method can be adapted to other tasks in VLSI physical design,

such as layout optimization with a generative model or RL agent. We

leave these directions for our future work.
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