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Abstract—Quantum circuit compilation is a multi-stage process
that translates a high-level quantum circuit representation into
a sequence of quantum gates that can be directly executed by a
quantum machine. One of the core steps in quantum compilation
is mapping, a procedure that transforms a quantum circuit into a
semantically equivalent circuit while inserting additional gates to
comply with the architectural constraints of the underlying quan-
tum hardware. Current mapping techniques exhibit significant
performance degradation—in terms of circuit depth and gate
count—when applied to large-scale circuits containing hundreds
of thousands of gates or more. In this work, we propose a
novel methodology to enhance quantum compiler capabilities
by adapting general principles from classical Electronic Design
Automation. We model the quantum hardware as being composed
of standard cells, onto which portions of the circuit are mapped
using a floorplanning-based technique. This contrasts with cur-
rent state-of-the-art solutions, which perform mapping at the gate
level without considering any form of hierarchical abstraction.
We use the ChaCha20 stream cipher as a running example to
validate and explain our strategy. We evaluate our methodology
using two well-known, industrial-grade quantum compilers: IBM
Qiskit and Quantinuum TKET. Compared to these compilers,
our approach achieves an average circuit depth reduction of
59.78% and 68.85%, respectively, and a gate count reduction of
4.07% and 6.20%, respectively. These results are obtained across
a large set of randomly generated quantum circuit descriptions
in the range of millions of gates, with varying input and output
connectivity for each block in the circuit.

Index Terms—Quantum compilation, mapping, electronic de-
sign automation, floorplanning.

I. INTRODUCTION

Quantum computing has attracted growing interest from
both academic and industrial communities due to its potential
to solve problems that are otherwise intractable for classical
computers. Recent advancements in hardware manufacturing
[1] and error correction [2], [3] have significantly accelerated
progress toward realizing fault-tolerant quantum machines
with computation accuracy comparable to modern classical
hardware. However, designing quantum algorithms still re-
quires working at the level of individual qubits, applying one
quantum gate at a time. This lack of high-level programming
abstractions and standardization—from intermediate repre-
sentations to classical hardware interfaces—remains a major
obstacle to scaling quantum systems to a utility level, where
they can effectively solve real-world problem instances [4]. A
major bottleneck in the quantum computing pipeline lies in the

Floorplanning

Alessandro Barenghi Gerardo Pelosi
Politecnico di Milano-DEIB  Politecnico di Milano-DEIB
Milano, Italy Milano, Italy
alessandro.barenghi @polimi.it ~ gerardo.pelosi @polimi.it

middleware software stack. Quantum algorithms—typically
expressed as high-level circuits—cannot be executed directly
on hardware, as each quantum architecture imposes unique
constraints that must be addressed during compilation. A
compiler—whether classical or quantum—is a software tool
that takes a high-level program as input and produces a
semantically equivalent version optimized for execution on a
specific hardware platform. One of the most critical steps in
quantum compilation is mapping, which ensures that a quan-
tum algorithm adheres to the physical connectivity constraints
of the target hardware.

Even though the mapping step is essential across differ-
ent quantum technologies—such as spin qubits [5], trapped
ions [6], and neutral atoms [7]—the specific methods used to
implement it can vary slightly depending on the platform [&].
In this work, the focus is on the mapping step for supercon-
ducting hardware [9]. In superconducting Quantum Processing
Units (QPUs), physical qubits are typically arranged on a
two-dimensional planar surface and connected in structured
topologies. To execute a quantum circuit, its virtual qubits
must first be mapped onto the physical qubits. Each interaction
between virtual qubits in the circuit must also occur between
two directly connected physical qubits. Since this connectiv-
ity constraint is often not satisfied by the initial mapping,
the qubit assignment must be dynamically adjusted during
algorithm execution—typically by inserting additional SWAP
gates—which leads to a corresponding degradation in overall
performance. It has been shown that the quantum mapping
problem is NP-complete [10], implying that finding an optimal
mapping cannot be achieved efficiently in polynomial time.

Related Works. A wide range of approaches has been de-
veloped to tackle the quantum mapping problem. Due to
its combinatorial nature, most of these methods rely on
suboptimal techniques that aim to balance solution quality
and computational performance. Some of the most notable
works include modeling the mapping as a temporal planning
problem [I1], or relying on greedy heuristics guided by
dedicated cost functions, such as the A* algorithm [12] and the
SABRE algorithm [13]. Other strategies use token swapping
in combination with approximate subgraph isomorphism [4]
or Dijkstra-style search [!5]. Alternative formulations use
Quadratic Unconstrained Binary Optimization (QUBO) for-



mulation [16], or Satisfiability Modulo Theory (SMT) [17].
Additionally, learning-based methods such as reinforcement
learning [18] and Al-assisted techniques [19] have also been
explored. Notably, all these works address the mapping prob-
lem at the level of individual gates, without considering any
higher-level gate abstractions in the circuit.

This work. Inspired by Electronic Design Automation (EDA)
tools—which can manage billions of transistors in chiplet
design through the use of multiple abstractions and simpli-
fications—we investigate how similar techniques and best
practices can be adapted to quantum circuit mapping. In the
following, we adopt a higher-level perspective by employing
block-level mapping, where the circuit is represented as a set
of interconnected blocks, each larger than an individual gate.
We employ a standard cell partitioning of the QPU, assigning
to each block a target architecture with the same connectivity
as the QPU. Each block is then compiled independently for
its target architecture using existing state-of-the-art quantum
compilers such as IBM Qiskit and Quantinuum TKET. Finally,
all compiled blocks are mapped onto the QPU using a strategy
inspired by floorplanning in classical chip design, which de-
termines the placement of the blocks in a way that minimizes
the overall depth of the final circuit.

Contribution. We propose a scalable and modular approach
to quantum circuit mapping, which can be seamlessly inte-
grated into existing quantum compiler toolchains with mini-
mal computational overhead, while outperforming traditional
monolithic compilation methods. Our method introduces the
concepts of standard cells and floorplanning, widely adopted
in EDA, for quantum circuit mapping, demonstrating how
these classical design techniques can enhance current map-
ping strategies. To validate our approach, we compile the
ChaCha20 stream cipher onto a grid-based layout suitable
for superconducting quantum technologies. We benchmark our
floorplanning-based mapping strategy on randomly generated
circuits containing up to tens of millions of gates, comparing
it against IBM Qiskit and Quantinuum TKET compilers. Our
method achieves a circuit depth reduction of 59.19% and a
gate count reduction of 4.11% compared to the results obtained
using only the IBM Qiskit compilation stack. When compared
to TKET, our approach yields a 67.96% reduction in circuit
depth and a 6.25% reduction in gate count.

II. BACKGROUND

In this section, we present the key stages of quantum circuit
compilation. We then define the floorplanning in classical EDA
and how it can be adapted to quantum circuit mapping.

A. Quantum circuit compilation

A quantum algorithm is typically described using a circuit-
level formalism, where virtual qubits are depicted as wires and
computation is carried out by applying sequences of quantum
gates. This representation abstracts away the complexity of
executing the algorithm on actual quantum hardware, as it
does not account for factors such as the specific gate set
supported by the device or its physical qubit connectivity.
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Fig. 1: From left: a quantum circuit where ¢; identifies a virtual
qubit; in the center, a 4-qubit coupling graph representing the
physical QPU connectivity; on the right, the compiled circuit,
where a SWAP gate is inserted between qubits g2 and g3 to
enable the execution of the final CNOT gate.
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Indeed, before executing a quantum algorithm on a QPU,
the circuit must undergo several transformations. While some
compilation steps—such as gate decomposition—can be per-
formed in a hardware-agnostic manner and are therefore
common across different quantum architectures, our discussion
of lower-level, machine-dependent steps focuses specifically
on superconducting quantum architectures. In superconducting
QPUs, physical qubits—typically implemented using Joseph-
son junctions—are placed on a two-dimensional surface and
interact via resonators. These qubits are often arranged in reg-
ular patterns, such as lattices, hexagonal grids, or rectangular
grids [20]. The topology of a QPU is typically represented by a
coupling graph, where nodes correspond to physical qubits and
edges indicate physical connections between them as shown
in Fig.1.

Since a quantum circuit can employ gates of arbitrary
complexity, the first stage of compilation is gate decomposi-
tion, where all abstract or unsupported gates are decomposed
into a set of native quantum gates supported by the target
hardware. These native gates typically belong to a universal
gate set—which can approximate any unitary operation to
arbitrary precision—such as the Clifford+T gate set [21].
Once decomposition is complete, the compilation process
proceeds to circuit mapping, which involeves of two key steps:
qubit assignment and qubit routing. In qubit assignment, each
virtual qubit is mapped to a physical qubit on the QPU.
This mapping can follow several strategies, ranging from
simple indexing—assigning qubits based on their order in the
circuit and on the hardware—to more compelx approaches that
take into account circuit interactions and hardware topology.
For instance, qubits that frequently interact in the circuit
should ideally be assigned to physically adjacent qubits on
the QPU to minimize routing overhead [22]. In the routing
stage, two-qubit gates must be executed between physically
connected qubits on the QPU. However, due to hardware
connectivity constraints, the initial assignment often does not
ensure that all interacting qubits are directly connected, except
in architectures with all-to-all connectivity. To satisfy these
connectivity constraints, SWAP gates—which exchange the
quantum states of two qubits—are inserted to bring interacting
qubits closer together. An example comparing the input circuit
and the compiled circuit is shown in Fig. 1.

Finding an optimal mapping—i.e., minimizing the num-
ber of SWAP gates while keeping circuit depth as low as



possible—is an NP-complete problem [10], making optimal
solutions impractical for circuits with more than a hundred
qubits and gates. Indeed, non-optimal mapping strategies sig-
nificantly increase the post-compilation overhead, which in
turn adversely affects the compiled circuit performance in
terms of execution time and fidelity. As quantum circuits
scale to millions of qubits and gates, new challenges and
optimization opportunities arise; addressing these scalability
issues is the primary focus of this work.

B. Quantum circuit mapping

A quantum program, or algorithm, in this work, the terms
quantum algorithm, program, and circuit are used interchange-
ably, is typically described using a circuit-level formalism.
In this formalism, virtual qubits are represented as wires,
and computation is performed through the application of
quantum single- and two-qubit gates (such as X, H, S, or
CNOT), or more complex multi-controlled gates that involve
groups of qubits. Although gates of arbitrary complexity
can be expressed using a universal set of quantum gates,
with an acceptable approximation error, such as the uni-
versal Clifford+T gate set [21], the circuit representation
abstracts away the complexity of executing the program on
actual quantum hardware. This abstraction is similar to how
high-level programming languages abstract away low-level
assembly instructions. Indeed, before execution on a quantum
processing unit (QPU), a quantum program must undergo
several transformations. While we focus on superconducting
quantum architectures, the methodologies discussed here can
be applied to other quantum computing architectures as well.
In a superconducting QPU, physical qubits—typically im-
plemented using Josephson junctions—are placed on a two-
dimensional surface and interact through resonators. Qubits are
often arranged in regular patterns, such as lattices, hexagonal
grids, or rectangular grids. The QPU topology is represented
through the coupling graph, where nodes represent physical
qubits and edges represent physical connections. The first stage
of compilation is gate decomposition, where all abstract or
unsupported gates in the circuit are decomposed into a set
of native quantum gates supported by the target hardware.
Different quantum hardware platforms may have different
native gate sets. Once gate decomposition is complete, the
compilation process proceeds to circuit mapping, which con-
sists of two key steps: qubit Assignment and qubit Routing. In
qubit assignment, each virtual qubit in the circuit is mapped to
a physical qubit on the QPU. This assignment can be done in
several ways, ranging from simple indexing (assigning qubits
based on their order in the circuit and on the hardware) to more
sophisticated strategies that consider circuit interactions or
hardware topology. For example, qubits that frequently interact
in the circuit should ideally be mapped to physically adjacent
qubits on the QPU to minimize routing overhead [22]. The
initial assignment significantly impacts the efficiency of the
subsequent routing stage. After assignment, the process moves
to qubit routing. In this stage, two-qubit operations must be
executed between physically connected qubits on the QPU.
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Fig. 2: Temporal floorplanning solution with four modules of
varying height, width, and duration. The three-dimensional
placement determines both the allocation of blocks on the
chip area and the execution schedule: while modules 1,2,3
can be scheduled concurrently, module 4 must execute only
after module 3 has completed.
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However, due to hardware connectivity constraints, the initial
assignment often does not ensure that all interacting qubits
are directly connected, except in architectures with all-to-all
connectivity. To satisfy these connectivity constraints, SWAP
gates—which exchange the quantum states of two qubits—are
inserted to bring interacting qubits closer together. An example
with the input circuit and the compiled one is shown in Fig.1.
Finding an optimal mapping, i.e., minimizing the number of
SWAP gates while keeping circuit depth as low as possible,
is an NP-complete problem [10]. As demonstrated in various
studies, finding an exact solution is impractical for circuits
with more than a few dozen qubits and gates. A non-optimal
mapping strategy significantly increases the post-compilation
overhead, as inserting additional gates directly increases both
the gate count and circuit depth. This, in turn, negatively
impacts the compiled circuit performance in terms of execution
time and fidelity. As quantum circuits scale to hundreds of
thousand (and more) qubits and gates, new challenges and
optimization opportunities emerge, addressing these scalability
issues is the primary focus of this work.

C. Floorplanning

In EDA, floorplanning is a fundamental step in hierarchical
physical design that determines the placement of functional
units—such as arithmetic units, memory blocks, and inter-
connects—on a silicon die. Typically, these units are mod-
eled as geometric shapes with predefined aspect ratios, most
commonly as rectangles [23]. Given a limited-area die, which
can be modeled by a coordinate set, and a set of modules
M = {mq,...,m,}, where each module m; has width w;
and height h;, and each module is allowed to rotate freely,
the goal is to minimize the total area used for placing all
the modules i.e., min(d> ., (x; +w;) x (y; + h;)), where
(z;,y;) represents the coordinates of the bottom-left corner



of the rectangle. During placement, additional objective func-
tions can be considered, such as minimizing the wirelength
of interconnections between modules. It is well established
that floorplanning can be formulated as a rectangle packing
problem, which is known to be NP-complete [24].

To solve it efficiently, several algorithmic techniques and
dedicated data structures have been developed. These ap-
proaches allow for effective exploration of the search space
while ensuring good solution quality. Some widely adopted
representations include the sequence pair representation [24],
polish expression, and B*-tree [25]. These representations
capture the geometric relationships between modules, such as
whether a module m; is to the left or right of another module
m,, and they enable efficient exploration of the solution space,
as modifications to their structure typically incur low memory
and time complexity. The objective function models cost met-
rics such as area and wirelength, while constraints enforce ge-
ometric and dimensional restrictions, such as non-overlapping
conditions. These cost functions are typically embedded in
heuristic approaches—such as genetic algorithms [26], simu-
lated annealing [27], ant colony optimization [28], and rein-
forcement learning [29]—to refine placement solutions. Other
methods can apply mathematical programming techniques,
such as mixed-integer linear programming (ILP) [30].

Of particular interest for our scope is the so-called 3D or
temporal floorplanning [31]. This model extends traditional
floorplanning by introducing a temporal dimension, making
it suitable for dynamic synthesis scenarios, such as those
encountered in Field-Programmable Gate Arrays (FPGAs).
FPGAs can be reprogrammed at runtime, allowing the same
physical location to host different logic modules at different
stages of execution. In this model, circuit units are represented
as three-dimensional parallelepipeds, where the additional
dimension encodes their active execution interval ¢;, i.e., their
duration. The placement must ensure that the scheduling of
modules respects data dependencies. For example, if a module
m; depends on the output of module m;, then m; must be
scheduled after m ;. An illustration of temporal floorplanning
solution is provided in Fig. 2. If the data flow of an application
is known in advance, this information can be integrated into
the floorplanning solver to further optimize both placement
and scheduling. In our work, we extend this temporal floor-
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III. FLOORPLANNING BASED MAPPING

In this section, we clarify our definitions of logic blocks
and standard cells in the context of quantum circuits. We then
present our floorplanning based mapping algorithm, using the
quantum implementation of the ChaCha20 stream cipher as a
demonstrative case study.

A. Modular Standard Cell architecture

processing stage of our algorithm, clarifying our definitions
of logic blocks and standard cells. We then present our
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Fig. 3: A generic quantum circuit U with an input register
|in) and output register |our), each of size 2, along with an
ancillary register of size 12. On the left, the standard cell
approximation of the target architecture is shown using a 2 x 2
standard cell (highlighted by a dotted line).

floorplanning-mapping algorithm along with its pseudocode.
Finally, we illustrate the key concepts of our approach us-
ing the quantum implementation of the (widely deployed)
ChaCha20 stream cipher as a relevant use case of a circuit
composed by clear arithmetic sub-block decomposition.

B. Logic Block and Standard cells

A quantum program —like a classical one— can be viewed
at different levels of abstraction. From a high-level perspective,
it can be represented through its call graph, where each
node corresponds to a function and each edge represents a
caller-callee relationship. Alternatively, it can be analyzed via
its control flow graph (CFG), where each node represents a
basic block, which is a sequence of instructions with a single
entry and a single exit point, while edges represent control
flow transitions between blocks, determined by conditional
and unconditional branches in the program; CFG are widely
used in compiler optimization and static analysis. A similar
hierarchy of abstraction exists also in classical hardware
design. For example, a digital circuit can be described at
the Register Transfer Level (RTL) or using more compact
representations such as logic modules (e.g., adders and mul-
tipliers). In this work, we adopt a similar abstraction to the
concept of logic blocks used in hardware design, such as in
FPGA architectures, where a logic block corresponds to a
high-level function, such as an adder between two quantum
registers, and has connector pins for input and output signals.
In our approach, logic blocks are the nodes forming the
Data Dependency Graph (DDG). The edges represent the
input-output relationship between the blocks. The DDG is
inherently directed and acyclic. A logic block thus represents
the atomic unit of computation in our algorithm. Once the
blocks are derived, we can determine the number of physical
qubits they will occupy on the QPU during execution For
this section and the remainder of this work, we assume a
QPU with a lattice (grid) topology consisting of r rows and
¢ columns. Each physical qubit has up to four connections
with its neighbors—except for edge qubits, which have three,
and corner qubits, which have two. This assumption closely
reflects real quantum hardware topologies, such as Google



Willow architecture, and is well-suited for integrating error
correction codes [3]. We approximate the qubit usage of each
block using a set of standard cells. A standard cell represents
the minimum hardware qubit allocation required for a specific
function, and its granularity can vary—from a single qubit to
the entire QPU, a similar concept have been used for neutral
atoms quantum architectures [32]. For clarity, we assume that
a single standard cell consists of four qubits arranged in a
square lattice. However, the shape and aspect ratio of the
standard cell are tunable parameters in our algorithm, allowing
flexibility in mapping strategies. Naturally, the standard cell
topology is constrained by the underlying QPU architecture.
For each logic block, we allocate a sufficient number of
standard cells to ensure that enough qubits are available to
accommodate the entire block. This may result in unused pre-
allocated qubits if the number of qubits required by the logic
block is smaller than the total number of qubits provided
by the standard cells composing it. This arises from the
fact that standard cells are atomic and must be allocated in
discrete multiples. For this work, we assume that each block
is mapped using standard cells with a balanced rectangular
aspect ratio between width and height. An example of standard
cell approximation is depicted in Fig. 3. Once the required
standard cells are allocated, we can reserve qubits for specific
functions, such as the inputs, outputs, or ancillary qubits that
are released after the block completion. To keep track of
the function assigned to each qubit, they are allocated to
a block and numbered in a row-wise fashion, starting from
the bottom-left corner. We conclude the preprocessing phase
by compiling each block independently, a process that can
be executed in parallel with the other blocks. Any existing
quantum compiler can be used for this task, compiling the
block using its standard cell approximation as the physical
architecture to target. In this work, we consider
quantum algorithms in the form of circuits. Since memory
elements are not present in this type of representation—and
the feasibility of Quantum Random-Access Memory (QRAM)
remains an open question—these circuits can, without loss of
generality, be regarded as combinatorial networks. In classical
EDA, combinatorial networks can be interpreted at various
levels of abstraction. For instance, they can be described using
a netlist, where each logic port is explicitly represented, or
through more compact structural representations with func-
tional modules (e.g., adders or multipliers). In our approach,
we adopt a structural, block-level description, where blocks are
defined as groups of gates within the input quantum circuit.
From this representation, we derive the Data Dependency
Graph (DDG), where nodes correspond to logic blocks and
edges represent the input-output dependencies between them.
The DDG is inherently a Directed Acyclic Graph (DAG). We
do not focus here on how blocks are derived—such as via
quantum circuit partitioning techniques—but instead adopt a
high-level abstraction inspired by classical hardware design. In
this view, a logic block may correspond to a specific function,
such as an adder operating on two quantum registers.

For this section and throughout the remainder of this work,

we assume a QPU model based on a lattice topology with
r rows and ¢ columns. Each physical qubit is connected to
up to four neighboring qubits, except for edge qubits, which
have at most three connections, and corner qubits, which have
at most two. This architecture closely mirrors the topology of
real quantum hardware, such as Google Willow processor, and
is particularly well-suited for the integration of quantum error
correction codes [3].

Once the logic blocks are derived, we assign to each a target
architecture defined through a standard cell approximation. A
standard cell represents the minimal physical qubit allocation
on the QPU. Similar concepts have already been explored
for neutral atom quantum architectures [32]. In our approach,
both the shape and aspect ratio of the standard cell are tun-
able parameters, providing flexibility in the mapping strategy.
Naturally, the topology of the standard cell is constrained by
the underlying QPU architecture. To this end, we consider a
standard cell composed of four qubits arranged in a 2 X 2
square lattice, an example of which is shown in Fig. 3. This
may result in unused, pre-allocated qubits when the number
of qubits required by a logic block is smaller than the total
number of qubits provided by the standard cells composing it.
This stems from the fact that standard cells are atomic units
and must be allocated in discrete multiples. However, having
more qubits than strictly necessary can also be beneficial for
block internal routing [33]. We assume that each block is
mapped using standard cells with a balanced rectangular aspect
ratio between width and height. An example of a standard cell
approximation is shown in Fig. 3. Additionally, qubits can be
reserved for specific roles, such as inputs, outputs, or ancillary
qubits that are released once the execution of the block is
complete.

We conclude the preprocessing phase by compiling each
block independently, a process that can be executed in parallel
across all blocks. Any existing quantum compiler can be
employed for this task, using the standard cell approximation
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C. Floorplanning Mapping algorithm

Once each logic block is compiled, we proceed to schedule
the execution of all blocks. We define a layer as a group of
blocks that can be executed concurrently—that is, they do not
share any data dependency path in the DDG. Any scheduling
policy can be adopted; here, we employ an As Soon As Possible
(ASAP) scheduler to partition the entire circuit into layers. The
execution time of each block is associated with the depth of its
compiled circuit. Each layer then defines the set of blocks to
be mapped onto the QPU through floorplanning. To ensure
that data dependencies between blocks are respected, each
qubit storing the output of a block must be connected to the
qubits where a dependent block (i.e., a successor node in the
DDG) expects its inputs. To achieve this, we employ a series of
SWAP gates—referred to as SWAP chains—to connect output
and input qubits in a process known as data routing. Data
routing is performed after each layer has been placed to ensure



that output values are correctly positioned for the subsequent
layer. Our algorithm is designed to minimize the impact on
the circuit depth introduced by the data routing.

The goal is to map each block in the layers onto the QPU
while respecting data dependencies between blocks. Each
qubit storing the output of a block must be connected to the
qubits where a dependent block (a descendant node in the
DDG) expects its inputs. To achieve this, we use SWAP gate
chains to connect input-output qubits, a process we refer to as
data routing. Data routing must be performed after a layer
has been placed to ensure that output values are correctly
positioned for the subsequent layers. Since the routing step
introduces overhead in the final compiled circuit, our algorithm
aims to minimize the length of the SWAP gate chains and
their impact on the overall circuit depth. We discuss the
ideas behind the main procedures, referring to the pseudocode
shown in Alg. 1.

The full circuit is processed sequentially, starting from the
first layer, by the main procedure FORWARDMAPPING. This
procedure takes as input details about the QPU topology O,
including the number of qubits, its width, and height, along
with the stack of layers £. Each layer is a set of logic block
objects, denoted as I; = {bp,...,b,}. Each block object
contains attributes describing its dimensions, accessible via
width(b;) and height(b;). Additionally, each block specifies
the locations of the qubits where it expects its inputs and where
it computes its output values. We refer to the placement of
a block b; using the tuple (b;, (xo,yo), W), where (Zo,Yo)
represents the coordinates of a physical qubit of the QPU
where the bottom-left qubit of the block is mapped. The
QPU is indexed starting from the bottom-left qubit, which
has coordinates (0,0). We refer to (z,,y,) as the origin
coordinate, and W is a set of coordinate paths. Each path
connects a qubit storing one of the output values of the block
to a qubit where the corresponding input of its descendant
block is mapped. We also use a supporting list data structure,
bk, which contains the set of coordinates of quibts that cannot
be chosen for assignment in the layer [;. This is necessary
because some qubits retain values across multiple layers. For
example, consider a block that writes its output value to qubit
g; in layer ly, and its value is later used by a descendant in
layer [;. In this case, g; remains unavailable for all blocks
in the intermediate layers {l,...,l;_1}. ======= The full
circuit is processed sequentially, starting from the first layer, by
the main procedure FORWARDMAPPING, whose pseudocode
and main supporting procedures are presented in Alg. 1. Each
layer is a set of logic blocks b;, each characterized by its
height height(b), width width(b), and the location of its input
and output qubits on the target architecture. We denote a
layer as I; = {bg,...,b,}, and maintain the list of layers
in a FIFO stack £. We represent the placement of a block
with the tuple (b;, (x,, yo), W), where (z,,¥,) indicates the
coordinates of the physical qubit on the QPU corresponding to
the bottom-left qubit of the block. We refer to this as the origin
coordinate. The component W represents a set of coordinate

paths used for SWAP chains associated with the block. The
QPU grid is indexed starting from the bottom-left qubit,
which has coordinates (0,0). Since with ASAP scheduling
some qubits may retain values across multiple layers—thus
becoming blocked coordinates for a given layer [,—we keep
track of these using a supporting data structure denoted as bk.

bk can be efficiently determined using live-variable analysis,
given the schedule of the blocks.

We initialize the mapping for the first layer using a ded-
icated strategy, implemented by the function INITMAPPING.
Our approach follows a compact placement policy, commonly
employed in floorplanning applications, where blocks are
placed in descending order of height, starting from the bottom-
left qubit of the QPU and proceeding in a row-wise manner.
If a row—whose height is determined by the first block
placed—cannot accommodate additional blocks, the placement
continues on the next row above. The complexity of the initial
mapping procedure is O(n), where n denotes the number of
blocks in the first layer.

The blocks within a layer are processed in order of de-
creasing constraint, where constraint is defined as the number
of descendant relations—equivalently, the out-degree of the
block in the DDG—and are mapped using the procedure
PLACEBLOCK. To minimize the length of the SWAP chains,
we use the concept of the geometric centroid, computed by
the procedure COMPUTECENTROID. For discrete points on
a 2D surface, the centroid is defined as the average of all
point coordinates: (zc,yc) = (£ 31" @y, = > " | y;), where
the summation is taken over the coordinates of the qubits
to which the outputs of the predecessor blocks are mapped.
The resulting coordinates (.., y.) correspond to the geometric
center of the block to be placed, ensuring that we identify
a location that minimizes the cumulative path lengths from
the block input qubits to the outputs of its predecessors. The
origin coordinates for the placement are then computed as:
(To,Yo) = (e — width(b)/2,y. — height(b)/2).

ISVALIDPOSITION checks whether the (z,,y,) is a valid
mapping for the block. This involves three main checks. The
first check ensures that the origin coordinates of b reside
within the QPU borders, ie., (0 < z, A z, + width(b) <
width(Q)) A (0 < yo A yo + height(b) < height(Q)). The
second check ensures that the current block does not overlap
with any other block in the same layer. Specifically, given the
origin coordinates (x,, y,) of a previously placed block b, the
condition is: (z, + width(b) < z, V x, > x, + width(by)) V
(Yo + height(db) < yp V yo > yp + height(by)). Finally,
the third check ensures that the block does not overlap with
blocked coordinates: —((z, < Zpp < T + width(b)) A (yo <
Yok < Yo + height(b))). We need to perform n(n — 1)/2
overlap checks between already placed blocks in the same
layer, resulting in an overall complexity of O(n?).

If (x,,y,) results in an invalid position, we employ a
greedy strategy that explores neighboring positions around
the initially computed centroid. The procedure GREEDYPO-
SITIONSEARCH, whose pseudocode is reported in Alg. 2, be-



Algorithm 1: Floorplanning Mapping

Algorithm 2: Greedy-Search for valid positions

// map the full quantum circuit
1 Procedure FORWARDMAPPING
Input: £: layers stack ;={bo,...,bn}
Q: QPU topology information
Output: P: sequence of placement (b, (zo,yo), W), where b
is a block, (o, yo) are origin qubit coordinates, and
W is a set of paths connecting the outputs to
descendant blocks w; = {{(z0,y0),.--, (Tn,yn)}}
Data: bk: stack of sets of blocked coordinates for each layer
bk; = {(x()v yO)v SRR <CIZ7“ yn>}

l < dequeue(L) // first layer of the circuit
P <+ INITMAPPING(L, Q)
while (top(L) # L) do
l « dequeue(L)
bk <+ dequeue(bk) // blocked coordinate
foreach b € [ do
(b, (o, Yo), W) < PLACEBLOCK(b, Q, P, bk)
P PUb, (zo,Yo), W)
10 return P // all blocks placed
// find the best placement for a block
11 Procedure PLACEBLOCK
Input: b: current block to place

(- U I N RN

Q, P, bk
Output: (b, (xo,yo), W): block placement
12 A < FINDANCESTORS(b, P) // coordinates set of
ancestors outputs
13 (e, ye) < COMPUTECENTROID(A)

14 (To,Yo)  (xe — width(b)/2,y. — height(b)/2)
15 if IISVALIDPOSITION(b, (Zo, Yo ), P, bk, Q) then

16 C < GREEDYPOSITIONSEARCH(b, (z¢, Yc), Q)

17 foreach (z.,y.) € C do

18 (o, Yo) < (e — width(b)/2,y. — height(b)/2)
19 if ISVALIDPOSITION(b, (o, Yo), P, bk, Q) then
20 break

21 W <« COMPUTECONNECTION(b, (o, Yo), A)

22 return (b, (zo,Yo), W)
// check 1if the position of the block is wvalid
23 Procedure ISVALIDPOSITION
Input: b, (z,,yo): current block to place
Q, P, bk
Output: 1: if the position of the block is valid, otherwise 0

// placement inside QPU
2 if 1((0 < 2o A o + width(b) < width(Q)) A (0 <
Yo A Yo + height(b) < height(Q))) then

25 return 0
// overlap with current layer blocks
26 pb <~ SAMELAYERPLACED(b, P)
27 foreach (by, (xp,yp), Wp) € bp do
28 if !((zo + width(b) < xp V o > xp + width(byp)) V
(Yo + height(b) < yp V yo > yp + height(by))) then

29 return 0
// overlap with blocked coordinates
30 foreach (zpy, ypr) € bk do

31 if (zo < zp < 2o + width(b)) A (Yo < ypr <
Yo + height(b)) then

32 return 0

33 return 1

gins by examining candidate positions along a circumference
centered at (., y.), incrementing the exploration radius by 1
at each iteration. The radius is computed using the Manhattan
distance, which, for two points (z1,y1) and (z2,y2) on
a 2D surface, is defined as:d = |zo — z1| + |y2 — v1]4.
The Manhattan distance restricts movement to horizontal and
vertical directions, aligning better with hardware constraints.
This avoids selecting positions far from the centroid that

// search for new positions by incrementally
expanding the Manhattan radius
1 Procedure GREEDYPOSITIONSEARCH
Input: b: current block to place
(¢, ye): coordinates of the centroid
Q: QPU topology infomation
Output: C: new set of coordinatea for the centroid
Tmaz—maz(width(Q)—x.—width(b)/2, x.—width(b)/2)
Ymazmaz(height(Q)—yc—height(b)/2, y.—height(b)/2)
r < max(Tmaz,Ymaz) // maximum search radius
foreach d; € (—r,7+1) do
dy+ <1 —|dg| // Manhattan distance
d,— + —(r — |dz|)
C+CuU {<mc+d7:7 yc+dy+>7 <mc+dm7 yc+dy— >}
8 return C

N U R W

Fig. 4: Example of a compiled circuit with layer-based con-
struction. The output circuit alternates between block layers
(BL), and data-routing layers (RL).

would result in a high cumulative SWAP chain length. In the
worst-case, the algorithm may need to evaluate all possible
available positions on the QPU, yielding a complexity of
O(width(Q) x height(Q)).

Once a valid position for a block is found, we compute
all the SWAP chains using the COMPUTECONNECTION pro-
cedure. To find the shortest chains, we use the Manhattan
path between each pair of output-input qubits, which can
be computed in constant time, as it only requires coordinate
differences. It is possible that a SWAP chain may pass through
blocked qubits for that layer or through qubits where other out-
put values are stored. If any of these constraints are violated,
we sanitize the chain by swapping the qubits back to their
original positions. Since we need to compute a SWAP chain
for each block in the layer, the complexity of the procedure
is O(n). The final compiled circuit alternates between block
layers and data routing layers whose example is shown in
Fig. 4.

We derive the bounds on the complexity of our
floorplanning-mapping algorithm. Let [NV be the total number
of blocks, [ the number of layers, and n the maximum number
of blocks in a layer. In the best-case scenario, the circuit
is fully sequential—i.e., each layer contains only one logic
block—so N = [. In this case, we perform one validity check
and one data routing step per layer. Therefore, the lower-
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Fig. 5: Circuit diagram of the ChaCha20 quarterround func-
tion, where ADD (H), XOR (&), and SHIFT (<n) modules
are highlighted in green, red, and yellow, respectively. The
computation flows from left to right.

bound complexity is 2(N) + Q(NV). Conversely, in the worst-
case scenario, the circuit is fully parallelizable, consisting of
a single layer with IV blocks. In this case, we need to perform
N? validity checks (one for each pair of blocks) but no data
routing. Thus, the upper-bound complexity is O(N?). In the
average case, assuming the blocks are uniformly distributed
across the layers, we need to perform n? validity checks for
each of the [ layers and compute n input-output connections
per layer. This results in an average-case complexity of
O(nN) + O(nl).

D. ChaCha20 mapping

We demonstrate our strategy on ChaCha20 cryptographic
algorithm [34]. ChaCha20 processes a 512-bit input block,
generating an output keystream while operating on 32-bit
words. Its core operation, the gquarterround function, is re-
peated for a fixed number of rounds, depending on the desired
security level (20 rounds in the original implementation). The
quarterround function, whose circuit is reported in Fig. 5,con-
sists of four iterations of modular addition (H), bitwise XOR
(), and cyclic left shifts (<n) by 16, 12, 8, and 7 bits. For
the quantum version of the quarterround function, we refer to
the implementation proposed in [35].

In our example, we map the first round of ChaCha20,
which consists of four parallel applications of the quarterround
circuit, requiring a total of 16 registers of 32 qubits each. The
mapping is executed on a 38 x 38-qubit QPU with lattice
topology. The target architecture for the input registers is
a 6 x 6 lattice layout, the same configuration is used for
the SHIFT block. Meanwhile, the ADD and XOR blocks are
mapped using 8 x 8 layout. Operations are scheduled using an
ASAP policy, resulting in 13 layers (12 block layers plus one
input layer). The QPU occupancy of each layer is shown in
Fig. 6, where we display the placement of each block, along
with blocked qubits represented as black dots.

In the first layer, the input blocks are mapped in a compact
row-wise arrangement. In the second layer, four ADD blocks
are placed as close as possible to their respective input blocks
from the first layer, following the placement strategy described
in Algorithm 1. The qubits blocked in this layer correspond
to input values that will be reused in later layers—specifically
for the XOR operation in the third layer, the second ADD in
the fifth layer, and the second XOR in the sixth layer—as

illustrated in Fig. 5. All subsequent layers are mapped using
the same heuristic placement strategy, which aims to minimize
the cumulative SWAP chain length required to connect block
outputs to the inputs of their dependent blocks.

IV. EXPERIMENTAL EVALUATION

performance of our floorplanning mapping procedure. To
evaluate the effectiveness of our algorithm at different scales,
we generate test cases by progressively increasing the number
of logic blocks in the program. To avoid biasing performance
toward specific circuit structures, we create logic blocks with
randomly selected 2-qubit gate interactions while varying both
the depth and the number of qubits. One-qubit gates are
not of particular interest, as they do not require routing and
can always be applied directly. Beyond the internal structure
of the logic modules—compiled using the selected mapping
algorithm—we primarily focus on the data dependencies be-
tween blocks. To this end, we generate random data DDGs,
varying key characteristics such as the average out-degree of
the nodes. All tests are conducted on a QPU with a 40 x 40
lattice topology, consisting of 1600 qubits. For each block, we
assign a layout with a width-to-height ratio as close to 1:1 as
possible, build one standard cells with a 4 x 4 ratio, ensuring
that each logic block has sufficient qubits to store its input
and output, along with a random number of ancillary qubits.
We assign randomly the indexes of qubits to store the blocks
inputs and outputs. All code is implemented using Python
3.10.13, and experiments were conducted on a MacBook Pro
with a Quad-Core Intel Core i5 @ 2.3 GHz and 8 GB of
RAM, running macOS 14.6.1. To evaluate the effectiveness
of our method, we benchmark it against two of the most
recognized industry-grade quantum compilers: IBM Qiskit and
Quantinuum TKET. Specifically, we used Qiskit version 1.3.2,
with the SabreLayout as the initial mapping and the SabreSwap
routing algorithm. For TKET, we used PyTKET version 1.40.0
with the LexiLabellingMethod and LexiRouteRoutingMethod.

We report the experimental results in Fig. 7. For the compar-
ison, we first compile the circuits as a monolithic block using
the two selected quantum compilers, referred to as SABRE
and TKET in the figure. We then split up the circuit into
blocks, compile them independently with the said compilers,
and use our floorplanning algorithm to obtain their final map
onto the QPU. These are labeled as SABRE+Floorplanning
and TKET+Floorplanning in the figure. In the first-row graphs
of Fig. 7, we report the circuit depth and gate count of the
original circuit alongside the four compilation strategies. All
values are plotted as a function of the number of logic blocks
in the circuit. Intuitively, a higher number of logic blocks in the
DDG increases circuit complexity—specifically, the number
of gates and depth—and inter-block data dependencies. The
number of block connections, represented by the average out-
degree of the DDG, ranges from 2 for circuits with 10 blocks
to 5 for circuits with 100 blocks. We observe that, for both
depth and gate count, our floorplanning algorithm used in
conjunction with existing compilers results in a lower depth



Layer 1

M
LR
MR

Layer 6

Layer 11

Layer 12

Layer 13

Fig. 6: Mapping of the first round of the ChaCha20 stream cipher onto a 38 x 38 qubit QPU with lattice topology. The input
qubit registers (blue layout) and SHIFT operations (yellow layout) are arranged in 6 X 6 qubit blocks, while ADD (green layout)
and XOR (red layout) operations are mapped onto 8 x 8 qubit blocks. Execution proceeds using ASAP scheduling, with each
layer displayed in increasing order of execution. Each block is labeled from 1 to 4, corresponding to the quarterround function
to which it belongs in the first round. Qubits blocked for each layer are indicated as black dots on the QPU. For clarity, SWAP

chains used for data routing are not shown.

and gate overhead in the final circuit. For the depth, the
different shapes of the curves for SABRE and TKET depend
on how well their heuristic approaches handle the selection
of the SWAP operations to insert during qubit routing. For
SABRE+Floorplanning and TKET+Floorplanning, we observe
a similar shape up to constant scaling in depth, meaning
that our algorithm found the same mapping, but the internal
structure of the blocks has different depths. This is reflected
in the TKET curve, which shows a higher depth value than
the SABRE curve. Similar considerations can be drawn also
for the gate count figure of merit. In the second-row graphs
of Fig. 7, we report the depth increment and the gate count
increment as a percentage relative to the depth and gate count
of the original circuit. In this case, the values are reported
as a function of the product of the depth and gate count of
the original circuit. In particular, we measure that SABRE
introduces an average depth increase of 854.29% compared
to the baseline, while TKET increases depth on average by
1324.38%. With our floorplanning approach, the average depth
increase is reduced to 283.86% for SABRE+Floorplanning
and 343.74% for TKET+Floorplanning. For the total gate

count, the overheads are more uniform, with an av-
erage increase of 117.41% for SABRE, 159.42% for
TKET, 108.57% for SABRE+Floorplanning, and 143.33%
for TKET+Floorplanning. This means that our floorplanning
algorithm, when used with the SABRE compiler, reduced the
depth of the final circuit by 59.19% and the gate count of
4.11%compared to using SABRE alone, and by 67.96% and
of 6.25% when used with TKET compared to using TKET
alone. This demonstrates how our method, by leveraging
knowledge of the data dependencies while abstracting away
the internal structure of the blocks, effectively reduces the
post-compilation overhead.

Furthermore, our methodology introduces only a negligible
compilation time overhead. In the experiments considered, our
floorplanning-based mapping has an average runtime of 0.072
s, compared to 3.72 s required for full circuit compilation with
SABRE and 165.21 s with TKET. Additionally, our approach
enables independent and parallel compilation of each logic
block, this allows us to allocate more compilation time to
aggressively optimize individual modules and mapping them
on the QPU using our algorithm. Finally, unlike other works
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Fig. 7: Top row: circuit depth and gate count for the original circuit, the outputs of IBM Qiskit and Quantinuum TKET
compilers, and their combinations with our floorplanning algorithm. All values are shown as a function of the number of
logic blocks in the original circuit. Bottom row: percentage overhead in depth and gate count introduced by each compilation
strategy, relative to the original circuit. These are plotted as a function of the original circuit gate count x depth.

on qubit allocation and routing algorithms, our solution can
be seamlessly integrated into existing compilation toolchains.
This offers a significant advantage, as it improves performance
without requiring major changes to the current tools. =======
To evaluate the performance of our algorithm, we generate test
cases by progressively increasing the number of blocks in the
program. To avoid biasing the performance toward specific
circuit structures, each block is constructed using randomly
selected two-qubit gate interactions, with variations in both
circuit depth and qubit count. Single-qubit gates are not of
primary interest, as they do not require routing and can always
be applied directly. Beyond the internal structure of each
block, we primarily focus on their data dependencies. To this
end, we generate random DDGs, varying key characteristics
such as the average out-degree of the nodes. All experiments
are conducted on a QPU featuring a 40 x 40 lattice topology.
For each block, we assign a layout composed of 4 x 4 standard
cells, with a width-to-height ratio as close to 1:1 as possible.
The qubit indices used to store the block inputs and outputs
are assigned randomly on the target architecture.

All code is implemented in Python 3.10.13 and executed
on a MacBook Pro equipped with a quad-core Intel Core
i5@ 2.3GHz processor and 8GB of RAM, running macOS
14.6.1. We benchmark our solution against two industry-

grade quantum compilers: IBM Qiskit and Quantinuum TKET.
Specifically, we use Qiskit version 1.3.2 with the SabreLayout
for initial qubit mapping and the SabreSwap algorithm for
routing. For TKET, we employ PyTKET version 1.40.0 using
the LexiLabellingMethod and LexiRouteRoutingMethod. Our
benchmarking results are presented in Fig. 7.

For the comparison, we first compile the circuits as a
monolithic block using the two selected quantum compil-
ers, referred to as SABRE and TKET. We then compile
each block independently with the same compilers, followed
by mapping using our floorplanning algorithm, denoted as
SABRE+Floorplanning and TKET+ Floorplanning. In the first-
row graphs of Fig. 7, we report the circuit depth and gate
count of the original circuit alongside the four compilation
strategies, as a function of the number of blocks in the
circuit. The average out-degree of DDGs ranges from 2 to 5.
Intuitively, increasing the number of logic blocks in the DDG
increase the circuit complexity—specifically, its gate count,
depth, and inter-block data dependencies. We observe that, for
both depth and gate count, our floorplanning-enhanced com-
pilation results in reduced overhead compared to the baseline
compilers. The differing shapes of the depth and gate count
curves for SABRE and TKET are attributable to how each
compiler heuristic manages the routing of intra-block opera-



tions. For SABRE+Floorplanning and TKET+Floorplanning,
we observe similar trends up to a constant scaling factor in
both depth and gate count, indicating that our algorithm find
equivalent mappings across compilers.

In the second-row graphs of Fig. 7, we report both the
depth and gate count increase as a percentage relative to
the original circuit, plotted as a function of the product
of depth and gate count of the original circuit. SABRE
introduces an average depth increase of 854.29% over the
baseline, while TKET results in an even higher average
increase of 1324.38%. When incorporating our floorplan-
ning approach, the average depth increase is significantly
reduced to 283.86% for SABRE+Floorplanning and 343.74%
for TKET+Floorplanning. For total gate count, the overheads
are more comparable: 117.41% for SABRE, 159.42% for
TKET, 108.57% for SABRE+Floorplanning, and 143.33% for
TKET+Floorplanning. This corresponds to a depth reduction
of 59.78% and a gate count reduction of 4.07% when using
floorplanning with SABRE, and a reduction of 68.85% in
depth and 6.20% in gate count when using it with TKET.
These results demonstrate that our floorplanning algorithm,
by leveraging data dependency information while abstracting
away the internal structure of each block, effectively reduces
post-compilation overhead in both circuit depth and gate count.

Furthermore, our approach introduces only a negligible
overhead in compilation time. In the considered experiments,
it has an average runtime of 0.072s, compared to 3.72s
for full circuit compilation with SABRE and 165.21s with
TKET. In addition, our method enables independent and
parallel compilation of each block, further reducing the to-
tal compilation time to that of the largest individual block.
Finally, our solution can be seamlessly integrated into ex-
isting compilation toolchains, as demonstrated by its com-
patibility with state-of-the-art compilers, without requiring

64cb7c444d66db1d91fbee3c7bf3f74cfc2f5al9

V. CONCLUDING REMARKS

In this work, we proposed a quantum compilation procedure
based on a modular standard-cell circuit construction com-
bined with a floorplanning mapping algorithm. Our approach
can be seamlessly integrated into existing quantum compiler
toolchains, such as IBM Qiskit and Quantinuum TKET, and
leads to a significant reduction in both circuit depth and gate
count in the final compiled quantum circuit. Additionally,
we provide experimental evidence that the improvements of
our algorithm increase as the circuit to compile grows in
terms of quantum gate depth and the number of qubits used.
In future developments, we aim to extend our algorithm to
support a broader range of QPU topologies and explore how
additional compile-time information can further enhance the
qubit mapping process.
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