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 A B S T R A C T

We have developed a new version of the high-performance Jülich universal quantum computer simulator 
(JUQCS-50) that leverages key features of the GH200 superchips as used in the JUPITER supercomputer, 
enabling simulations of a 50-qubit universal quantum computer for the first time. JUQCS-50 achieves this 
through three key innovations: (1) extending usable memory beyond GPU limits via high-bandwidth CPU–GPU 
interconnects and LPDDR5 memory; (2) adaptive data encoding to reduce memory footprint with acceptable 
trade-offs in precision and compute effort; and (3) an on-the-fly network traffic optimizer. These advances 
result in an 16.6-fold speedup over the previous 48-qubit record on the K computer.
. Introduction

Quantum computing promises transformative advances in cryp-
ography, materials science, quantum chemistry, and artificial intel-
igence [1]. However, current quantum hardware remains limited by 
oise, gate infidelity, and restricted circuit depth, making large-scale, 
eliable execution infeasible. As a result, simulation of quantum circuits 
n digital computers remains essential for algorithm development and 
enchmarking.
Simulation of quantum circuits on digital computers is computation-

lly demanding, as both memory usage and runtime scale exponentially 
ith the number of qubits [2]. Recent progress in high-performance 
uantum simulators has begun to mitigate these challenges by exploit-
ng massively parallel architectures. JUQCS-50 is a high-fidelity univer-
al quantum computer simulator that demonstrates near-linear scalabil-
ty in elapsed time with increasing qubit count, enabling simulations at 
nprecedented scale.
Leveraging the JUNIQ (Jülich Unified Infrastructure for Quantum 

omputing) platform and the JUPITER supercomputer, JUQCS-50 sup-
orts the simulation of quantum circuits with up to 50 qubits for the 
irst time. This capability enables accurate benchmarking of algorithms 
uch as the Variational Quantum Eigensolver (VQE) and the Quantum 
pproximate Optimization Algorithm (QAOA), well beyond the reliable 
perating regime of current quantum processors.
Although some quantum processors now exceed 50 qubits, current 

evices still suffer from substantial noise and limited gate fidelities, 
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E-mail address: v.mehta@fz-juelich.de (V. Mehta).

which severely restrict the reliable circuit size and depth. For exam-
ple, a simple 4-bit adder (depth 10) on an IQM chip achieves only 
a 70% to 80% success rate, and performance degrades rapidly for 
larger circuits (a 50-qubit adder requires 1001 gates and depth 101). 
Even recent breakthroughs, such as the demonstrations of surface-code 
quantum error correction below threshold [3], where increasing the 
code distance yields exponentially improved logical lifetimes, highlight 
that today’s hardware is only beginning to enter the regime where 
scalable fault-tolerant computation becomes feasible. In contrast, clas-
sical simulations of the same circuits produce numerically exact results, 
unaffected by hardware noise or decoherence. 

This work makes the following contributions:

• Demonstration of the first universal 50-qubit quantum computer 
simulation, using exascale capabilities.

• High-performance system design achieving efficient execution on 
16384 GH200 superchips using hybrid memory and optimized 
communication.

• Adaptive byte encoding combining low-precision arithmetic with 
FP64 to reduce memory footprint and improve performance.

• Comprehensive performance evaluation, including weak and
strong scaling studies using Hadamard circuits.

The remainder of this paper is organized as follows. The sec:problem 
briefly discusses the computational problem. Section 3 provides an 
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overview of the current state of the art in quantum computer simu-
lation techniques. Section 4 describes the methods and optimizations 
implemented in JUQCS-50 that enable simulations at the 50-qubit scale. 
Section 5 introduces the performance metrics used to evaluate JUQCS-
50, and Section 6 presents the corresponding performance results. In 
Section 7, we discuss an application of JUQCS-50 to adder circuits, 
including both the approach and results. Finally, Section 8 concludes 
the paper with a summary of the key findings and perspectives for 
future work.

2. Problem statement

A universal quantum computer [2] simulator requires storage for 
the full state vector (wave function) describing the state of the quantum 
computer [2]. Using the FP64 representation, storing the (complex-
valued) state vector for an 𝑁-qubit quantum computer requires 2𝑁+4

bytes of memory, 24 accounting for the number of bytes required to 
store an element of the state vector. For example, representing the state 
of a 𝑁 = 32 qubit quantum computer requires 64GiB of memory in 
FP64 precision.

A quantum program is a sequence of quantum gates [2], each 
of which modifies the state vector. In general, each gate affects all 
the elements of the state vector. Simulating a single-qubit quantum 
gate amounts to multiplying all 2𝑁∕2 disjoint pairs of state vector 
elements by a 2 × 2 matrix (corresponding to the quantum gate), the 
choice of pairs being determined by the particular qubit on which the 
quantum gate is applied. Similarly, simulating a two-qubit quantum 
gate amounts to multiplying all 2𝑁∕4 disjoint quadruples of state vector 
elements by a 4 × 4 matrix (corresponding to the quantum gate), the 
choice of quadruples being determined by the particular qubits on 
which the gate is applied. As all these matrix–vector multiplications 
involve disjoint elements only, these operations can be carried out in 
parallel. Depending on the qubit(s) addressed, the pairs (quadruples) of 
vector elements may be located very far apart in memory. For instance, 
for a single-qubit gate acting on one of the qubits 𝑘 = 0,… , 𝑁 − 1, the 
two indices of a pair differ by 2𝑘. This is a characteristic feature of 
a gate-based quantum computer simulator and is of prime importance 
when the state vector becomes so large that the memory storing all its 
elements has to be distributed over several processing entities–NVIDIA 
Grace Hopper GH200 superchips, in our case (see Section 4).

In the distributed-memory setting, it is convenient to use as the 
superchip index, the integer representation of as many of the high-order 
bits of the element address as needed [4]. Let 𝑁 ′ denote the number 
of qubits for which the state vector fits into the memory of one GH200 
superchip. Then the number of superchips 𝑛 required to simulate an 
𝑁 qubit quantum computer and the number of state vector elements 
𝐿 per superchip are given by 𝑛 = 2𝑁−𝑁 ′  and 𝐿 = 2𝑁 ′ , respectively. 
Performing a single-qubit gate on qubit with index 0 ≤ 𝑗 < 𝑁 ′, 
requires no exchange of data between superchips because each pair 
of amplitudes that need to be updated resides in the memory of the 
same superchip, and all pairs can be updated in parallel. The same 
holds for two-qubit gates involving qubits 0 ≤ 𝑗, 𝑘 < 𝑁 ′. These are the 
embarrassingly parallel cases: all superchips can perform the necessary 
calculations independently without any communication between the 
superchips. In contrast, for a single-qubit gate on qubit 𝑁 ′ ≤ 𝑗 < 𝑁
(or a two-qubit gate with its target qubit [2] index exceeding 𝑁 ′ − 1), 
superchips have to exchange data.

Focusing on the single-qubit case for simplicity, it follows that 
half of the state vector elements stored in each superchip need to be 
exchanged [4]. This redistribution of elements always involves pairs of 
superchips, the indices of these superchips depending on the qubit that 
is being considered. For two-qubit gates, three-quarters of the number 
of elements need to be transferred between pairs of superchips.

As an example, consider simulating a 𝑁 = 40 qubit quantum 
computer on the JUPITER supercomputer, requiring a total of 2 × 8 ×
240∕230 = 16 384GiB to store all state vector elements in FP64 precision. 
2 
Because of the inherent restriction to powers of two, characteristic of 
qubit systems, each GH200 GPU with 96GiB memory (see Fig.  1 for a 
diagram of a node) can hold the equivalent of 232 of these state vector 
elements (64GiB). This implies that with each single-qubit gate applied 
to a qubit with index 𝑗 > 31, 16384GiB of data traverses through the 
network fabric before the gate operation can actually be carried out. 
Even for the fastest communication networks that are available today, 
it is clear that as the number of qubits 𝑁 increases, the data exchange 
between superchips, when not performed efficiently, may become a 
very time-consuming and limiting part of the simulation. In summary,

1. Required memory and compute time increase exponentially with 
the number of qubits 𝑁 .

2. The number of floating point operations per gate is given by 𝑎2𝑁 , 
where 𝑎 is a factor that depends weakly on the kind of gate.

3. For all gates involving qubits with indices smaller than 𝑁 ′, there 
is no communication between superchips.

4. For a single-qubit gate on the qubit with index 𝑁 ′ ≤ 𝑗 <
𝑁 , all superchips have to perform a send–receive operation, 
exchanging 2𝑁 ′∕2 elements of the state vector.

5. For a two-qubit gate involving a target qubit with index in the 
interval [𝑁 ′, 𝑁), all pairs of superchips have to perform a send–
receive operation, exchanging 3 × 2𝑁 ′∕4 elements of the state 
vector

3. Current state of the art

As explained above, dealing with the exponential growth of com-
putational resources as the number of qubits increases is the main 
challenge of simulating quantum systems. Various techniques have 
been developed to address this challenge, each with its own strengths 
and weaknesses.

3.1. State vector simulation

Conceptually, state vector simulation is the most straightforward 
method, representing the full quantum state as a complex-valued vector 
of dimension 2𝑁 , where 𝑁 is the number of qubits.

This method allows for exact simulations but is resource-intensive. 
Examples are IBM Qiskit’s AerSimulator [5], Google Cirq [6], Eviden’s 
Qaptiva [7], and JUQCS [8,9]. Memory and processing constraints 
currently limit the applicability of the three former examples to prob-
lems of 30–41 qubits. JUQCS goes significantly beyond this: the largest 
universal quantum computer JUQCS has simulated thus far contained 
48 qubits [8].

Just like its predecessors [4,8,10], which have set multiple world 
records for simulating the largest universal quantum computers [11,
12], JUQCS-50 is designed with a strong emphasis on portability. It 
runs seamlessly across a wide spectrum of hardware platforms–from 
desktop PCs to high-end supercomputers with distributed and shared 
memory. This flexibility makes JUQCS-50 accessible to a broad user 
base, enabling both development and large-scale production runs in 
diverse computing environments. On CPU-based systems, only a For-
tran 2003-compatible compiler (e.g., Intel IFX, gfortran, nvfortran) and 
standard MPI support are required. To utilize NVIDIA GPUs, JUQCS-50 
additionally depends on CUDA-Fortran and CUDA-aware MPI, ensur-
ing efficient execution while maintaining ease of deployment across 
systems. Notably, the majority of JUQCS-50 software development 
was conducted on the JUWELS Booster system [13], utilizing NVIDIA 
A100 GPUs and AMD CPUs. This preceded the operational launch 
of JUPITER and underscores the feasibility of enablement work on 
previous-generation hardware.

JUQCS-50 is functionally portable across CPU-only and
GPU-accelerated systems (Fortran 2003 + MPI, with optional CUDA-
Fortran and CUDA-aware MPI). However, the performance results 
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Fig. 1. Overview of JUPITER’s quad GH200 node design with included technology and bandwidths. Each node contains four GH200 superchips, each comprising 
a tightly integrated pair of CPU (blue) and GPU (green); see Section 4. Each processor includes its main memory (LPDDR5 and HBM3, respectively); CPUs 
have individual cores shown. Purple blocks indicate network interfaces. Lines between node blocks indicate available connections, with respective bandwidths 
superimposed.
are hardware-specific, relying on GH200 features such as the high-
bandwidth NVLink-C2C CPU–GPU interconnect and unified use of GPU 
HBM and CPU LPDDR5 memory. The reported performance therefore 
reflects portability within GH200-like heterogeneous architectures with 
comparable bandwidth and memory hierarchies.

In general, to keep the elapsed time of universal quantum computer 
simulations within reasonable bounds, it is essential to have effective 
algorithms and hardware to handle the massive amount of data trans-
fers that result from distributing memory over many computational 
units.

JUQCS-50 addresses all these issues, facilitating the simulation of 
50 qubits on the imminent exascale computer JUPITER, deploying 
GH200 superchips. JUQCS-50 can exploit new powerful features of 
the superchips to enable the simulation of these qubits using 4096 
JUPITER nodes, with a significant reduction of the elapsed time to 
execute quantum circuits.

3.2. Tensor network simulation

Tensor networks are mathematical structures that can efficiently 
represent quantum states if entanglement is limited. This approach 
can significantly reduce memory usage for circuits with low-depth or 
limited connectivity. Instead of storing the entire state vector, tensor 
network methods break down computations into small, manageable 
parts. In practice, they are very useful for simulating shallow circuits 
with limited entanglement and tree-like circuit structures. One prime, 
typical example of this approach is the random quantum circuit sim-
ulator for the new generation of Sunway Supercomputers [14]. This 
simulator exploits the particular structure of the random quantum 
circuits used in Google’s quantum supremacy work [15] to construct 
a very efficient scheme to compute a small fraction of the exponen-
tially large number of amplitudes for systems containing up to 100 
qubits [14]. In contrast, JUQCS was used to compare the frequen-
cies of the states produced by the supremacy experiments with the 
exact simulation of several random quantum circuits employed in the 
experiments, up to 𝑁 = 43 qubits [15].

3.3. Circuit cutting/entanglement-removal approach

If the number of entangling gates is small, a circuit-cutting strat-
egy based on a Controlled-Z (CZ) gate decomposition enables the 
simulation of circuits with up to 64 qubits using modest computa-
tional resources [16]. In this approach, each CZ gate is replaced by a 
measurement-based decomposition, which removes entanglement and 
splits the original circuit into many independent subcircuits. These 
3 
smaller subcircuits can then be simulated separately, and their contri-
butions are recombined to recover the full result. This method is most 
effective for low-depth circuits with sparse CZ gates, since the number 
of subcircuits grows exponentially with the number of decomposed CZ 
gates. In contrast, JUQCS-50 performs a full state-vector simulation and 
relies on aggressive memory and communication optimizations rather 
than circuit decomposition. 

3.4. Dedicated simulation software for Shor’s algorithm

Shor’s algorithm for factoring integers is one of the most anticipated 
applications of quantum computing [1,2]. It also provides another in-
stance of dedicated simulation software executing a particular quantum 
algorithm for problem sizes that are out of reach for universal quantum 
computer simulators. The largest semiprime that has been factored by a 
universal quantum computer simulator (JUQCS) executing Shor’s origi-
nal algorithm is 65531. This simulation required simulating a 48-qubit 
universal quantum computer [8]. In contrast, with a completely differ-
ent, dedicated implementation of the same algorithm, employing GPUs 
and dedicated post-processing of the outcomes of the simulation [17], 
the largest semiprime that could be factored without exploiting prior 
knowledge of the solution is 549 755 813 701 = 712 321×771 781 [17]. As 
in the case of tensor network simulation, this illustrates once more that 
comparing simulators, highly tuned to specific problems, with universal 
quantum computer simulators, is a delicate issue.

3.5. Summary

Although specialized simulators can handle larger qubit counts for 
certain structured circuits, their efficiency depends on exploitable prop-
erties such as limited entanglement or algorithm-specific constraints. 
While alternative methods can outperform JUQCS for particular prob-
lems or restricted queries, they do not generalize to unrestricted uni-
versal quantum computation. JUQCS-50 instead supports full state 
vector evolution for arbitrary circuits, enabling general-purpose hard-
ware benchmarking, software verification, and algorithm development 
without assumptions on circuit structure.

As a simulator of a universal quantum computer, capable of exe-
cuting arbitrary quantum circuits composed of universal gates [2] (and 
beyond), JUQCS distinguishes itself through unmatched performance 
and the ability to handle a record number of qubits.



H. De Raedt et al. Future Generation Computer Systems 183 (2026) 108592 
4. Innovations realized

Consider simulating an 𝑁 = 50 qubit quantum computer in FP64 
precision on a GH200-based system such as JUPITER. Storing all the 
elements of the state vector requires 2×8×2𝑁∕240 = 214 = 16 384TiB of 
memory. In AI terminology, this quantum computer simulator can be 
viewed as a 250 − 1 ≈ 1024 trillion (not billion) parameter model (−1
because of the normalization of the state vector).

JUPITER1 has about 6000 nodes (24 000 superchips). Each of the 
superchips is equipped with 96GiB of HBM3 (device) and 120GiB 
of LPDDR5 (host) memory; 216GiB in total per GH200 superchip. 
Because the state vector size must be a power of two, the effective 
memory available for storing the state vector on a single GH200 
superchip is therefore limited to 128GiB. This memory is equally 
divided across the GPU and CPU. Memory for buffers (much less than 
96GiB−64GiB = 32GiB) is allocated on the GPU. Again, due to the 
powers-of-two restriction, the largest number of nodes that can actually 
be used for JUQCS is 4096 (16 384 superchips), yielding in total 
16 384×128GiB = 2048TiB, a factor of eight too small for simulating 
50 qubits. 

As previously demonstrated [8], the memory requirement can be 
reduced by a factor of eight by using a special form of adaptive byte 
encoding (see Section 4.3), representing each state vector element by 
2 bytes (2 × 8 bit) instead of 16 bytes (2 × 64 bit, for a complex num-
ber in FP64 precision). This compression reduces precision in general 
cases (though not in specific ones, such as the gate sequences used 
for benchmarking in this work) and increases computation time (see 
Section 4.3).

Employing this technique makes it possible to reach the 50-qubit 
barrier with a universal quantum computer simulator running on 
JUPITER. A key question, then, is how to let JUQCS-50 compute 
entirely on the GPU using also the LPDDR5 host memory in its GH200 
superchip efficiently within the GPU-based execution with minimal 
performance impacts.  To this end, we adopt a design in which the CPUs 
act solely as memory hosts, while all computation, including encoding 
and decoding as well as communication, is performed on the GPUs.

In conclusion, to push the boundaries of what can be simulated 
with state-of-the-art hardware such as JUPITER, it is necessary to 

1. maximize the utilization of available memory across 
GH200 superchips (in powers of two)

2. minimize the elapsed time spent on communication

In the following, we outline our unique solutions for these re-
quirements. As the software developed is proprietary, the internal 
algorithmic implementation is not publicly available. The software ver-
sion, parameters, and workflow applied in this study are documented 
to ensure reproducibility.

4.1. Intra-GH200 communication

The Grace Hopper superchip is a hardware-coherent
GPU-accelerated system where all processors can access all memory 
with high performance through the 900GB/s NVLink-C2C connection. 
The most productive approach to use the full memory is through the 
Unified Memory concept, in which applications interact with one large 
memory pool. The Operating System (OS; Linux) natively supports the 
GH200 superchip and views both the CPU and the GPU memory as 
separate NUMA (Non-Uniform Memory Access) nodes. It is thus possible 
to use native, OS-provided allocators and rely on the OS capabilities 
to utilize multiple NUMA nodes to create a single, large allocation 

1 In this work, JUPITER refers to the Booster module of the JUPITER super-
computer. A CPU-centric second module, JUPITER Cluster, will be deployed 
in the future.
4 
exceeding the size of the memory of a single NUMA node, usable from 
both the CPU and GPU parts of GH200. Of course, the CUDA allocation 
mechanism can also be used. Approximately sorted with increasing 
programming effort, the options to use GH200’s memories are:

1 Use malloc(), which does not require any code changes, and 
rely on OS and Unified Memory Driver heuristics for data place-
ment.

2 Use malloc(), which does not require any code changes, and 
guide data placement externally with numactl
-interleave.2

3 Use numa_alloc_onnode() to explicitly place the real and the 
imaginary parts in different NUMA nodes.

4 Use Unified Memory Data Usage Hints of CUDA’s Unified Memory 
API [18] to explicitly stripe allocations between LPDDR5 and 
HBM3 memory. Listing 1 shows the code snippet used for this 
particular implementation.

5 Use explicit data movement functions from the CUDA API like
cudaMemcpyAsync() to move portions of the data between 
host and device memories, combined with automatic, on-the-
fly optimization of network traffic.  The corresponding code is 
proprietary and is not publically available.

The Unified Memory Data Usage Hints support the Unified Memory 
Driver with indications of data locality and promise to be a good 
middle-ground between automated data placement and programming 
effort. The implementation uses code as outlined in Listing 1.
size_t bytes_remaining = size_in_bytes;
char* psi_r_pos = (char*)psi_r;
char* psi_i_pos = (char*)psi_i;
while (bytes_remaining >= current_chunk_size) {

cudaMemAdvise_v2(psi_r_pos , current_chunk_size
, cudaMemAdviseSetPreferredLocation ,
current_loc);

cudaMemPrefetchAsync_v2(psi_r_pos ,
current_chunk_size , current_loc , 0, 0);

cudaMemAdvise_v2(psi_i_pos , current_chunk_size
, cudaMemAdviseSetPreferredLocation ,
current_loc);

cudaMemPrefetchAsync_v2(psi_i_pos ,
current_chunk_size , current_loc , 0, 0);

psi_r_pos += current_chunk_size;
psi_i_pos += current_chunk_size;
bytes_remaining -= current_chunk_size;
std::swap(current_loc ,next_loc);
std::swap(current_chunk_size , next_chunk_size)

;
}

Listing 1: Core of the Unified Memory Data Usage Hints 
implementation. The swap functions update the variables next_loc and 
next_chunksize within the loop

To distribute page-size-aligned chunks alternately between the
LPDDR5 and the HBM3 NUMA node iteratively. This mechanism bal-
ances concurrent HBM3 and LPDDR5 usage. In the code,
current_loc is initialized with the HBM3 NUMA node of the GPU 
used by the process, while next_loc is initialized with the LPDDR5 
NUMA node closest to that GPU. Through the two chunk_size
variables, the ratio between HBM3 data and LPDDR5 data can be 
steered to maximize HBM usage, something that is not possible with 
plain malloc() and the numactl -interleave approach.

To evaluate the different possible approaches, we run a 𝑁 = 33
qubit benchmark with Hadamard gates and 11 passes requiring 128GB 

2 Or -weighted-interleave which we could not use due to missing 
kernel support on the machines.
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Table 1
Comparison of memory over-subscription strategies on one GH200 superchip.
 Strategy Runtime (s) Speedup (rel) 
 1  malloc() 446.67 1  
 2  numactl 160.00 2.8  
 3  numa_alloc_onnode() 101.57 4.4  
 4  Data Usage Hints 71.70 6.2  
 5  Explicit Data Copies 53.87 8.3  

of memory on one GH200. Experiments with malloc() provided 
very poor performance.3 Monitoring GPU memory usage indicated that 
this was because Unified Memory Driver migration heuristics caused 
frequent page migrations between LPDDR5 and HBM3 in the given 
memory oversubscription scenario. The same happened when combin-
ing malloc() with numactl -interleave, and also when using 
the Unified Memory Data Usage Hints to explicitly stripe. This unex-
pected effect is currently being investigated by the Unified Memory 
team at NVIDIA. We could work around the behavior by disabling 
access-counter-based memory migration, as described in the CUDA 12.4 
release notes [19]. While using Data Usage Hints, we experimentally 
identified a 4∕11 ratio of LPDDR5 to HBM3 data as the best-performing 
configuration. This closely approximates the theoretical optimum of 
(128 − 96)∕96 = 1∕3, while reserving sufficient space for auxiliary data 
structures.

Already with additional NUMA-related knowledge as provided with
numactl, significant performance improvements can be gained. The 
use of Data Usage Hints offers further gains with minimal programming 
effort and is particularly effective for applications with complex data 
patterns or in prototyping and exploratory scenarios.

The last, fifth option is to use explicit data movement functions to 
transfer data between HBM3 and LPDDR5 memory. A library of such 
explicit memory transfer functions is provided by the Host State Vector 
Migration feature of NVIDIA cuQuantum but details of the implementa-
tion or performance have not been published.

JUQCS-50 surpasses the basic use of explicit data movement func-
tions by integrating asynchronous CUDA copy functions with a look-
ahead analyzer of the input gate sequence, enabling the automated, 
dynamic optimization of data movements on-the-fly.

The performance of the five approaches is compared in Table  1 
(access-counter-based memory migrations disabled). To enhance per-
formance and ensure adaptability to applications requiring storage 
for multiple state vectors, we have opted to utilize explicit memory 
transfers and on-the-fly optimization of data movements.

4.2. Inter-GH200 communication

We use standard CUDA-aware MPI library calls to exchange data be-
tween different GH200s and nodes and adopt the technique of Ref. [4], 
which minimizes the amount of data transfers automatically. A detailed 
description of this technique (which is different from the ShareMem 
approach of HyQuas [20]), as well as state vector distribution across 
GPUs and CPUs and the distinction between local and non-local qubits, 
can be found in our earlier works [4,8,10] (Fig. 1 of [10] applies to 
both JUWELS-Booster and JUPITER).

Exploiting the asynchronous stream feature provided by CUDA, 
packing and unpacking data during the send and receive operations of 
MPI reduces the time to perform the inter-GH200 communication by 
approximately 10%.

3 Conducted experiments have been canceled after exceeding a runtime of 
several minutes.
5 
Table 2
Specifications JUPITER Booster.
 Quantity JUPITER Booster  
 Number of nodes 5884  
 Number of GH200 23536  
 TDP per GH200 680W  
 Total CPU LPDDR5 memory 2880TB  
 Total GPU HBM3 memory 2304TB  
 Interconnect Type InfiniBand NDR200 
 Node Injection Bandwidth 4 × 200Gbit∕s  
 Network Topology Dragonfly+  
 Top500 Listing Jun. 2025  
 Rmax ∼1001PFLOP/s  
 Rpeak ∼1300PFLOP/s  

In principle, the number of inter-GH200 data exchanges could be 
further reduced through independent preprocessing of the gate se-
quence, an approach external to JUQCS (see also Section 7). As this 
represents a nontrivial challenge, it lies beyond the scope of the present 
work and is planned for future investigation. Other approaches for 
communication optimization, such as discussed in Refs. [21,22], might 
be beneficial.

4.3. Byte-encoding of the state vector elements

In earlier work [8], we explored various ways to encode the complex 
values of the state vector with less than two double-precision numbers 
(2 × 64 bit). An adaptive encoding scheme that has been found to 
perform well is based on the polar representation of a complex number 
(𝑧 = 𝑟𝑒𝑖𝜃) and uses an update strategy to adaptively and automatically 
tune the encoding/decoding scheme to the particular quantum circuit 
being executed. A key feature of the scheme is its capacity to retain 
algorithmic precision to FP64-levels for some simulations, like the 
Hadamard benchmarks presented in this work. Obviously, using two 
(2×8 bit) instead of sixteen bytes (2×64 bit) to store each of the complex-
valued elements of the state vector reduces the amount of memory by 
a factor of eight.

Of course, this memory reduction comes at the expense of additional 
compute time incurred by on-the-fly encoding and decoding during the 
execution of the gate. For instance, running the gate sequence for the 
𝑁 = 32 qubit case (which fits in the HBM3 memory of a single GH200) 
takes 5.74 s and 4.58 s of computation time in byte-encoded and FP64 
modes, respectively. For 𝑁 = 33 qubits, however, using the memory 
of one GH200 superchip (HBM and LPDDR memory), in which only 
inter-superchip data is transferred, the byte-encoded code finishes the 
Hadamard benchmark in 13.5 s, whereas the FP64 finishes in 23.0 s, 
reflecting the fact that the amount of data transferred in the former is 
eight times smaller than in the latter.

In general, the amount of additional compute complexity depends 
on the gate and varies from very little in the case of the X or CNOT 
gate to a factor of two to three (depending on the hardware) for gates 
such as the Hadamard gate [8]. For the purpose of this work, the 
gate operations have been implemented as GPU device kernels. We 
emphasize that the adaptive encoding/decoding is performed on-the-fly 
at runtime.

4.4. Encoding choices and their tradeoffs

Predicting exactly which gate sequences will suffer significant ac-
curacy loss under byte-encoding remains challenging. Generally, ap-
plications sensitive to high phase resolution or those spanning large 
amplitude ranges are most vulnerable. Ultimately, empirical validation 
is necessary for specific circuits; for example, Ref. [8] observed no sig-
nificant deterioration in a 48-qubit implementation of Shor’s algorithm, 
and we report similar stability for a 50-qubit application in Section 7.
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Table 3
The maximum number of qubits and a comparison of elapsed times (ET) in 
seconds and the number of GPUs (in parentheses) for running benchmarks on 
JUPITER Booster in the three different modes (Byte Encoding, 32bit, 64bit). 
The second row shows how the elapsed times depend on the number of GPUs 
used, the third how the times change if number of GPUs is kept constant; in 
both cases, the number of qubits is kept constant.
 𝑁 BE FP32 FP64  
 Maximum 𝑁 50 48 47  
 ET/s (#GPUs) 45 223 (512) 115 (2048) 124 (4096) 
 ET/s (#GPUs) 45 43 (4096) 67 (4096) 124 (4096) 

While 50-qubit simulations on JUPITER currently necessitate byte-
encoding to fit within memory constraints, JUQCS-50 is designed for 
versatility. It can utilize both HBM3 and LPDDR5 memory in FP32 
or FP64 precision (see Table  3 for a comparison of these modes). 
Specifically, using FP32 precision with LPDDR5 memory allows for the 
simulation of large circuits up to 48 qubits without noticeable loss of 
fidelity [23].

As summarized in Table  3, the available execution modes reveal 
a clear trade-off: FP32 typically offers the best balance of speed and 
accuracy, whereas byte-encoding becomes essential for larger problems 
when reduced precision allows.

5. Performance criteria

The quantum computer simulator used in this work, JUQCS-50, was 
already introduced above. The base program, JUQCS, looks back on 
a long history of performance-conscious evaluations [4,8] and is used 
for a variety of scientific applications [8,24]. To evaluate the computa-
tional efficiency of JUQCS-50, we consider several performance metrics 
that capture both user-level experience and system-level behavior.

The most relevant measure from the user’s perspective is the total 
elapsed time to simulate a quantum circuit. This walltime includes not 
only the gate operations themselves but also the initialization of data 
structures, MPI setup, I/O, and other runtime overheads.

Complementary metrics provide deeper insights into system perfor-
mance, see Appendix. These include the pure computation time, MPI 
communication time, and the time spent transferring data between 
HBM3 and LPDDR5 memory within each GH200 superchip—along with 
the associated data volumes.

The NVIDIA Grace Hopper GH200 superchip is core to our work, 
combining a 72-core, ARM-based CPU (Grace) with a Hopper GPU 
in one package, connected through a unique 900GB/s bus (NVLink-
C2C, Chip-to-Chip). The platform offers cache coherency for all involved 
memories, even between different superchips. Together with the fast 
NVLink-C2C, this cache coherency enables our memory-oversubscribing
method, allowing access to the 120GB LPDDR5 host memory and 96GB 
HBM3 device memory from both processors with good performance. 
The involved bandwidths can be seen in the node diagram Fig.  1 with 
four GH200s.

JUPITER is built from NVIDIA GH200 superchips and provides four 
of these superchips per node. Since the available power is allocated 
per superchip, it must be shared between the Grace CPU and the 
Hopper GPU. Investigating how different power distribution strategies 
impact the overall performance is an important direction for future 
work. JUPITER employs an InfiniBand NDR fabric with a Dragonfly+ 
topology [25] with 25 groups and up to 240 nodes in a group, offering 
4 × 200Gbit∕s injection bandwidth per node. An overview of some 
defining system parameters is given in Table  2.

JUQCS-50 is implemented in modern Fortran and utilizes CUDA 
Fortran for GPU acceleration through the NVIDIA HPC SDK toolkit, 
version 25.5, and GPU-aware OpenMPI or ParaStationMPI on JUPITER. 
6 
Fig. 2. Graphical representation of the benchmark circuit Eq.  (1) for the case 
of 𝑁 = 32 qubits. Operations proceed from left to right. Each application of a 
Hadamard gate (𝐻) changes all the elements of the state vector. The rightmost 
symbol represents the simultaneous measurement of all three components of 
the Pauli-spin matrices representing a qubit, as performed by JUQCS-50. The 
initial state vector has all qubits in state zero.

All results reported in this work have been obtained with the OpenMPI 
version.

As previously discussed, the memory required to simulate an 𝑁-
qubit universal quantum computer grows exponentially with 𝑁 . This 
exponential growth imposes a hard limit on the number of qubits that 
can be simulated, namely 𝑁 = 50 on JUPITER. While the theoret-
ical exponential scaling of computation time with 𝑁 can be almost 
entirely mitigated through massive parallelization [4,8], as discussed 
in the next section, memory — rather than elapsed time — becomes 
the primary limiting factor for most applications. As a result, weak-
scaling performance, as a function of 𝑁 , serves as the key indicator of 
performance. For completeness, we also present strong-scaling data for 
𝑁 = 40 qubits, where the number of GPUs increases from 4 to 128, 
with four GPUs per node.

6. Performance results

In this section, we delve into the performance results obtained for 
JUQCS-50, focusing on the key metrics identified earlier. For clarity and 
completeness, detailed performance tables are provided in Appendix.

6.1. Quantum circuit used for benchmarking

To validate the results of byte-encoded simulations, it is expedient to 
use a gate sequence that does not suffer from precision loss due to this 
encoding. One such sequence consists of Hadamard gates [2] followed 
by the simultaneous measurement of the three components (equivalent 
to measuring in the 𝑋, 𝑌 , 𝑍 bases) of each qubit (which is only possible 
in simulation, see [26]). Specifically, we use
Circuit = 𝑀 𝐻1 𝐻𝑁−2 𝐻0 𝐻𝑁−1 𝐻𝑁−6 𝐻𝑁−5 …

… 𝐻0 𝐻𝑁−5 … 𝐻𝑁−1 , (1)

where 𝐻𝑖 denotes the Hadamard operation on qubit 𝑖 and 𝑀 represents 
the measurement of all qubits, see Fig.  2 for a graphical representa-
tion. This sequence keeps a reasonable balance between computational 
workload and MPI-based communication overhead as 𝑁 is varied. Note 
that the sequence Eq.  (1) is to be read from right to left.

6.2. Elapsed and computation times

Table  A.6 lists the elapsed and compute times for JUQCS-50 exe-
cuting a sequence of Hadamard gates on JUPITER in adaptive byte-
encoded mode, using HBM3 and LPDDR5 memory, and on-the-fly 
optimization of data exchange, performing computation on the GPU 
only. In this mode, due to the intrinsic factor of two that is char-
acteristic of quantum computers, the largest quantum computer that 
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Fig. 3. Total and compute elapsed time per gate operation for executing the 
circuit shown in Fig.  2 on JUPITER as a function of the number of qubits 
(weak scaling). The first dataset (labeled ‘‘1’’; see Table  A.6) was obtained 
with JUQCS running with exclusive access to the JUPITER supercomputer. 
The second dataset (labeled ‘‘2’’) was collected on a different day, when other 
applications were running concurrently on JUPITER. Lines are shown as guides 
to the eye only.

can be simulated on JUPITER (16 384 GH200 superchips) contains 50 
qubits. In the case of a sequence of Hadamard gates followed by a 
measurement of all qubits, the use of the adaptive byte-encoding does 
not cause a loss of precision; that is, the final data are FP64-accurate 
by design, providing a nontrivial validation of the code.

Fig.  3 presents the total elapsed time per gate operation, as well 
as the computation time per gate, across a range of qubit counts for 
two distinct sets of runs. One of the most striking conclusions is the 
apparent high reproducibility of the data. The timings reported here 
are statistically significant. For the largest runs, the deviation from the 
expected trend is primarily due to external network activity caused 
by concurrent jobs on the system shared by many users. In addition, 
in byte-encoded mode, the reported compute time includes a small 
fraction of MPI-related overhead.

Notably, the computation times remain nearly constant as the num-
ber of nodes (qubits) increases from 1 to 256 (36 to 46), while the total 
elapsed times reveal that the impact of network communication grows 
approximately linearly rather than exponentially with the number of 
qubits.

The computation time increases a little faster than theoretically 
expected. Based on the data in Table  A.6, and taking the 𝑁 = 37
case as a reference, we can estimate the expected computation time 
for the 𝑁 = 46 case under ideal parallelism as 106 s × 51∕42 = 129 s. 
This estimate is close to but still lower than the actual measured 
time of 142 s. The discrepancy arises from a combination of factors: 
interruptions in the byte decoding–encoding process due to global MPI 
communication (which is not accounted for in the reported MPI time), 
variability in GPU computation speeds, and network congestion. These 
factors become more important for 𝑁 > 46, resulting in a notable 
change in the slopes of the lines through both the computation and 
elapsed times. At 47 qubits, executed on 512 nodes, the borders of 
one single Dragonfly group with 240 nodes are safely surpassed, and 
a majority of communication happens through the tapered network 
between the groups, rather than inside them.

To examine the combined impact of global MPI communication, 
integral to the byte decoding–encoding process, variability in GPU 
computation speeds, and network congestion, as well as to showcase 
the versatility of JUQCS-50, we conducted benchmarks in FP32 mode. 
In this configuration, state vector coefficients are stored in FP32 format, 
while all arithmetic operations are performed in FP64. Additionally, 
LPDDR5 was not used as a CPU memory extension. Fig.  4 illustrates 
the computation time and total elapsed time per gate, with further 
7 
Fig. 4. Total elapsed and compute times per gate operation for the range 
of qubits simulated on JUPITER in FP32 mode without using the LPDDR5 
memory as an extension (weak scaling). When comparing to Fig.  3, note the 
difference in scale of the 𝑦-axis and keep in mind that the number of GPUs 
used is eight times larger, see Table  A.7. Lines are guides to the eye only.

details provided in Table  A.7. The most striking observation is that, 
up to the maximum number of qubits supported by JUPITER in this 
mode, namely 𝑁 = 47 and aside from a minor anomaly at 𝑁 = 44, the 
computation time remains nearly constant. This indicates near-perfect 
weak scaling behavior across the qubit range from 36 to 47.

As expected, the total elapsed time increases with 𝑁 , driven by 
the growing volume of data exchanged and compounded by network 
congestion, particularly since these benchmarks were executed concur-
rently with other users’ workloads (all major MPI communication is 
of the blocking type, and the columns GPU-CPU time and data in the 
tables provide the necessary information about the use of asynchronous 
APIs (cudaMemcpyAsync)).

According to theory, the computational effort is expected to grow 
as 2𝑁−36. Fitting the data (not shown) for elapsed times to 𝑎 + 2𝑏(𝑁−36)

yields 𝑎 = −0.67 and 𝑏 = 0.11. The value of 𝑏 is significantly smaller than 
the theoretically expected value of one, a manifestation of a high degree 
of parallelism of JUQCS. A slightly better fit (not shown) is obtained by 
using 𝑎′ + 𝑏′(𝑁 − 36)2 with 𝑎′ = 0.54 and 𝑏′ = 0.001, suggesting that the 
data does not allow making conclusive assertions about the trend.

We conclude that the change in slope observed for 𝑁 > 46 in 
Fig.  3 may be attributed to the increased computational burden of the 
byte decoding–encoding process, which demands substantially more 
arithmetic operations, intermittently disrupted by global MPI commu-
nication, the topology, and the fact that the FP32 benchmark did not 
use the LPDDR5 memory of the CPU as a memory extension.

Overall, the computation time demonstrates excellent weak scaling 
behavior. The impact of transmitting massive volumes of data across 
the network manifests as a relatively mild dependence on 𝑁 in the 
weak scaling of the total elapsed time, a point that will be examined in 
more detail later.

For the 36-qubit case, the elapsed times in Tables  A.6 and A.8 
show that the FP64 version takes about 54 s to complete the task 
by using eight GH200 superchips, whereas the byte-encoded version 
accomplished the same task in about 116 s using only one GH200 
superchip. Put differently, the byte-encoded version is about a factor 
of 8 × 54∕(1 × 116) ≈ 3.7 times more efficient  (see Table  A.6).

Due to the communication making up a larger part of the elapsed 
time as the number of qubits increases, for the largest problem that can 
be run on JUPITER in FP64 mode, the gain in efficiency, due to using 
byte-encoding, is a factor 16 384 × 185∕(2048 × 264) ≈ 5.6  (see Tables 
A.6 and A.8).

To put the performance of the GH200-based system in perspective: 
setting the earlier world record [8] for 𝑁 = 48 qubits using byte-
encoding for Hadamard benchmarks took the K computer 3102 s and 
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Fig. 5. Measured communication bandwidth (in GiB/s) as a function of 
qubits (bottom) and MPI processes/nodes (top) with the expected performance 
shown for JUPITER. Horizontal lines indicate the limits of the interconnect 
bandwidths for comparison. The line through the data points is a guide to the 
eye only.

the TaihuLight system (without using accelerators) 8548 s. For com-
parison, we compute the elapsed time/gate for the K computer and the 
JUPITER executing the 𝑁 = 36 Hadamard circuit under the exact same 
conditions, and find 47.03 s/gate for the former and 2.83 s/gate for 
the latter (see Table  A.6). This amounts to a performance increase by 
a factor of 16.6 on the JUPITER system over the K computer.

On the JUPITER supercomputer, the maximum number of qubits 
that can be simulated using JUQCS-50 varies by numerical precision 
and memory configuration. Specifically, in byte-encoded, FP32, and 
FP64 modes, the limits are 50 (49), 48 (47), and 47 (46) qubits, respec-
tively, with  (without) LPDDR5 memory of the GH200. Using the largest 
FP64-simulatable problem (47 (46) qubits) as a reference, the corre-
sponding benchmark execution times are 264 (101), 145 (103), and 185 
(106) seconds for byte-encoded, FP32, and FP64 modes, respectively, 
utilizing 512 (512), 2048 (2048), and 4096 (4096) JUPITER nodes. 
These results demonstrate that for problems of large but not maxi-
mal size, JUQCS-50 enables optimization across numerical precision, 
runtime, and node count.

6.3. Network performance

Regarding the data transfer rate between HBM3 and LPDDR5 mem-
ory in the same GH200 superchip, Tables  A.6–A.9 show that this rate, 
which includes pre- and postprocessing of the buffers in GPU memory, 
is of the order of 100GiB/s. The amount of data that is being exchanged 
within one GH200 superchip is (except for 𝑁 = 36) more than a factor 
of two larger than the data that is being sent and received by the same 
superchip over the interconnects (column GPU-GPU MPI data). Because 
of the sequence-dependent pattern by which data is being sent over the 
network, a straightforward comparison of the transfer times is rather 
difficult.

For 𝑁 = 50 qubits, 2048TiB of data is required to represent the state 
vector. With each single-qubit gate that requires MPI communication, 
half of this data travels through the network. In total, for the sequences 
used, there are 36 such network-active gate operations. The highly-
optimized measurements of all the qubits require 13∕14 of all the data 
being exchanged. Thus, in total, for 𝑁 = 50, (36∕2 + 13∕14) × 2048 ≈
38 766TiB traverses the network in about 100 s, a respectable amount 
of TiB per second.

For 𝑁 > 36, 2(𝑁−36+2) = 2(𝑁−34) GPUs compete for network 
bandwidth to send and receive data. The sharp drop in bandwidth 
for 38 ≤ 𝑁 ≤ 40, signals the transition from intra-node-dominated, 
8 
Fig. 6. Relative efficiency measured (strong scaling) for 40 qubits over a range 
of MPI processes/nodes. Shown is the relative time with respect to the elapsed 
time on four nodes (16 MPI processes, 𝑁 = 40 qubits). The lines through the 
data points are guides to the eye only.

fast NVLink communication (see Fig.  1) to the slower, inter-node-
dominated network-mode of communication. Disregarding small fluc-
tuations, the MPI times listed in Table  A.6 fit well to the function 
124.7∕

√

(𝑁 − 36) for 𝑁 ≥ 40. In this regime, the 𝑁 dependence shows 
up as a slowly decaying (≈ (1∕

√

𝑁)) measured bandwidth (MPI 
data/MPI time; data taken from Table  A.6–Table  A.9) depicted in Fig. 
5. 

6.4. Strong scaling

Strong scaling has no real-world relevance from the viewpoint of 
quantum processing hardware because a quantum information proces-
sor having 𝐾 qubits has no way to distribute the execution over several 
units. However, from the viewpoint of benchmarking and simulation, 
it is interesting to study the strong scaling behavior of the algorithm 
and hardware. Table  A.9 collects the data for fixed 𝑁 = 40 and an 
increasing number of GPUs, always for the same quantum circuit, also 
see Fig.  6.

The strong scaling data shows that the computation times and GPU-
CPU communication times scale close to perfect, but, as expected, 
the total elapsed times do not, due to the necessary communication 
among nodes. As the number of MPI processes doubles, the GPUs 
have to exchange less data (by a factor of two) but they also have to 
compete with more GPUs (by a factor of two) for network bandwidth. 
From Table  A.9, it follows that the measured time per GiB is 0.017, 
0.020, 0.022, 0.027, 0.033 and 0.047 for 16,… , 512 MPI processes, 
respectively. As the number of MPI processes increases, there is an 
initial, approximately linear increase of the time per GiB. Then, starting 
from 128 MPI processes, the time per GiB is dominated by the slower 
inter-node network and the measured time per GiB saturates at approxi-
mately 0.047 s/GiB or, equivalently, a bandwidth of 21GiB/s, in rough 
agreement with the bandwidth (24GiB/s, see Table  A.9) for a large 
number of qubits. As there is the intrinsic limitation to powers of two, 
there is no way to determine accurately the number of MPI processes 
at which the saturation sets in.

6.5. Hopper GPU versus ARM CPU

Although not directly related to the use of the heterogeneous CPU–
GPU architecture of the GH200 superchip, benchmarking the CPU and 
GPU components separately is valuable from the standpoint of JUQCS-
50 code portability. Table  4 presents data enabling such a comparison 
across the three precision modes currently supported by JUQCS-50. 
From this data we conclude that (i) storing the state vector in FP32 
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Table 4
Data obtained by running the benchmark circuit Eq.  (1) on either the Hopper 
GPU or the ARM CPU (using 64 of the 72 cores) of the GH200 superchip for 
𝑁 = 40 qubits and 256 MPI processes (64 nodes) with byte-encoding (BE), 
FP32, and FP64.
 Elapsed Computation MPI MPI Compute Precision of 
 time (s) time (s) time (s) Data (GiB) engine state vector 
 16.14 7.24 6.08 111 GPU BE  
 18.85 4.89 10.88 447 GPU FP32  
 27.20 6.17 17.72 895 GPU FP64  
 47.61 25.76 9.67 111 CPU BE  
 40.49 14.29 23.72 447 CPU FP32  
 119.42 63.96 52.43 895 CPU FP64  

precision yields the fastest computation times for both CPU and GPU 
and (ii) MPI communication via the GPUs is faster than via the CPUs 
(which is to be expected from the design of the GH200 chip), and (iii) 
depending on the precision, the Hopper GPU accomplished the task a 
factor of ≈ 3 to 4 faster than the CPU. This is partially due to the fact 
that with JUQCS-50, the GPU computes faster than it can retrieve data 
from its HBM3 memory and, of course, this factor is also affected by 
the time used for MPI communication.

6.6. Summary

Overall, Table  A.6 and Fig.  3 show that the elapsed time increases 
approximately linearly (not exponentially) with the number of qubits 
𝑁 . Recall that exponential scaling with the number of qubits 𝑁 is 
a prime characteristic of simulating universal quantum computing. 
Therefore, the fact that a simulator such as JUQCS-50 can simulate 
these computers in an elapsed time that grows approximately linearly 
with 𝑁 is significant.

The simulation consumes 58Wh energy for the 39 qubit case on one 
node, incorporating both CPU and GPU data. Beyond this single-node 
case, we observe a linear dependency between energy and number of 
nodes, with a robust slope of 78Wh.

Our focus in this work was on optimizing the data movement, both 
on-superchip and beyond, to enable simulation of 50 qubits for a first 
time. Certainly, further fine-tuning potential exists for the novel GH200 
platforms. In particular, the size of the buffers and the number of 
streams used for communication are unlikely to be optimal yet, and 
GPU device kernels that perform recursion can also be improved.

7. Application: Adder circuits

Sequences of Hadamard gates are well-suited for benchmarking 
purposes because: (i) they are simple to implement and yield known 
outcomes, (ii) their execution time is typically under 10 min, (iii) 
they exert significant stress on the communication network, and (iv) 
they maintain full precision without loss due to byte-encoding, which 
simplifies validation.

Quantum algorithms that perform integer addition using quantum 
registers represent another valuable class of quantum circuits. (i) They 
are nontrivial in that they incorporate quantum Fourier transforms and 
controlled phase shifts, both core components of foundational quantum 
algorithms such as phase estimation [2] and Shor’s algorithm [17,27]. 
(ii) The final output of the quantum computation, being the sum of 
the input integers, is easily validated. (iii) These circuits can place a 
substantial load on the communication network, offering a rigorous test 
of system performance. (iv) When executed in byte-encoding mode, due 
to the presence of controlled phase shifts, they may suffer a loss of 
numerical precision, providing information about the effect of using 
byte-encoding on the accuracy of the quantum computation.

A bird’s-eye view of a quantum circuit to add (superpositions of) 
three integers stored in the registers 𝑅1, 𝑅2, and 𝑅3, is shown in Fig. 
9 
Fig. 7. Structure of quantum circuit to add three 𝑀 bit integers encoded in 
quantum registers 𝑅1, 𝑅2, 𝑅3 consisting of 𝑀 qubits. The sum of the integers 
is returned in register 𝑅3, the qubits of other registers being untouched. By 
construction, integer addition is modulo 𝑀 . FT: quantum circuit to perform 
a discrete Fourier transform [2]; CR: collection of controlled phase shifts. 
The right most symbol represents the simultaneous measurement of all three 
components of the Pauli-spin matrices representing a qubit, as performed 
by JUQCS-50. The structure trivially generalizes to fewer and more registers 
encoding integers.

Table 5
JUQCS-50 results for a 50-qubit quantum circuit de-
signed to add two 25-bit integers (see text). Only the 
25 expectation values of the qubits in register 𝑅2 are 
shown (qubits are numbered starting from zero).
 Qubit ⟨𝑄𝑥(𝑖)⟩ ⟨𝑄𝑦(𝑖)⟩ ⟨𝑄𝑧(𝑖)⟩ 
 24 0.50 0.50 1.00  
 25 0.50 0.52 1.00  
 26 0.51 0.50 1.00  
 27 0.50 0.50 1.00  
 28 0.50 0.50 1.00  
 29 0.50 0.50 1.00  
 30 0.50 0.50 1.00  
 31 0.50 0.50 1.00  
 32 0.50 0.50 1.00  
 33 0.50 0.50 1.00  
 34 0.50 0.50 1.00  
 35 0.50 0.50 1.00  
 36 0.50 0.50 1.00  
 37 0.50 0.50 1.00  
 38 0.50 0.50 1.00  
 39 0.50 0.50 1.00  
 40 0.50 0.50 1.00  
 41 0.50 0.50 1.00  
 42 0.50 0.50 1.00  
 43 0.50 0.50 1.00  
 44 0.50 0.50 1.00  
 45 0.50 0.50 1.00  
 46 0.50 0.50 1.00  
 47 0.48 0.49 1.00  
 48 0.50 0.50 1.00  
 49 0.50 0.50 1.00  

7. Each of these registers is assumed to consist of 𝑀 qubits, enabling 
representing integers in the range [0, 2𝑀 − 1]. Following Draper [28], 
the idea is to perform a (quantum) Fourier transform (FT) on 𝑅3, then 
apply the controlled phase shifts (CR) to accumulate the information 
stored in 𝑅1 and 𝑅2 in to the phases of the coefficients of the (partial) 
state vector in 𝑅3, and finally perform an inverse (quantum) Fourier 
transform (FT−1) to transfer the information contained in the phases 
back to integer representation. The diagram in Fig.  7 illustrates the 
structure of a circuit that adds (superpositions of) integers stored in 
three registers. However, the design generalizes straightforwardly to 
any number of registers.

As an illustration, Fig.  8 presents the quantum circuit for adding 
two integers each one represented by a two-qubit register (𝑀 = 2). 
The 𝑋 gates flip the states of qubits 1 and 2 from |0⟩1 and |0⟩2 to 
|1⟩1 and |1⟩2, respectively. Due of the structure of the FT used [2], the 
most significant bit of the integer is stored in the least significant bit 
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Fig. 8. Realization of the quantum adder circuit shown in Fig.  7 for the case of two two-bit integers (𝑀 = 2). The first two gates (denoted by 𝑋) are not part 
of the adder circuit but serve to encode the integers 1 and 2 in registers 𝑅1 and 𝑅2, respectively (see text). 𝑋: interchanges qubit state 0 and 1; 𝐻 : Hadamard 
gate; 𝑅𝑘: controlled phase shift by 2𝜋∕2𝑘. See Ref. [2] for a detailed description of these gates.
of the register. Therefore, after performing the 𝑋 gates, the state in R1 
encodes the integer 1 and the state in R2 encodes the integer 2. Upon 
measurement, the state yields {0, 1, 1, 1}, the last two bits encoding 
1 + 2 = 3.

As an illustration and also to scrutinize the effect of using byte-
encoding on the final result of a quantum computation, we use JUQCS-
50 to execute a quantum circuit for adding two 25-bit integers (𝑀 = 25) 
with 𝑅1 encoding 21 346 502 and 𝑅2 encoding 12 207 929. The quan-
tum circuit contains 1001 gates, which is too large to be displayed 
graphically on one page. The integers have been chosen so that their 
binary sum (being 225 − 1) results in a sequence of all ones. Translated 
into qubit language, this implies that all the expectation values of the 
𝑧-components of the qubits (⟨𝑄𝑧(𝑖)⟩) are equal to one, allowing the 
correctness of the output to be visually confirmed at a glance.

Table  5 shows the results of the simulation. It is immediately clear 
that the quantum circuit yields the correct values of ⟨𝑄𝑧(𝑖)⟩. Also clear 
is that due to the use of byte encoding, some expectation values of the 
𝑥- and 𝑦-components deviate from the exact result 1∕2.

It is worth noting that, unless proven otherwise, current quantum 
devices are unlikely to perform integer addition with the level of 
precision achieved by JUQCS-50 in its byte-encoded mode [29].

The quantum adder circuit also provides a nice example to explore 
how much can be gained by optimizing the circuit with respect to the 
amount of MPI communication. In its generic form shown in Fig.  7, it 
took JUPITER 1996 s (180 s MPI GPU-GPU time, 720 s GPU-CPU time) 
to execute the quantum circuit. Simply interchanging the roles or 𝑅1
and 𝑅2 by relabeling the qubits (an operation that is part of JUQCS-50’s 
instruction repertoire), reduces this time to 1193 s (69 s MPI GPU-GPU 
time, 335 s GPU-CPU time). This substantial performance improvement 
is solely attributed to the reduction in communication.

More broadly, it is evident that strategically relabeling qubits to 
minimize inter-GPU communication can significantly decrease the total 
execution time of simulating a quantum circuit. Optimizing the quan-
tum circuit in this regard can be performed independently of JUQCS-50 
and is therefore beyond the scope of the present study, but important 
future research.

8. Conclusion

JUQCS-50 efficiently utilizes the available hardware, CPUs, GPUs, 
and a combination of both, by exploiting the architectural strengths 
of modern systems like the GH200 superchips. Relative to the works 
reported in [4,8,10], the main technical innovations introduced in 
JUQCS-50 are:

1. Explicit management of CPU–GPU memory transfers, including 
on-the-fly optimization of data movement between GPU and 
CPU memory within each node, enabling efficient use of the 
heterogeneous memory hierarchy.
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2. Use of CUDA-accelerated packing and unpacking of amplitude 
data during MPI send/receive operations, significantly reducing 
communication overhead between nodes.

3. Support for storing state-vector amplitudes in FP32 format, low-
ering memory requirements and communication volume while 
maintaining sufficient numerical accuracy for universal-circuit 
simulation.

4. GPU kernels for byte-encoded operations.

These innovations not only enable the aforementioned large-scale 
realistic simulations of user-defined circuits but, at the same time, com-
bined with its ease of deployment and operation, JUQCS-50 can con-
tinuously and controllably stress both computational units and the net-
work over defined periods, making it an ideal and realistic benchmark 
user application.

From the data presented in Tables  A.6–A.8, it follows that, to a good 
approximation, the elapsed time increases approximately linearly with 
the number of qubits 𝑁 , rather than exponentially. In other words, 
when combined with massively parallel computers, the universal quan-
tum computer simulator JUQCS-50 overcomes the exponential scaling 
characteristic of gate-based quantum computers.

The advanced JUQCS-50, the newly developed version of JUQCS, 
will empower researchers to (1) perform exact simulations of arbitrary 
quantum circuits with varying degrees of accuracy, still far better 
than offered by current, state-of-the-art quantum computing hardware; 
(2) study the effects of noise and errors on quantum algorithms; (3) 
perform simulations of quantum annealing and quantum spin-dynamics 
for a wide variety of model Hamiltonians over a time span and with an 
accuracy that is not within reach of state-of-the-art quantum computing 
hardware; (4) expand simulations to larger quantum systems while 
keeping simulation times low; (5) benchmark (super)computers [4,8,
24,30].

JUQCS-50 is currently being integrated into JUNIQ [31], the Jülich 
UNified Infrastructure for Quantum Computing, providing science and 
industry access to state-of-the-art quantum computing emulators and 
devices. With JUPITER operational, JUQCS-50 will enable the study of 
problems up to 500 to 1000 times larger than those currently handled 
by other simulators (as discussed in Section 3), thereby unlocking a 
new range of universal quantum computing applications yet to be 
explored. More specifically, JUQCS-50 will allow researchers to run 
applications such as variational quantum eigensolvers (VQE)  [32–34], 
quantum approximate optimization algorithms (QAOA) [8,9,23,35–
37], and quantum annealing [38] with an accuracy that is beyond the 
reach of state-of-the-art quantum computer hardware for systems with 
up to 50 qubits.
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Table A.6
Elapsed and compute times for executing Hadamard gates [2] in a sequence designed to challenge both computation and communication on JUPITER, with 
JUQCS-50 employing adaptive byte-encoding, using both HBM3 and LPDDR5 memory and on-the-fly optimization of data exchange (weak scaling). The column 
GPU-GPU MPI lists the data sent and received by each of the GPUs (using CUDA-aware MPI). MPI time includes the time encoding and decoding buffers for 
transmitting these data. The columns ‘GPU-CPU data’ and ‘count’ specify the volume of data and the number of data exchanges between HBM3 and LPDDR5 
memory. GPU-CPU time includes the time for writing and reading buffers in HBM3 memory. The column #gate operations is the number of Hadamard operations 
plus the measurement of each of the qubits. The simulation of a 50-qubit, universal quantum computer on JUPITER sets a new world record. 
 Qubits memory MPI elapsed computation #gate MPI GPU-GPU MPI GPU-CPU GPU-CPU GPU-CPU 
 (GiB) processes time (s) time (s) operations time (s) Data (GiB) time (s) Data (GiB) count  
 36 1026 1 116.13 101.54 41 0.00 0 11.60 1216 19  
 37 2052 2 129.43 105.51 42 2.37 512 17.99 2048 32  
 38 4104 4 138.31 108.99 43 4.20 832 20.23 2368 37  
 39 8208 8 153.83 113.96 44 12.68 1120 22.46 2688 42  
 40 16416 16 168.77 117.59 45 21.63 1264 24.54 2944 46  
 41 32832 32 175.00 118.55 46 24.64 1272 26.43 3136 49  
 42 65664 64 187.04 125.00 47 28.19 1404 28.51 3392 53  
 43 131328 128 200.97 130.16 48 34.25 1534 30.59 3648 57  
 44 262656 256 212.78 133.61 49 40.50 1663 32.64 3904 61  
 45 525312 512 222.71 137.59 50 43.94 1791 34.77 4160 65  
 46 1050624 1024 234.13 142.25 51 49.82 1919 36.81 4416 69  
 47 2101248 2048 263.86 163.43 52 55.15 2047 38.88 4672 73  
 48 4202496 4096 286.27 175.67 53 62.81 2175 40.94 4928 77  
 49 8404992 8192 307.83 192.56 54 64.65 2303 43.00 5184 81  
 50 16809984 16384 339.96 183.69 55 99.81 2431 45.08 5440 85  
Table A.7
Same as Table  A.6 except that all calculations were performed with JUQCS-50 running in FP32 mode and without using the LPDDR5 memory as an extension 
(weak scaling).
 Qubits memory MPI elapsed computation #gate MPI GPU-GPU MPI GPU-CPU GPU-CPU GPU-CPU 
 (GiB) processes time (s) time (s) operations time (s) Data (GiB) time (s) Data (GiB) count  
 36 1040 8 16.92 8.66 41 6.26 560 0.00 0 0  
 37 2080 16 22.13 8.91 42 10.88 632 0.00 0 0  
 38 4160 32 25.60 9.13 43 13.74 700 0.00 0 0  
 39 8320 64 26.51 9.43 44 14.29 766 0.00 0 0  
 40 16640 128 29.12 9.54 45 16.33 831 0.00 0 0  
 41 33280 256 32.35 9.93 46 19.14 895 0.00 0 0  
 42 66560 512 36.62 10.58 47 22.38 959 0.00 0 0  
 43 133120 1024 41.33 11.85 48 26.90 1023 0.00 0 0  
 44 266240 2048 55.92 14.31 49 37.87 1087 0.00 0 0  
 45 532480 4096 55.33 12.72 50 38.03 1151 0.00 0 0  
 46 1064960 8192 69.02 11.64 51 50.69 1215 0.00 0 0  
 47 2129920 16384 103.19 12.28 52 78.34 1279 0.00 0 0  
Table A.8
Same as Table  A.6 except that all calculations were performed with JUQCS-50 running in FP64 mode (weak scaling).
 Qubits memory MPI elapsed computation #gate MPI GPU-GPU MPI GPU-CPU GPU-CPU GPU-CPU 
 (GiB) processes time (s) time (s) operations time (s) Data (GiB) time (s) Data (GiB) count  
 36 1040 8 53.75 11.06 41 12.11 1120 25.24 2560 40  
 37 2080 16 65.17 12.60 42 22.12 1264 24.45 2816 44  
 38 4160 32 63.98 11.47 43 24.00 1272 23.04 3008 47  
 39 8320 64 70.22 12.10 44 27.65 1404 24.97 3264 51  
 40 16640 128 82.74 15.69 45 32.89 1534 27.47 3520 55  
 41 33280 256 82.71 12.81 46 35.04 1663 28.78 3776 59  
 42 66560 512 87.52 13.16 47 37.42 1791 30.65 4032 63  
 43 133120 1024 98.06 13.86 48 46.24 1919 32.54 4288 67  
 44 266240 2048 109.98 13.56 49 55.18 2047 34.46 4544 71  
 45 532480 4096 124.06 16.24 50 59.02 2175 36.36 4800 75  
 46 1064960 8192 150.05 18.61 51 65.45 2303 38.25 5056 79  
 47 2129920 16384 185.19 32.99 52 91.09 2431 40.18 5312 83  
Table A.9
Same as Table  A.6 except that all calculations were performed for the same number of qubits 𝑁 = 40 (strong scaling).
 Qubits memory MPI elapsed computation #gate MPI GPU-GPU MPI GPU-CPU GPU-CPU GPU-CPU 
 (GiB) processes time (s) time (s) operations time (s) Data (GiB) time (s) Data (GiB) count  
 40 16416 16 166.90 115.75 45 21.62 1264 24.55 2944 46  
 40 16448 32 88.80 58.99 45 12.79 636 13.23 1568 49  
 40 16512 64 47.71 29.64 45 7.73 351 7.14 848 53  
 40 16640 128 27.30 14.99 45 5.27 191 3.83 456 57  
 40 16896 256 16.59 8.06 45 3.46 103 2.05 244 61  
 40 17408 512 11.90 4.57 45 2.61 55 1.09 130 65  
11 
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