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Abstract
Scientific computing remains fundamentally misaligned with the
execution paradigm of modern AI accelerators, which rely on struc-
tured, low-precision matrix operations for performance and scal-
ability. Quantum chemistry exemplifies this gap through three
core scalability limits: irregular computational patterns, fragmented
hardware utilization, and limited scientific reach.

In this work, we present Mako, a quantum chemistry system
that rearchitects first-principles electronic structure computations
as high-performance matrix-aligned kernels to scale on modern
AI accelerators. Mako integrates three co-designed components:
KernelMako reformulates ERI evaluation into structured matrix
operations and leverages CUTLASS to enable transparent, compos-
able MatMul pipelines; QuantMako introduces physics-informed,
stage-aware quantization to exploit low-precision compute poten-
tial while preserving scientific fidelity; CompilerMako captures
static execution patterns across angular momentum classes and au-
tomates kernel fusion and architecture-tuned specialization. Mako
achieves up to 20× end-to-end speedup on high-angular-momentum
basis sets. It sustains over 90% parallel efficiency on a single node
and 70% across 64 GPUs, completing the accurate energy calcu-
lation of ubiquitin (1,231 atoms, def2-TZVP) from days to just 58
minutes. By restructuring quantum chemistry to align with the
AI software-hardware stack, Mako demonstrates how scientific
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workloads can inherit deep learning–style scalability—scaling be-
yond the long-standing limits of irregularity, fragmentation, and
complexity.
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1 Introduction
Scaling scientific computing remains a persistent and fundamental
challenge in high-performance computing (HPC) [38, 48, 60, 127].
Despite decades of domain-specific optimizations [52, 85, 96, 130],
many critical applications—such as weather forecasting [101, 138],
computational fluid dynamics [16, 157], and cosmological simula-
tions [18, 163]—still struggle to scale efficiently on modern architec-
tures. As hardware evolves toward increasingly dense and regular
execution paradigms [87, 122, 162], the inherent irregularity of sci-
entific workloads remains poorly aligned with accelerator-driven
platforms [28, 56, 123, 159]. This widening gap between theoretical
peak performance and practical scalability is becoming a systemic
barrier to sustained performance gains [33, 128, 131, 139].
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Quantum chemistry serves as a microcosm of the broader scal-
ability challenges in scientific computing [9, 47, 74]. As a corner-
stone of materials science [54, 134], drug discovery [17, 80], and
catalysis [45, 66], it relies on solving the Schrödinger equation to
calculate first-principles electronic structure [77, 84]. Among its
various methods [50, 67, 77, 143], Density Functional Theory (DFT)
has emerged as the workhorse, balancing accuracy with compu-
tational feasibility [83, 94, 142]. However, despite its widespread
adoption, DFT computations remain prohibitively expensive at
scale [94, 105, 134], exposing three core limits to scientific comput-
ing scalability:
Irregular Computational Patterns. Scientific workloads, such
as DFT, often involve irregular computation and memory access
patterns, making them inherently resistant to unified optimiza-
tion. [15, 19, 57, 58, 118]. Consequently, they scale suboptimally on
modern architectures that favor regular and highly parallel opera-
tions to achieve peak performance [27, 30, 41, 180].
Fragmented Hardware Utilization. The irregularity of scien-
tific computation impedes its adoption on AI accelerators such as
NVIDIA Tensor Cores [30, 43, 95, 164]. These units, now powering
8 of the top 10 supercomputers on the TOP500 list, are optimized for
low-precision matrix multiplication [24, 132, 169]. While isolated
kernels—and in some cases, select application components—have
been partially ported to these accelerators, full-scale restructuring
of scientific applications remains uncommon, leaving substantial
accelerator capacity untapped [23, 56, 89].
Limited Scientific Reach. Scalability bottlenecks across both algo-
rithms and hardware fundamentally constrain scientific discovery.
High-angular-momentumwavefunctions, essential for complex sys-
tems such as transition metals [61, 104, 155] and strongly correlated
electrons [39, 72, 135], incur exponential costs that exceed com-
pute and memory budgets [1, 150]. Existing methods either lack
support or accept prohibitive runtimes [12, 37, 91, 100]. Moreover,
this limitation extends beyond DFT itself to data generation for
downstream AI4Science models, limiting their applicability to more
complex quantum systems [64, 165, 166, 178].

These constraints contrast sharply with deep learning, which
has redefined scalability through structured, low-precision ma-
trix execution [65, 102, 147, 173]. The convergence toward matrix-
aligned models—epitomized by the rise of Transformers [161]—has
enabled deep learning to scale efficiently on modern AI acceler-
ators [31, 70, 106, 141]. This disconnect raises a critical question:
Can we reimagine scientific computing to unlock deep learning–level
scalability on modern AI accelerators?

This paper introducesMako1, a quantum chemistry system that
rearchitects first-principles electronic structure computations as
high-performance matrix-aligned kernels to scale efficiently on
modern AI accelerators.

Mako is grounded in three insights that reimagine scalability
across computation, hardware, and scientific discovery:
Scientific Irregularity Masks a Matrix-Aligned Structure.

1Mako is inspired by the mako shark—the fastest shark in the ocean—symbolizing
speed, agility, and the drive to push computational frontiers. It also serves as an
acronym forMatrix-Aligned Kernel Orchestration, encapsulating the system’s core
principle of orchestrating quantum chemistry into matrix-aligned kernels that fully
exploit the AI software–hardware ecosystem.

With domain-aware abstraction, many irregular computa-
tions—such as those in DFT—can be reformulated into structured
matrix multiplications (MatMul), unifying diverse operations
under a scalable execution model [89, 107, 109, 140]. This enables
scientific computing to leverage the deeply optimized matrix stack
developed for deep learning—without relying on architecture-
specific tuning [22, 82, 115, 144, 148, 149].
Precision Sensitivity Is More Selective Than It Seems. While
scientific computing demands accuracy, extensive studies and
commercial adoption [29, 73, 152] have shown that many stages
of quantum chemistry are tolerant to reduced precision—much
like quantization [44, 137] in deep learning [34, 73]. By coupling
domain-validated numerical strategies [73, 90, 136] with low-
precision TCUs, we unlock the high throughput of AI accelerators
once thought incompatible with first-principles methods.
Structure-to-Compiler Shift Powers Scalable Discovery.Many
scientific kernels—especially electron repulsion integrals—exhibit
predictable execution patterns, making them ideal for compiler-
level optimization [46, 152, 177]. By capturing this structure,
we shift tuning from manual efforts to portable, automated
compilation—enabling efficient hardware utilization and scaling
DFT across architectures to reach more complex scientific frontiers.

Building on these insights, we revisit the entire DFT workflow
through the lens of structured matrix computation. Exchange-
correlation evaluation and Fock matrix diagonalization are inher-
ently amenable to MatMul-based execution, the former via triple-
product projection [21, 171] and the latter through iterative eigen-
solvers [2, 55, 174]. However, the evaluation of two-electron repul-
sion integrals (ERI) remains the dominant bottleneck—accounting
for up to 80% of total runtime [13, 14, 167]—due to its complex data
dependencies and irregular access patterns. To enable a full-stack
solution for scalable DFT on AI accelerators, Mako introduces three
core components:

KernelMako reformulates ERI evaluation into structured matrix
operations and builds atop CUTLASS to enable transparent and com-
posable MatMul pipelines. It introduces: Implicit Instruction Paral-
lelism, embedding non-MatMul operations directly within MatMul
kernels via instruction-level parallelism to maximize compute uti-
lization; Lightweight Layout Swizzle, reshaping shared-memory ten-
sors into MatMul-friendly formats without bank conflicts; GEMM
Coalescing, merging consecutive GEMMs into single fused kernels
to reducememory traffic and latency. Together, KernelMako rearchi-
tects irregular phases of DFT at the kernel level into a memory-
efficient pipeline.

QuantMako leverages physics-informed knowledge to exploit
the high throughput of low-precision AI accelerators. It employs:
Fine-Grained Quantization, selectively downscaling precision across
the DFT pipeline and scaling grouped data to enhance low-precision
expressiveness; Dual-Stage Accumulation, preserving numerical fi-
delity through high-precision accumulation at both integral and
Fock matrix stages; Convergence-Aware Scheduling, aligning quan-
tization granularity with validated mixed-precision strategies for
balancing efficiency and accuracy across the full workflow.

CompilerMako captures the static structure of ERI computation
within a compiler-inspired framework to automate kernel fusion
and hardware mapping across angular momentum orders. It fea-
tures: Reuse-Guided Planning, which exploits static intermediates
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and evaluates on-chip memory footprint to drive fusion strategy
generation, improving locality and occupancy across diverse ERI
variants; and Architecture-Tuned Compilation, which compiles Mat-
Mul kernels via CUTLASS primitives for portable high performance
without manual retuning. Together, CompilerMako abstracts both
hardware variability and algorithmic complexity, ensuring consis-
tent scalability across diverse accelerator platforms.

We demonstrate that Mako’s ERI kernels achieve up to 2.68×
speedup over LibintX [6–8] on the A100 Tensor Core GPU. Mako
delivers up to 15.3× speedup over leading GPU baselines while
maintaining chemical accuracy within 1 mHartree [71, 90, 99, 156].
On challenging high-angular-momentum basis sets like def2-QZVP
and cc-pVQZ, Mako achieves ~20× speedups over GPU4PySCF [86,
172], whereas QUICK lacks support for g-type functions. Mako
sustains over 90% parallel efficiency on 8 GPUs and 70% across 64
GPUs. Notably, Mako enables the accurate energy calculation of
ubiquitin (1,231 atoms) with the def2-TZVP basis set and reduces
end-to-end runtime from days (QUICK [92, 93, 100]) to just 58
minutes, demonstrating both performance and practicality at scale.

To summarize, this work makes the following contributions:

• KernelMako rearchitects DFT into structured MatMul pipe-
lines, enabling scalable execution for scientific applications
long considered incompatible with AI accelerators.
• QuantMako delivers AI-inspired quantization into quantum
chemistry, unlocking low-precision throughput while pre-
serving scientific fidelity.
• CompilerMako pioneers a compiler-inspired framework
that elevates quantum chemistry from handcrafted kernels
to systems-level scheduling, scaling across high-angular-
momentum regimes and heterogeneous architectures.
• Mako delivers the first system to bring deep learning–style
scalability to quantum chemistry—fulfilling long-standing
visions of harnessing AI accelerators for scientific comput-
ing [35, 36, 60].

2 Background and Challenges
2.1 Quantum Chemistry and Electron

Repulsion Integrals
DFT has emerged as the de facto standard in quantum chemistry,
offering a favorable trade-off between computational efficiency and
predictive accuracy [10, 76, 94]. A typical DFT workflow comprises
three computational stages: (1) the evaluation of ERI, (2) the applica-
tion of exchange-correlation functionals, and (3) the diagonalization
of the Fock matrix [20, 25, 40, 62, 124].

Among these, ERI evaluation is the primary bottleneck, often
accounting for up to 80% of the total runtime in practical com-
putations [13, 14, 167]. This stems from both its computational
complexity, which scales as𝑂 (𝑁 4) concerning the number of basis
functions 𝑁 , and its irregular execution patterns, which hinder
effective parallelization and accelerator utilization [14, 63, 103].

Each ERI quantifies the Coulomb interaction between two elec-
trons and involves four basis functions:

(𝑎𝑏 | 𝑐𝑑) =
∬

𝜙𝑎 (r1) 𝜙𝑏 (r1) 𝜙𝑐 (r2) 𝜙𝑑 (r2)
|r1 − r2 |

𝑑r1𝑑r2 . (1)

Each basis function 𝜙 (r) is a contracted Gaussian function (CGF),
expressed as a linear combination of multiple primitive Gaussian
functions (PGFs):

𝜙 (r) =
∑︁𝐾

𝑖=1
𝑐𝑖𝜑𝑖 (r), (2)

where 𝐾 denotes the number of primitive functions in the contrac-
tion, 𝑐𝑖 are contraction coefficients, and 𝜑𝑖 (r) are the PGFs.

Both CGFs and their constituent PGFs are associated with an
angular momentum quantum number 𝑙 , which determines their
orbital character: 𝑙 = 0 (s), 𝑙 = 1 (p), 𝑙 = 2 (d), 𝑙 = 3 (f), 𝑙 = 4 (g),
etc. Notably, ERIs sharing the same angular momentum pattern
can follow shared evaluation routines, enabling partial reuse of
computational paths.

To facilitate ERI evaluation, basis functions with identical PGF
definitions and angular momentum values are grouped into shells.
Each shell contains 2 ∗ 𝑙 + 1 spherical CGFs. In practice, ERIs are
computed over shell quartets—combinations of four shells denoted
as (𝐴𝐵 |𝐶𝐷), which serve as the basic unit of ERI computation.
This organization supports structured traversal and intermediate
reuse, although the computation remains challenging to optimize
on modern accelerator architectures.

2.2 AI Accelerators and the Matrix-Aligned
Computing Stack

Modern AI accelerators, such as NVIDIA and AMD GPUs, Google
TPUs, and custom AI ASICs [24, 69, 70, 132, 133], are increasingly
architected around tensor core units designed to optimize matrix
multiplication and accumulation (MMA), as expressed in Equa-
tion (3):

𝐷𝑚×𝑛 = 𝐴𝑚×𝑘 × 𝐵𝑘×𝑛 +𝐶𝑚×𝑛 . (3)

The proliferation of such hardware has catalyzed a co-evolving
software ecosystem aimed at bridging algorithmic expressiveness
and hardware efficiency. Frameworks such as CUTLASS, Triton, and
TVM provide fine-grained control over kernel scheduling, memory
hierarchy management, and precision tuning, thereby enabling
high-performance kernel generation across diverse workloads [22,
82, 115, 144, 148, 149].

NVIDIA Tensor Cores are chosen as the baseline accelerator in
this work due to their wide adoption and well-established software
support. Table 1 summarizes the peak throughput of Tensor Cores
versus CUDA cores on an A100 GPU. The performance advantage
is especially pronounced in low-precision formats such as FP16 and
BF16, where Tensor Cores outperform general-purpose cores by up
to 4× [113].

To harness this hardware, CUTLASS (CUDA Templates for Lin-
ear Algebra Subroutines) provides a high-performance, modular
CUDA C++ template library developed by NVIDIA. It decomposes
computations into composable MMA-based primitives with support
for fine-grained parallelism, flexible layout tuning, and architecture-
aware scheduling. CUTLASS also supports GPU generations from
Volta to Blackwell, enabling scalable performance across hardware
revisions [115].
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2.3 Opportunity: Giving Hardware What It
Wants

The future of HPC lies not in ever-more intricate algorithmic hand-
crafting, but in expressing computations in forms that modern
hardware can natively and efficiently execute [126]. Contempo-
rary accelerators are fundamentally optimized for dense, regular,
and matrix-aligned workloads—an execution paradigm that stands
in stark contrast to the irregular, branching-intensive nature of
many scientific applications, such as quantum chemistry. This gap
stems not only from technical limitations but also from historical
mismatches in architecture and computational methodologies. Sci-
entific software has historically been architected without regard
for the constraints—or opportunities—of today’s accelerator-rich
landscape.

This growing disconnect calls for a paradigm shift: rather than
retrofitting legacy codes onto incompatible hardware, we ask
whether the computations themselves can be structurally reimag-
ined to match the strengths of modern accelerators. In this view,
structure, numerical precision, and compiler orchestration are not
limitations to be tolerated—they are active design dimensions to
be exploited. By reformulating scientific workloads into structured,
accelerator-friendly representations, we unlock a new frontier of
co-design, where scientific computation no longer struggles against
hardware evolution, but advances in tandem with it.

2.4 Challenges: Why Existing Work Can’t
Quench the Thirst With This Opportunity?

2.4.1 Partial Reformulations Miss the Target. Despite decades of
optimization, traditional ERI evaluation methods—such as Head-
Gordon–Pople [58], Obara–Saika [118], and Rys quadrature [129]—
remain fundamentally misaligned with modern AI accelerators.
These recursive and branch-heavy formulations exhibit irregular
control flow and memory access, limiting vectorization and thread-
level parallelism while incurring high register pressure, especially
for high-angular-momentum integrals. Even optimized GPU imple-
mentations such as TeraChem [136, 167] and QUICK [92, 93, 100]
restrict support to angular momentum ≤ 3 due to these structural
inefficiencies.

In response, recent efforts—including LibintbX [6–8], and the
SHARK engine [109]—have begun to express select ERI routines
via BLAS or GPU MatMul backends, signaling a shift toward more
accelerator-friendly execution. However, the resulting matrix op-
erations are typically narrow in scope, fragmented across many
small kernels, and disconnected from the broader computational

Table 1: A100 GPU SPECIFICATIONS

Precision Tensor Core CUDA Core Speedup

FP64 19.5 TFLOPS 9.7 TFLOPS 2x
FP32/TF32 156 TFLOPS 19.5 TFLOPS 8x
BF16 312 TFLOPS 78 TFLOPS 4x
FP16 312 TFLOPS 78 TFLOPS 4x

structure. Such isolation undermines opportunities for operator fu-
sion, layout-aware data orchestration, and instruction-level schedul-
ing—key enablers of performance on modern accelerators designed
for large, regular, and deeply pipelined matrix workloads.

2.4.2 Precision-Agnostic Design Limits Acceleration. While AI ac-
celerators excel at low-precision matrix operations, most scientific
applications—DFT included—remain locked in full FP64 [13, 14, 46].
This rigidity stems not only from accuracy concerns but from
a deeper architectural limitation: scientific codes are typically
precision-agnostic, lacking the infrastructure to express or man-
age numerical fidelity at runtime. Although early efforts—such as
Schwarz-bound–based truncation [136] and adaptive SCF thresh-
olds [90]—have been adopted in some commercial packages, these
approaches operate at a coarse algorithmic level, often substituting
entire kernels with FP32 variants [73]. Critically, they overlook key
enablers of deep learning–level quantization: semantic expressive-
ness [44, 88] and runtime adaptability [88, 137]. Current systems
offer no way to declare tolerance bounds, encode phase sensitivity,
or orchestrate precision scheduling—precluding any systematic use
of low-precision hardware paths.

2.4.3 Code-Centric Paradigms Block System-Level Scalability. ERI
development in quantum chemistry follows three paradigms: man-
ual optimization [100], meta-programming [3, 6–8, 152], and code
generation [46, 71, 177]. Each offers trade-offs between expressive-
ness, maintainability, and portability—but all struggle with scala-
bility with increasing angular momentum. As angular momentum
rises, both the number of ERI classes and the intra-class compu-
tational diversity grow combinatorially, making handcrafted or
statically specialized kernels unsustainable. Meta-programming [3,
32, 152] offers concise abstraction but lacks automated awareness of
hardware architecture. Code generators [46, 71, 177] emit optimized
kernels but rely on rigid heuristics that struggle to generalize across
GPU architectures or support high-angular momentum workloads.
As a result, even state-of-the-art libraries either cap angular mo-
mentum support or rely on brute-force generation of thousands of
brittle, non-reusable kernels—blocking generalizable system-level
scalability.

3 Mako Design
3.1 KernelMako
Traditional ERI methods—such as recursive algorithms or
quadrature-based schemes—exhibit highly irregular computation
and memory access patterns, making them ill-suited for AI ac-
celerators that thrive on regular, high-throughput matrix work-
loads [58, 118, 129]. To close the performance gap and fully exploit
accelerator hardware, we revisit ERI evaluation from a matrix-
aligned perspective.

Recent work has demonstrated that ERIs can, in principle, be
reformulated as structured matrix operations [6, 109, 145]. One
such reformulation leverages the McMurchie-Davidson (MMD) al-
gorithm to express ERIs in terms of Hermite Gaussian integrals,
enabling a basis transformation into MatMul [6, 97, 109]. As shown
in Algorithm 1, the process begins by recursively computing a set
of one-index Hermite integrals, which we refer to as r-integrals



Matrix Is All You Need: RearchitectingQuantum Chemistry to Scale on AI Accelerators SC ’25, November 16–21, 2025, St Louis, MO, USA

r_integrals

transpose

pq_integrals

MatMul1

...

…

𝐾𝐴𝐵

MatMul2

𝐾𝐶𝐷

operator-level 
optimization

1

2

3

Load Main 
Computation Store StoreLoad Main 

Computation

Load Main 
Computation StoreMain 

Computation

Load

overlap computation and 
memory transfer 

reduce non-computational overhead

kernel launch 
latency

memory 
transfer

computation 
task(a) (b)

Figure 1: Operator-level Optimizations of KernelMako

([r̃] (𝑚) ), starting from the central quantity [0] (𝑚) , which is associ-
ated with the Boys function 𝐹𝑚 (𝑥):

[r̃] (𝑚) ≡
(
𝜕

𝜕𝑥𝑅

)𝑟𝑥 (
𝜕

𝜕𝑦𝑅

)𝑟𝑦 (
𝜕

𝜕𝑧𝑅

)𝑟𝑧
[0] (𝑚) . (4)

The value of 𝐹𝑚 (𝑥) is computed using the improved cubic Cheby-
shev interpolation method developed by Gill et al. [49], with the
interpolation coefficients stored in a lookup table. These r-integrals
are then constructed via the recursive relation:

[r̃ + 1𝑖 ] (𝑚) = 𝑟𝑖 [r̃ − 1𝑖 ] (𝑚+1) + (𝑃𝑖 − 𝑄𝑖 ) [r̃] (𝑚+1) . (5)

Subsequently, the two-index Hermite integrals [p̃ | q̃] are evaluated
in parallel based on the precomputed one-index terms:

[p̃ | q̃] ≡ (−1)𝑙q [p̃ + q̃] (0) (6)

Finally, the transformation from the Hermite to the AO basis is
executed via matrix multiplication:

[ab | q̃] =
∑︁
p̃

𝐸
p̃
ab [p̃ | q̃], [ab | cd] =

∑︁
q̃

𝐸
q̃
cd [ab | q̃] . (7)

The basis transformation constitutes the predominant portion
of the computational cost in this process [6]. While this offers a
compelling foundation for matrix-based execution, naive imple-
mentation still leaves substantial performance on the table due
to kernel launch overhead, uncoalesced memory traffic, and mis-
matched parallelism between fused operators.

To address these challenges, we introduce KernelMako, a fused
kernel execution framework that performs ERI evaluation through
fine-grained operator-level optimization. As shown in Figure 1 (a),
the design of KernelMako is driven by three key techniques: ❶

Algorithm 1: The Matrix-Aligned Form of the MMD Algorithm
Input: Shell 𝑎, 𝑏, 𝑐 , 𝑑 ; 𝐸𝐴𝐵 ; 𝐸𝐶𝐷

Output: (𝑎𝑏 |𝑐𝑑 )
1 for 𝑖 ← 0 to 𝐾𝐶𝐷 do
2 for 𝑗 ← 0 to 𝐾𝐴𝐵 do
3 [𝑟 ] = compute 𝑟 integrals() ;
4 transpose([𝑟 ]) ;
5 [𝑝 |𝑞 ] = compute 𝑝𝑞 integrals() ;
6 basis transformation: (𝑎𝑏 |𝑞 ] += 𝐸𝐴𝐵 ⊗ [𝑝 |𝑞 ] ;
7 end
8 basis transformation: (𝑎𝑏 |𝑐𝑑 ) += (𝑎𝑏 |𝑞 ] ⊗ 𝐸𝐶𝐷 ;
9 end
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MatMul
<<<B, T2>>>

Block-Level Parallelism (B):
Thread-Level Parallelism (T2):
…
Compute pq_integrals_loop
MatMul
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(a) Parallel Granularity Conflicts (b) Instruction-Level Parallelism

Figure 2: Implicit Instruction Parallelism

Implicit Instruction Parallelism that fuses MatMul and non-MatMul
tasks; ❷ Lightweight Layout Swizzle that reshape internal structures
into MatMul–friendly formats; and ❸ GEMM Coalescing, which
fuse back-to-back GEMM operations to maximize AI accelerators
throughput. Figure 1 (b) illustrates the resulting performance bene-
fits in twofold: (1) it markedly reduces non-computational overhead,
including memory traffic to global memory for storing and loading
intermediate results and kernel launch latency, thereby minimizing
the idle time of AI accelerator; (2) it enables the overlap of compu-
tation and memory loading, further boosting overall efficiency.

3.1.1 Implicit Instruction Parallelism. The locally optimal parallel
granularity of different operators varies considerably, driven by the
distinct computation patterns of each stage in ERI workflow. For
instance, MatMul typically demands substantial on-chip resources
that limit the number of threads per thread block (𝑇 2), whereas non-
matmul operators (especially memory-intensive operators) often
benefit from a higher degree of thread-level parallelism (𝑇 1). This
mismatch gives rise to Parallel Granularity Conflicts (𝑇1 ≠ 𝑇2),
which pose a significant challenge when fusing diverse operators
into a single kernel.

Here, implicit Instruction-Level Parallelism (ILP), operating at a
lower level than Thread-Level Parallelism (TLP) and ThreadBlock-
Level Parallelism (BLP), is introduced to bridge the disparities in
parallel granularity across different operators in ERI workflow. It
enhances the flexibility of BLP and TLP, facilitating efficient fusion
of MatMul and non-MatMul operators.

In the ERI computation of Mako, as shown in Figure 2, the
𝑝𝑞_𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑙𝑠 operator is initially aligned with the coarser-grained
parallelism of 𝑀𝑎𝑡𝑀𝑢𝑙 at both the BLP and TLP levels. However,
this alignment reduces the explicit parallelism of 𝑝𝑞_𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑙𝑠 , de-
grading its computational efficiency. To compensate for this lim-
itation, Mako further applies implicit ILP within each thread of
𝑝𝑞_𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑙𝑠 by restructuring its inner loop. As these loops exhibit
no data dependencies, instruction scheduling can be leveraged to
fuse and reorder multiple iterations for concurrent execution at the
instruction level, effectively boosting ILP. Theoretically, even when
the 𝐵𝐿𝑃𝑛𝑒𝑤 and𝑇𝐿𝑃𝑛𝑒𝑤 of 𝑝𝑞_𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑙𝑠 are suboptimal, increased
ILP can elevate its total effective parallelism to a near-optimal level:

𝐵𝐿𝑃𝑛𝑒𝑤 × 𝑇𝐿𝑃𝑛𝑒𝑤 × 𝐼𝐿𝑃 ≈ 𝐵𝐿𝑃𝑜𝑝𝑡𝑖𝑚𝑎𝑙 × 𝑇𝐿𝑃𝑜𝑝𝑡𝑖𝑚𝑎𝑙 (8)

3.1.2 Lightweight Layout Swizzle. The matrix operators in the ERI
computations encounter unexpected challenges due to layout con-
sistency in memory organization.
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Blocked Layout (BL): All parameters corresponding to a spe-
cific shell quartet are stored contiguously in memory.

Striped Layout (SL): Each parameter of a shell quartet is sepa-
rated in memory by a logical stride equal to the 𝑞𝑢𝑎𝑟𝑡𝑒𝑡_𝑏𝑎𝑡𝑐ℎ𝑠𝑖𝑧𝑒 .

Efficient MatMul execution requires the pq integrals com-
puted by the 𝑝𝑞_𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑙𝑠 to be organized in BL. However, before
𝑝𝑞_𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑙𝑠 are evaluated, the parameters are organized in SL to
enable memory coalescing and maximize global memory band-
width, as each thread is responsible for a single shell quartet. This
mismatch creates the layout inconsistency that must be resolved to
unlock optimal MatMul performance on AI accelerators. The most
direct solution is to perform an explicit transpose of the data, but
this approach incurs substantial I/O overhead due to heavy global
memory traffic, thus degrading performance.

To address this challenge, we propose a lightweight layout trans-
formation strategy that exploits shared memory (SMEM) bank prop-
erties and a swizzling technique to perform an in-place, entirely
conflict-free transposition within SMEM. Crucially, this transforma-
tion is embedded within the computation of the 𝑟 integrals—whose
total volume is much smaller than that of the 𝑝𝑞 integrals—thus re-
ducing memory pressure. The swizzling technique rearranges data
access patterns to avoid bank conflicts during both load and store,
without increasing SMEM usage. Swizzling reorders the relative po-
sitions of elements within each SMEM row, effectively optimizing
memory access efficiency.

To formalize this mechanism, we define a bijective mapping
between logical and physical coordinates:(

𝑥𝑝 , 𝑦𝑝
)
= 𝑓 (𝑥𝑙 , 𝑦𝑙 ) . (9)

Themappingmust satisfy two key conditions: (1) it must be bijective
to preserve one-to-one address correspondence, and (2) it must
maintain the original domain ranges of both 𝑥 and 𝑦 to ensure
indexing validity. Here, we omit the detailed proof, and the mapping
relation eq(10) satisfies the aforementioned conditions. ⊕ denotes
the bitwise exclusive OR (XOR) operation.

𝑥𝑝 = 𝑥𝑙 ⊕ 𝑦𝑙 , 𝑦𝑝 = 𝑦𝑙 (10)

After swizzling, as illustrated in Figure 3, data is stored in SMEM
in a bank-conflict-free manner and subsequently accessed with the
same access efficiency. This process effectively realizes a lightweight
layout transformation in a memory-efficient way.

3.1.3 GEMMCoalescing. Given that high angular momentum ERIs
present a major computational bottleneck and are essential to quan-
tum chemical accuracy, we take them as a case study to demonstrate
how Mako achieves extreme optimization of MatMul performance
in ERI.

High angular momentum CGFs typically exhibit low contraction
degrees 𝐾 . For example, in the def2-QZVP basis set, the g-orbital
CGFs corresponding to most chemical elements have 𝐾 = 1. This
physical property enables new optimization opportunities for high
angular momentum ERI computations. In particular, for (44|44)
integrals with 𝐾𝐴𝐵 = 𝐾𝐶𝐷 = 1, the basis transformation reduces to
two back-to-back MatMul operations:

(𝑎𝑏 |𝑐𝑑 ) = 𝐸𝐴𝐵 ⊗ [𝑝 |𝑞 ] ⊗ 𝐸𝐶𝐷 . (11)

The sequential structure creates an ideal opportunity for fusion.
Executing them within a single fused kernel allows intermediate
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results to reside entirely in on-chip memory and enables overlap-
ping of matrix I/O with computation, thereby improving overall
efficiency.

However, such fusion is nontrivial due to the divergence in
parallelization strategies between the two MatMul operations. As
depicted in Figure 4, KernelMako overcomes this by adopting a
unified N-dimension tiling scheme, wherein each thread block is
responsible for a fixed tile in the output matrix along the N axis.
On the shared memory level, these tiles are mapped onto warps
(Warp0–Warp3) in a consistent pattern across both MatMul stages.
This design ensures that the output of the first MatMul is directly
retained in warp-local on-chip memory and immediately consumed
by the second MatMul, thereby reducing memory traffic and im-
proving AI accelerators throughput.

KernelMako maximizes AI accelerator throughput by leveraging
implicit instruction parallelism, lightweight layout swizzle, and
GEMM coalescing to fully exploit operator-level optimizations and
translate them into a memory-efficient computational paradigm.

3.2 QuantMako
While KernelMako has enabled a MatMul-centric reformulation
of ERI algorithms and achieved up to 2× performance gains even
under FP64, this only scratches the surface of AI accelerator po-
tential. As discussed in Section 2.4.2, unlocking the full through-
put of low-precision units such as FP16 and TF32 remains a core
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mulation

challenge—one constrained by the precision rigidity of quantum
chemistry workloads.

To address this, we introduce QuantMako, a physics-informed
quantization framework designed to maximize performance on AI
accelerators without compromising scientific fidelity. QuantMako
is built on two key insights: (1) Progressive SCF Tolerance. During
early iterations, the SCF process can tolerate moderate precision
loss without affecting the final convergence [90, 136]. (2) Integral
Sparsity. Within ERI-heavy workloads, a large portion of integrals
contribute marginally to the final result—an opportunity revealed
by Schwarz screening and magnitude-based filtering [71, 136, 156].

Building on these insights, QuantMako employs a three-pronged
strategy to exploit low-precision acceleration while preserving
scientific accuracy.

3.2.1 Fine-GrainedQuantization. Directly replacing all ERI com-
putations with low-precision arithmetic introduces significant nu-
merical errors and risks overflow or underflow due to the limited
dynamic range of FP16. QuantMako mitigates this by applying fine-
grained quantization at both the computational workflow and data
representation levels, as illustrated in Figure 5.

At the computational level, QuantMako differentiates between
precision-sensitive and compute-intensive stages of ERI evaluation.
It preserves high-precision arithmetic for the recursive integral
generation step—known for its numerical fragility—while intro-
ducing FP16 arithmetic into the basis transformation step for the
first time. This selective substitution unlocks the full throughput
of low-precision AI accelerators, offering up to a theoretical 16×
speedup compared to single-precision implementations.

At the data representation level, QuantMako introduces an an-
gular momentum-aware quantization strategy to mitigate the preci-
sion degradation caused by naive global scaling. ERI input tensors
often exhibit wide dynamic ranges across different angular momen-
tum levels. Uniformly scaling all inputs—e.g., by aligning the global
maximum with the FP16 representable bound—amplifies quantiza-
tion sensitivity to outlier values, leading to severe accuracy loss.
Instead, QuantMako groups integral input data by angular momen-
tum level, applying dedicated scaling factors within each angular
momentum-specific ERI kernel. This grouping aligns the numerical
range of each block with the representable FP16 range, significantly
improving quantization robustness.

3.2.2 Dual-Stage Accumulation. To preserve numerical robustness,
QuantMako incorporates a dual-stage high-precision accumulation
mechanism. Firstly, within the ERI computation, the outputs of the
FP16-based basis transformation are accumulated using FP32 preci-
sion. These intermediate results are then rescaled by the inverse
of their quantization scaling factors to perform dequantization, en-
suring that numerical fidelity is preserved during the transition
from low-precision arithmetic. Secondly, during the construction
of the Fock matrix, these FP32 integrals are further accumulated
into FP64-precision buffers. Although ERIs are computed using fine-
grained quantization, the Fock matrix is consistently maintained
at full FP64 precision throughout the entire quantum chemistry
pipeline.

This design ensures that while the compute-intensive stages
benefit from low-precision performance, the final output maintains
full double-precision fidelity, satisfying the accuracy demands of
quantum chemistry.

3.2.3 Convergence-Aware Scheduling. Although Fine-Grained
Quantization and Dual-Stage Accumulation enable the construction
of quantized ERI kernels, determining when and where to apply
them remains non-trivial. To address this, QuantMako adopts
a convergence-aware scheduling strategy grounded in well-
established mixed-precision techniques extensively validated in
commercial quantum chemistry software [71, 136]. At the integral
level (mixed precision), QuantMako leverages density-weighted
Schwarz screening and numerical thresholds to classify integrals
by importance: critical ones are evaluated with FP64 kernels,
moderately important ones with quantized kernels, and negligible
ones are pruned. At the iterative level (dynamic precision), it
exploits the SCF procedure’s inherent tolerance to numerical
error by applying relaxed precision thresholds during early
iterations—favoring quantized kernels—and gradually tightening
them as convergence nears, ensuring FP64-level accuracy.

By coordinating both scheduling dimensions, QuantMako sys-
tematically balances performance and accuracy, fusing domain
knowledge with hardware characteristics to unlock selective low-
precision execution at scale.

3.3 CompilerMako
Although KernelMako and QuantMako successfully leverage AI
accelerators for matrix-aligned ERI, a critical challenge remains:
how to achieve scalable performance across the full diversity of
ERI variants and heterogeneous GPU architectures. The combina-
torial explosion of ERI classes with increasing angular momentum
(angular momentum), combined with architectural variation across
platforms, renders hand-tuned or statically generated kernels brittle,
unscalable, and unportable.

To overcome this, we introduce CompilerMako, a compiler-
guided framework that transforms ERI kernel generation into a
system-level scheduling and tuning problem. At its core, Compil-
erMako is grounded in the observation that ERI instances—when
grouped by angular momentum and contraction degree—follow a
finite set of static execution patterns. Analogous to fixed operator
graphs in neural networks, these static patterns enable ahead-of-
time analysis, fusion, and tuning.
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CompilerMako consists of two key strategies: (1) Reuse-Guided
Planning captures the static structure of ERI computations and
selects fusion strategies that maximize data reuse and on-chip mem-
ory efficiency across diverse kernel variants; (2) Architecture-Tuned
Compilation generatesMatMul-centric kernels using CUTLASS and
automatically tunes them for different GPU architectures, achieving
near-peak performance without manual retuning.

3.3.1 Reuse-Guided Planning. Reuse-Guided Planning leverages
the static nature of ERI computations to perform architecture-
aware fusion that maximizes intermediate reuse within the con-
straints of on-chip memory. The ERI pipeline consists of sequential
stages—recursive integral evaluation (𝑟 ), parallelizable pairwise
contractions (𝑝𝑞), and MatMul-based basis transformation—each
producing deterministic intermediate tensors for a given angular
momentum (angular momentum) class. These fixed reuse patterns,
combined with the limited shared memory per streaming multi-
processor (SM), allow for precise compile-time analysis of fusion
feasibility.

Given a candidate fusion strategy F , we estimate the total shared
memory usage 𝑆 (F ) by summing the sizes of all live intermediate
tensors within a thread block:

𝑆 (F) =
∑︁

𝑇 ∈Live(F)
Size(𝑇 ) (12)

To maintain high occupancy and enable latency hiding via warp
scheduling, we enforce the architectural constraint:

𝑆 (F) ≤ 1
2
· SMEMmax (13)

This constraint ensures that at least two thread blocks can be
resident on each SM. Additionally, the thread block size is set to a
multiple of the warp size to facilitate coalesced memory access and
efficient warp-synchronous execution.

We then explore the space of fusion strategies, parameterized by
fusion granularity (e.g., fusing 𝑟 and 𝑝𝑞 stages or treating them sep-
arately), and select the optimal fusion strategy F ∗ that maximizes
reuse, minimizes global memory traffic, and respects architectural
limits. Since reuse patterns and memory footprints are fully analyz-
able at compile time for each ERI class, the resulting fusion strategy
is generated once offline and reused across all integrals within the
class—ensuring robust, architecture-aware performance portability.

3.3.2 Architecture-Tuned Compilation. Architecture-Tuned Compi-
lation builds upon CUTLASS’s tunable primitives to deliver near-
peak MatMul performance across diverse GPU architectures, with-
out requiring manual retuning. For each ERI class, CompilerMako
generates two precision-specific kernel variants—quantized and
FP64—each requiring distinct performance configurations due to
their differing arithmetic intensity and resource usage.

To tune these kernels, CompilerMako adopts a MatMul-centric
optimization strategy, systematically exploring a rich configura-
tion space including tiling sizes, MMA shapes, swizzling policies,
cluster dimensions, threadblock sizes, and data types. While most
parameters directly impact MatMul performance, certain dimen-
sions—especially threadblock shape—also influence shared memory
usage and fusion boundaries, creating a coupling between architec-
ture tuning and fusion strategy selection.

Algorithm 2: Architecture-Tuned MatMul-Centric Compilation
Input: ERI class𝐶 , precision mode 𝑃 ∈ {FP64, FP32, Quant}
Output: Best-tuned kernel configuration 𝑆∗

1 𝐾𝑒𝑟𝑛𝑒𝑙 ← GenerateKernels(𝐶 , 𝑃) ; // Generate base MatMul

kernel for given ERI class and precision

2 𝐵𝑒𝑠𝑡𝑇𝑖𝑚𝑒 ←∞; 𝑆∗ ← NULL;
3 foreach MatMul parameter configuration𝑀 in

ExploreMatMulParams(CUTLASS primitives) do
4 Apply𝑀 to 𝐾𝑒𝑟𝑛𝑒𝑙 ;

// Threadblock params may affect fusion strategy

5 𝐹𝑢𝑠𝑒𝑑𝐾𝑒𝑟𝑛𝑒𝑙 ← ReuseGuidedPlanning(𝐾𝑒𝑟𝑛𝑒𝑙 ,𝑀);
// Use implicit instruction parallelism

6 foreach ILP factor 𝐼 ∈ {1, 2, . . . , 32} do
7 𝑇𝑢𝑛𝑒𝑑𝐾𝑒𝑟𝑛𝑒𝑙 ← TuneILPSettings(𝐹𝑢𝑠𝑒𝑑𝐾𝑒𝑟𝑛𝑒𝑙 , 𝐼);
8 𝑡 ← ProfileAndMeasure(𝑇𝑢𝑛𝑒𝑑𝐾𝑒𝑟𝑛𝑒𝑙);
9 if 𝑡 < 𝐵𝑒𝑠𝑡𝑇𝑖𝑚𝑒 then
10 𝐵𝑒𝑠𝑡𝑇𝑖𝑚𝑒 ← 𝑡 ;
11 𝑆∗ ← (𝑇𝑢𝑛𝑒𝑑𝐾𝑒𝑟𝑛𝑒𝑙 ) ;
12 end
13 end
14 end
15 return 𝑆∗

Once threadblock-level configurations are fixed, CompilerMako
invokes Reuse-Guided Planning to derive the optimal fusion strat-
egy compatible with the hardware constraints. This fused execution
plan is then compiled into architecture-specialized code. Finally,
CompilerMako performs a lightweight tuning pass to select the
optimal ILP settings, ensuring sufficient warp occupancy and miti-
gating any thread-level inefficiency introduced during fusion.

Through this integrated workflow, CompilerMako automatically
produces high-performance ERI kernels tailored to specific architec-
tures and workloads. By abstracting both hardware variability and
algorithmic complexity, it enables portable, scalable performance
across heterogeneous accelerator platforms—eliminating the need
for labor-intensive, architecture-specific tuning traditionally re-
quired in quantum chemistry systems.

4 Implementation
To efficiently realize operator-level optimizations, harness low-
precision computation benefits, and automate the achievement
of near-peak performance, the Mako system leverages tunable
low-level CUTLASS primitives [115]. These primitives allow fine-
grained control over thread-level execution and precision-specific
data handling within GPU kernels, effectively overcoming limita-
tions posed by fixed and non-customizable device-side APIs such
as cuBLAS [114].

KernelMako. We implement implicit instruction paral-
lelism by introducing an instruction scheduling factor into the
𝑝𝑞_𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑙𝑠 loop as a template parameter. This factor is jointly
optimized with CUTLASS primitives’ parameters to achieve
optimal ILP efficiency (Section 3.1.1). To enable efficient and
conflict-free SMEM transposition, we utilize the Swizzling Functor
cutlass.cute.Swizzle [117] for layout transformations across
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FP64, FP32, and FP16 precisions (Section3.1.2). Additionally, in-
spired by the CUTLASS example of back-to-back convolution fu-
sion [110], KernelMako adopts GEMM coalescing to overlap Mat-
Mul computations with memory access, significantly improving AI
accelerator throughput (Section 3.1.3).

QuantMako. We achieve flexible and fine-grained precision
management within quantized ERI kernels by utilizing specific
CUTLASS primitives, such as cute::transform for precision con-
version and cute::MMA_Atom for precision accumulation [111] (Sec-
tion 3.2.1 & 3.2.2). This targeted approach effectively exploits the
performance advantages of low-precision arithmetic without indis-
criminately applying it to all computations, thus ensuring scientific
accuracy.

CompilerMako. We employ a Reuse-Guided Planning algo-
rithm to systematically generate and evaluate optimal kernel fusion
candidates for ERI computations across various precision levels and
angular momentum scenarios (Section 3.3.1). By leveraging tunable
CUTLASS template parameters, CompilerMako facilitates adaptive
kernel configuration tailored to specific MatMul shapes and diverse
hardware architectures. Furthermore, we integrate CUTLASS Pro-
filer [112] to automatically benchmark candidate codes, ensuring
selection of the most performant kernel variant fo r the target GPU
architecture (Section 3.3.2)

5 Evaluation
We present a comprehensive evaluation of Mako, encompassing
both fine-grained microbenchmarks—targeting individual kernel-
level optimizations—and holistic end-to-end evaluation that as-
sesses the system’s efficiency, effectiveness, and scalability in accel-
erating quantum chemistry workloads on AI accelerators.

5.1 Microbenchmarks
To ensure a fair and accurate performance analysis, we focus on
microbenchmarking ERI computations by isolating and evaluating
performance across distinct ERI kernel types. Inspired by recent
practices in LibintX [6–8], we adopt a similar methodology that ex-
cludes auxiliary factors—such as screening heuristics—which may
obscure the core performance characteristics. We further advocate
for the broader adoption of microbenchmark-based evaluation, as
it provides clearer and more reproducible insights into ERI perfor-
mance.
Metrics. We use a key performance metric that directly reflects
computational throughput: 𝑆ℎ𝑒𝑙𝑙𝑄𝑢𝑎𝑟𝑡𝑒𝑡𝑠𝑝𝑒𝑟𝑆𝑒𝑐𝑜𝑛𝑑 . This metric
measures the number of shell quartets computed per unit time,
offering a precise indicator of raw computational efficiency.
State-of-the-arts. We compare the ERI kernels of Mako against
LibintX, the latest ERI computation library developed by the Libint
team [160]. Among the existing implementations, LibintX is the
only one that provides standalone ERI kernel interfaces, making it
suitable for fine-grained microbenchmarking. This choice is also
driven by the fact that most quantum chemistry software packages
employ tightly coupled computation pipelines, which hinder the
isolation of individual kernel components for benchmarking pur-
poses. A broader comparison with additional software packages
will be presented in the next section.

Machines.All microbenchmark evaluations are conducted on a sin-
gle NVIDIA A100 Tensor Core GPU (Ampere architecture, Compute
Capability 8.0) [113].

5.1.1 State-of-the-art Comparison. We evaluate the double-
precision performance of Mako against LibintX (which also sup-
ports FP64 only) using the defined microbenchmark metric. As
shown in Figure 6, we report results for three representative con-
traction degrees—{1,1}, {1,5}, and {5,5}—spanning different levels of
angular momentum complexity. Across these configurations, Mako
achieves average speedups of 2.67×, 2.34×, and 3.11× under the con-
traction degrees of {1,1}, {1,5}, and {5,5}, respectively. These results
demonstrate consistent performance advantages across a range of
ERI kernel types, highlighting Mako’s effectiveness in accelerating
quantum chemistry primitives.

5.1.2 Ablation Study. To evaluate the contribution of key opti-
mization components in Mako to performance improvement, we
conduct an ablation study starting from the baseline implemen-
tation and incrementally incorporating Mako’s core techniques.
As shown in Figure 7(a), introducing KernelMako significantly
reduces memory transfer overhead, resulting in a notable improve-
ment in ERI kernel computation throughput, as profiled by NVIDIA
Nsight Compute [116]. Building upon this optimization, the appli-
cation of CompilerMako for automated performance tuning further
boosts computational throughput, achieving an average 3.98× over-
all speedup.

We further perform a comprehensive evaluation of QuantMako,
focusing on both performance and numerical accuracy. By exploit-
ing the full potential of AI accelerators, QuantMako delivers an
average 4.8× speedup over conventional FP64-based kernels as
shown in Figure 7(b). Beyond performance, we examine the nu-
merical stability of QuantMako’s (AB|CD) ERI kernels. Treating the
FP64 output as the reference, Figure 7(c) reports the Root Mean
Squared Error (RMSE) [59] of the (AB|CD) kernels computed by
QuantMako. As shown in Table 2, QuantMako reduces RMSE by
4.34× compared to FP16, reaching a precision level that closely
approximates FP32. To further ensure scientific reliability, we in-
corporate the Convergence-Aware Scheduling strategy described
in Section 3.2.3. This allows Mako to preserve end-to-end accu-
racy that robustly satisfies the stringent precision requirements of
quantum chemistry workloads, as demonstrated in Section 5.2.1.

5.2 End-to-End Evaluation
In this section, we present an end-to-end evaluation of Mako, fo-
cusing on both accuracy and performance across a diverse set of
representative cases derived from real-world production scenarios.
Datasets. For accuracy validation, we emphasize structural and
chemical diversity by constructing a dataset comprising over 200
molecules with varying sizes and compositions. This dataset in-
cludes molecules from the tmQM [11] and PubChem [75] databases.

Table 2: Numerical error comparisons with FP32 and FP16

Kernel Version Baseline FP32 QuantMako Baseline FP16

RMSE 2.67e-6 3.36e-5 1.46e-4
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Figure 6: [Microbenchmarks]: FP64 ERI Kernels of Mako Performance Comparison with State-of-the-art on A100

Figure 7: [Microbenchmarks]: Ablation Study

The tmQM dataset provides access to transition-metal-containing
molecules with catalytic activity, while the selected subset from
PubChem features larger structures with a wide range of chemical
compositions. For performance evaluation, we adopt a scalability-
oriented approach by testing systems with varying structural char-
acteristics, specifically targeting linear configurations (e.g., polyg-
lycine chains) and compact, globular structures (e.g., water clus-
ters) [86, 120].
Selection of Basis Sets. We selected two widely used families
of basis sets: (1) def2-TZVP and def2-QZVP, and (2) cc-pVTZ and
cc-pVQZ [42], where T and Q indicate that the respective basis sets
include functions up to a maximum angular momentum of 3 (f-type
basis function) and 4 (g-type basis function), respectively. This sys-
tematic variation in angular momentum allows us to benchmark
Mako’s capability to handle increasingly complex basis sets and the
associated computational demands, thereby enabling more accurate
and scalable quantum chemistry simulations to support scientific
discovery.
State-of-the-arts. Given that many existing methods are either
closed-source or exhibit substantial differences in algorithmic de-
signs, reproducing prior results remains a significant challenge [26,
108, 136]. Nevertheless, we have endeavored to collect and evalu-
ate several widely recognized state-of-the-art quantum chemistry

packages, including QUICK [92, 93, 100], and GPU4PySCF [86, 172],
to enable a comprehensive end-to-end performance comparison.
Aligned Parameter Settings.To ensure a fair and consistent evalu-
ation of Mako’s performance, we adopted a unified set of parameter
settings across all end-to-end experiments. Specifically, we applied
tight convergence thresholds: the SCF convergence criterion to
10−7. Importantly, all two-electron Coulomb (J) and exchange (K)
integrals were computed using analytical expressions, without em-
ploying density fitting or other numerical approximations. For the
exchange-correlation treatment in DFT calculations, we consis-
tently used the B3LYP functional—a widely used hybrid exchange-
correlation functional in DFT [151]. These carefully aligned pa-
rameter choices establish a rigorous and controlled computational
environment for evaluating Mako’s accuracy and efficiency.
Metrics. We use both the average SCF iteration time and the total
execution time to evaluate the overall performance of Mako. The
average SCF iteration time is calculated over 10 iterations, exclud-
ing the first iteration to eliminate initialization overhead [86, 120].
Machines. We conduct single-GPU performance tests on a system
featuring an AMD EPYC 7V13 CPU and an NVIDIA A100 Tensor
Core GPU (Ampere, Compute Capability 8.0) [113]. Multi-GPU
Evaluation. Multi-GPU experiments are run on Azure ND A100 v4
virtual machines. Each node includes 8 NVIDIA A100 Tensor Core
GPUs (40 GB each) and 96 AMD EPYC Rome CPU cores. Nodes are
interconnected with 200 Gb/s NVIDIA Mellanox HDR InfiniBand.
We assign one MPI process per GPU to ensure efficient parallel
execution.

5.2.1 Accuracy Validation. We evaluate the numerical accuracy of
Mako by computing theMean Absolute Error (MAE) against several
widely adopted quantum chemistry packages. The comparison in-
cludes CPU-based software (Psi4 [121] and PySCF [146]) and GPU-
accelerated software (QUICK [92, 93, 100] and GPU4PySCF [86,
172]). Detailed results are presented in Table 3. We consider re-
sults consistent if the total energy difference between any two
implementations is within 1 mHartree [71, 90, 156], a commonly
accepted threshold for chemical accuracy. Under this criterion,
Mako achieves strong numerical agreement with existing software,
demonstrating its correctness and reliability in practical quantum
chemistry workloads. Although the quantized version of the ERI
kernel introduces larger numerical errors compared to its FP64
counterpart, the adoption of the mature QuantMako technique en-
sures that the final computational results remain equally accurate.

5.2.2 Single GPU Performance Comparison. Figure 8 presents
an end-to-end performance comparison between Mako and
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Figure 8: [End-to-End]: Performance Comparison with State-of-the-art on Single A100 GPU
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Figure 9: [End-to-End]: Average Speedup across Basis Sets
with Progressively Higher Angular Momentum

Table 3: Mean Absolute Error in the Total Energy of the Con-
verged DFT Calculations Using B3LYP XC Functional

Psi4 PySCF QUICK GPU4PySCF

0.023 mHartrees 0.004 mHartrees 0.086 mHartrees 0.004 mHartrees

GPU4PySCF across polyglycine and water cluster systems of in-
creasing size, using def2-TZVP and def2-QZVP that progressively
require higher angularmomentum components. Figure 9 reports the
average speedup of Mako over QUICK and GPU4PySCF across four
different basis sets with the datasets. Due to its lack of support for
g-type basis functions, QUICK does not support the def2-QZVP and
cc-pVQZ basis sets. In contrast, the comparison with GPU4PySCF
reveals a clear trend: Mako exhibits increasingly pronounced per-
formance advantages as the angular momentum of the basis sets
increases.

The results underscore Mako’s robust support for high-angular-
momentum basis sets, enabled by its algorithmic co-design with AI
accelerators. Since such basis sets are essential for high-accuracy
quantum chemical simulations, Mako not only offers superior per-
formance but also demonstrates scalability aligned with the preci-
sion frontier of quantum chemistry, thereby realizing the vision of
AI accelerators scaling quantum chemistry beyond limits.

5.2.3 Scalability Evaluation. To evaluate the scaling performance
of Mako, we studied ubiquitin, a large molecule comprising 1,231
atoms, on 1-8 nodes (1-64 GPUs). As shown in the figure 10, we first
compare the parallel efficiency of Mako and QUICK in a single-node
environment. Mako demonstrates significantly better parallel effi-
ciency, achieving over 90% efficiency on a single node. Furthermore,
we assess Mako’s scalability in a multi-node setup. On the platform

1 2 4 6 8
1
2

4

6

8

St
ro

ng
 S

pe
ed

up

98.1%

91.2%

96.4%

83.1%

92.2%

79.2%

90.7%

72.3%

Single Node

Mako
QUICK
Ideal

8 16 32 48 64
8

16

32

48

64

100.0%
92.4%

84.1%

78.3%

70.7%

Multiple Nodes

Mako
Ideal

Number of A100 GPUs

Figure 10: [End-to-End]: Scalability of Mako

with 8 nodes and a total of 64 A100 GPUs, Mako maintains over 70%
parallel efficiency. It is worth noting that no specific optimization
has been applied to the multi-node parallel implementation yet,
indicating considerable room for further improvement.

6 Related Work
The rapid evolution of GPU architectures has catalyzed the devel-
opment of quantum chemistry software [51, 71, 78, 79, 86, 92, 93,
100, 120, 136, 170, 172, 179], which leverage GPU parallelism to
accelerate key computational kernels. They have explored a variety
of algorithms and implementation strategies for efficient ERI com-
putation [5–8, 13, 99, 152, 158, 175, 176]. In parallel, recent efforts
have sought to leverage single arithmetic to improve throughput
without sacrificing scientific accuracy. Techniques such as mixed
precision [4, 29, 53, 81, 119, 125, 136] have been introduced to ac-
celerate quantum chemistry calculations. Support for high-angular-
momentum basis sets [6, 13, 46, 98, 168] has been introduced to
improve accuracy in large systems, prompting automated code gen-
eration and metaprogramming [6, 8, 46, 68, 152–154] to address the
growing complexity of ERI evaluation.

7 Conclusion
We propose Mako, a matrix-aligned quantum chemistry system
that restructures DFT computations into matrix-aligned, quantized,
and compiler-optimized computations, enabling efficient scaling
on modern AI accelerators while delivering significant speedups
and maintaining scientific accuracy across diverse hardware and
workloads.
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Appendix: Artifact Description
A Overview of Contributions and Artifacts
A.1 Paper’s Main Contributions

C1 We rearchitect Density Functional Theory (DFT) into struc-
tured matrix multiplications (MatMul) pipelines, enabling
scalable execution for scientific applications long considered
incompatible with AI accelerators.

C2 We deliver AI-inspired quantization into quantum chem-
istry, unlocking low-precision throughput while preserving
scientific fidelity.

C3 We pioneer a compiler-inspired framework that elevates
quantum chemistry from handcrafted kernels to systems-
level scheduling, scaling across high-angular-momentum
regimes and heterogeneous architectures.

C4 Wepresent the benchmark and numerical accuracy of Shark,
encompassing the three contributions described above.

C5 We evaluated the scalability of Shark using up to 64 GPUs
by simulating ubiquitin (1,231 atoms) with the def2-TZVP
basis set.

A.2 Computational Artifacts
A1 https://doi.org/10.5281/zenodo.15269220

Artifact ID Contributions Related
Supported Paper Elements

𝐴1 𝐶4 Figure 8, 9
𝐶5 Figure 10

B Artifact Identification
B.1 Computational Artifact 𝐴1

Relation To Contributions
The computational artifact 𝐴1 is a fully developed quantum chem-
istry software constructed based on the insights presented in our
paper, which leverages AI accelerators to scale quantum chemistry
computations beyond traditional limits. Similar to other established
quantum chemistry software, 𝐴1 is employed to perform quantum
chemistry calculations, such as Density Functional Theory (DFT), to
determine the ground-state energies and forces of atomic/molecular
systems. The computational artifact 𝐴1 is a concrete implementa-
tion of contributions 𝐶1, 𝐶2, and 𝐶3. Moreover, both contributions
𝐶4 and 𝐶5 require 𝐴1 for evaluation.

Expected Results
On a single GPU evaluations, the computational artifact 𝐴1 signifi-
cantly outperforms GPU4PySCF and QUICK, achieving increasingly
greater speedups as the angular momentum requirements of the
basis sets grow. Specifically, on an A100 Tensor Core GPU, 𝐴1
attains a 20× speedup compared to GPU4PySCF for challenging
high-angular-momentum basis sets such as def2-QZVP. On multi-
GPU evaluations, the computational artifact𝐴1 maintains a parallel
efficiency exceeding 90% on 8 GPUs and achieves 70% efficiency
across 64 GPUs.

Expected Reproduction Time (in Minutes)
For the water60.xyz case with the def2-QZVP basis set, the expected
computation time of this artifact on an A100 Tensor Core GPU is ap-
proximately 7 minutes. However, fully reproducing Figure 8 would
require several days due to the significantly slower performance of
GPU4PySCF.

Artifact Setup (incl. Inputs)
Hardware:
• AMD EPYC 7V13 CPU
• NVIDIA A100 Tensor Core GPU 80GB

Software:
• GCC 11.4.0
• CUDA Toolkit 12.4
• OpenMPI 4.1.2
• CMake 3.22.1

Datasets: The datasets are provided within the computational arti-
fact 𝐴1.
Installation and Deployment:

# Install other dependencies
bash scripts/install_third_party.sh
# Configure and build
cmake -S. -Bbuild -DCMAKE_BUILD_TYPE=Release
cmake --build build -j $(nproc)

Artifact Execution
The following command serves to execute the compiled Shark sys-
tem.

mpirun -n 1 --cpus -per -proc 6 build/bin/shark --
mol sample/water60.xyz

Here, the -n flag specifies the number of GPUs to be utilized. Both -n
and –cpus-per-proc are parameters associated with the Message
Passing Interface (MPI) and their usage aligns with standard MPI
conventions. The executable file for the compiled Shark quantum
chemistry software is located at build/bin/shark. The input struc-
ture for the calculation is provided in the sample/water60.xyz
file, which can be substituted with other input systems defined in
the XYZ format.

Artifact Analysis (incl. Outputs)
Upon execution, the Shark software will report two key metrics
for assessing its computational performance: the total wall-clock
time of the calculation and the average time taken for each Self-
Consistent Field (SCF) iteration, excluding the initial one. The latter
metric corresponds to the statistical data presented in Figure 8.
Thesemetrics are crucial for evaluating the computational efficiency
of the software.

In addition to performance metrics, Shark will also provide a
breakdown of the energy contributions from different components
of the investigated atomic or molecular system. For the purpose of
verifying the accuracy of the results, the primary focus should be
on confirming that the calculated Total Energy is consistent with
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the Total Energy values obtained from other quantum chemistry
software packages when applied to the identical system using the
same set of parameters.
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