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Numerical code is often executed repetitively and on hardware with limited resources, which makes it a
perfect target for optimizations. One of the most effective ways to boost performance—especially in terms
of runtime—is by reducing the precision of computations. However, low precision can introduce significant
rounding errors, potentially compromising the correctness of results. Mixed-precision tuning addresses this
trade-off by assigning the lowest possible precision to a subset of variables and arithmetic operations in the
program while ensuring that the overall error remains within acceptable bounds. State-of-the-art tools validate
the accuracy of optimized programs using either sound static analysis or dynamic sampling. While sound
methods are often considered safer but overly conservative, and dynamic methods are more aggressive and
potentially more effective, the question remains: how do these approaches compare in practice?

In this paper, we present the first comprehensive evaluation of existing mixed-precision tuning tools for
floating-point programs, offering a quantitative comparison between sound static and (unsound) dynamic
approaches. We measure the trade-offs between performance gains, utilizing optimization potential, and the
soundness guarantees on the accuracy—what we refer to as the cost of soundness. Our experiments on the
standard FPBench benchmark suite challenge the common belief that dynamic optimizers consistently generate
faster programs. In fact, for small straight-line numerical programs, we find that sound tools enhanced with
regime inference match or outperform dynamic ones, while providing formal correctness guarantees, albeit at
the cost of increased optimization time. Standalone sound tools, however, are overly conservative, especially
when accuracy constraints are tight; whereas dynamic tools are consistently effective for different targets, but
exceed the maximum allowed error by up to 9 orders of magnitude.
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1 Introduction

Numerical software is frequently used in resource-constrained systems, where it is essential to
utilize available computational and memory resources efficiently. However, writing efficient and
reasonably accurate numerical code from scratch is challenging due to the unintuitive nature of
finite-precision arithmetic. Developers must account for issues such as over- and underflows, special
values (e.g., o0, Not-a-Number), and rounding errors. This complexity creates a strong demand
for automated methods that analyze program accuracy and generate optimized implementations.
As a result, extensive research has been dedicated to developing analysis [19, 26, 28, 52, 53] and
optimization techniques [13, 15, 17, 40, 47, 50] specifically designed for finite-precision numerical
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programs. When optimizing numerical code, the optimizer must ensure that the optimized code
computes meaningful results while satisfying some accuracy bounds. Therefore, optimizers track
rounding errors to ensure they remain within or close to user-defined thresholds.

Typically, numerical code is optimized for accuracy or performance in terms of the program’s
running time, power, or energy consumption. However, the accuracy and performance objectives
conflict: high-precision computations improve accuracy but are slower and energy-demanding,
whereas low-precision computations enhance performance and reduce energy consumption, but at
the expense of accuracy. Optimizing numerical software thus requires carefully balancing this trade-
off, achieving performance and energy efficiency while keeping an acceptable level of accuracy.

In this paper, we consider one of the most widely used performance optimizations for finite-
precision: mixed-precision tuning for floating-point programs [50]. The key insight behind this
optimization is that different operations in a numerical algorithm contribute differently to the
overall error. Some operations magnify errors and therefore require higher precision to avoid
significant accuracy loss, while others naturally mitigate errors and thus may be computed in lower
precision. Mixed-precision tuning explores how much performance gain can be achieved while
keeping the total error within an acceptable user-defined limit. The performance is regulated by
assigning potentially different precisions to each arithmetic operation, function call, and variable
in the code (hence, mixed precision), aiming to use the lowest precision as often as possible, and
high precision only when necessary to preserve accuracy.

The acceptable error threshold is specified by a user and expresses a hard constraint on how much
accuracy loss can be tolerated by the program while keeping results meaningful. To make sure the
accuracy constraint is satisfied, while searching for an optimal program, mixed-precision tuning
computes rounding error on each candidate implementation. Based on the underlying rounding
error analysis approach, optimizers can be categorized as sound static [12, 13, 15, 17, 48], where
a worst-case sound error bound is computed, typically through static analysis of the code, and
dynamic [8, 12, 30, 49, 50, 57], where the rounding error bound is estimated on sampled inputs.

Static approaches compute worst-case error bounds and are often overly conservative in their
estimates. Additionally, they struggle to scale to large programs, particularly in the presence of
complex control-flow structures such as loops and conditional branches [19, 37, 43]. In such cases,
static methods often require pre-processing techniques such as explicit loop unrolling or specialized
handling of branching behavior. Despite these limitations, sound static analysis provides strong
correctness guarantees, making it indispensable for safety-critical applications where the cost of a
malfunction is too high.

In contrast, dynamic approaches are more flexible in handling diverse and complex code and,
when given sufficiently many program executions, provide realistic bounds on errors that may
exclude critical outliers. Typically, though unsound, dynamic approaches are expected to be more
efficient in optimizing programs.

Both static and dynamic optimizers must strike a balance between accuracy and performance,
but they differ in terms of practicality and safety in terms of correctness guarantees. Despite
extensive research in mixed-precision tuning in both directions, there has been no systematic study
evaluating how these fundamentally different approaches compare in achieving optimization goals.

To bridge this gap, this paper presents the first comprehensive evaluation of mixed-precision
tuning techniques for floating-point programs, comparing optimizers guided by static and dynamic
analyses. Our goal is to enable a quantitative comparison of static and dynamic tools on programs
that both can handle, which necessarily excludes programs with complex control flow or loops where
dynamic approaches are the only option. On this common ground, we evaluate each approach’s
ability to balance accuracy and performance, analyze the safety of the optimized programs by
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computing how often they exceed the maximum allowed error, and measure the optimizer’s running
time. Ultimately, we seek to answer a fundamental question:

What is the cost of soundness in mixed-precision tuning, and is it a price worth paying?

There are many mixed-precision tuning tools available, ranging from small-scale research proto-
types to widely used optimizers [8, 12, 13, 15, 17, 30, 34, 48-50, 57]. First, we provide an overview
of existing dynamic and sound static tools that optimize specifically floating-point programs (IEEE-
754 [1] or arbitrary floating-point precision [25]). We then perform a quantitative comparison of the
programs optimized by these tools. For the experimental part of the study, we selected tools based
on the following criteria: the optimizer must 1) be publicly available, 2) compile and install with
reasonable manual intervention, and 3) tune between 64-bit double and the next highest floating-
point precision (128-bit quad or 80-bit long double). Specifically, we successfully installed and ran
seven optimizers: four static tools—DA1sy [17], FPTUNER [13], and REGINA [48] combined with both
Daisy and FPTUNER, and three dynamic tools PREcimonIous [50], POP1X [7], and HIFPTUNER [30].

Using these tools, we optimized 100 loop- and branch-free benchmarks from the standard
FPBench suite [16] for three different target errors (half, fifth and order errors). Our study explicitly
quantifies the trade-off between the flexibility of dynamic approaches and the guarantees provided
by sound static optimizers using an abstract cost of soundness. The cost consists of two metrics
of the optimized programs: performance improvement and how much of the user-defined error
budget is utilized. Specifically, we measure performance improvement as a relative difference in
running time of the optimized programs compared to the baseline 128-bit quad implementation
(and 80-bit implementation for PREciMoNIOUS and HIFPTUNER), and use of the budget as a ratio of
the dynamically sampled absolute errors to the target error. The dynamic errors are measured with
respect to a 300-bit MPFR implementation [25].

Our experimental evaluation indicates that contrary to the common belief, soundness does not
always come with the cost. We find that the sound static approach combined with regime inference
(REGINA + DAIsY) achieves the best overall cost, winning across all error targets on two-thirds of
the benchmarks without compromising accuracy guarantees. Standalone static optimizers are less
effective as they tend to be overly conservative, particularly for smaller error budgets that are more
difficult to meet. Dynamic optimizers, on the other hand, optimize programs more aggressively.
As a consequence, they achieve equally high speedups for all targets, at the cost of violating the
accuracy constraint, sometimes exceeding the target by up to 9 orders of magnitude. We also find
that, perhaps surprisingly, there is no clear trend of sound tools being significantly slower than
dynamic unsound tools. The only outlier is REGINA that iteratively calls the underlying sound
optimizer, so the high running times are expected.

We discuss the lessons learned in our experimental comparison. The fact that our findings
challenge common expectations in the community indicates the dire need for systematic studies
and comparisons across different techniques.

Contributions. In summary, we present the following contributions.

e We present a comprehensive overview of existing static and dynamic mixed-precision opti-
mizers for floating-point programs, highlighting their distinguishing features.

e We quantify the cost of soundness in mixed-precision tuning, enabling a clearer understanding
of the trade-offs between sound guarantees and optimization effectiveness.

e Through extensive experiments on the standard FPBench benchmark suite, we systematically
evaluate the cost of soundness across seven available tools. We summarize the key insights
of our study that could serve the community navigating the broad and complex landscape of
mixed-precision optimizers.
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2 Terminology

Before summarizing the distinguishing features of existing optimizers, we introduce the terminology
that will be used throughout the paper.

Definition 2.1. Mixed-Precision Tuning. A performance optimization technique that assigns
potentially different finite-precision types to variables, function calls, and arithmetic operations.
Its goal is to increase performance — typically, in terms of running time of the program — while
keeping the overall rounding error below a user-defined bound. This optimization is based on the
observation that operations performed on low precision (with few bits involved) are faster than the
same operations in high precision (with more precision bits). Since some operations contribute to
the overall error more than others, mixed-precision tuning attempts to assign low precision when
possible and use high precision on operations that require higher accuracy.

Definition 2.2. Static Optimizer. A mixed-precision tuning optimizer that uses worst-case
rounding error bounds, computed with sound static analysis, to determine if a candidate precision
assignment satisfies the user-defined error bounds. In this paper, we use the terms static optimizer
and sound optimizer interchangeably, because all static optimizers included in this study use
underlying sound rounding error analysis.

Definition 2.3. Dynamic Optimizer. A mixed-precision tuning optimizer that uses dynamically
sampled inputs to estimate rounding errors and determine whether the target error is satisfied.

Definition 2.4. Performance. We focus on one aspect of performance: running time of the
optimized programs. Other metrics, such as power or energy consumption, area of a hardware chip,
and so on, are typically directly proportional to running time.

Definition 2.5. Target Error. A user-specified absolute error bound that must be satisfied by the
optimized program. Dynamic and static tools consider different ideal reference implementation.
For static tools the error is specified with respect to the real-valued computation result, while for
dynamic tools, the ideal implementation is finite-precision computation that uses high precision,
which already includes rounding errors due to finite precision.

Definition 2.6. MPFR. The GNU MPFR (Multiple Precision Floating-Point Reliable) [25] is a
C library for multiple-precision floating-point arithmetic with correct rounding. Its arbitrary
assignment of precision bits allows more flexible precision allocation than the IEEE-754 standard
precisions [1]. It is commonly used to simulate real-valued computations with very high precision.

3 State of the Art in Mixed-Precision Tuning

We begin with an overview of existing tools developed for mixed-precision tuning of floating-point
programs. This section focuses exclusively on tools whose only goal is precision tuning; those that
combine tuning with other numerical optimizations or tune for precisions other than floating-point
are deferred to Section 6.

Table 1 provides a summary of the optimizers in chronological order, categorized according to
the type of underlying analysis they employ: either static or dynamic. Columns 4 and 5 indicate
tool availability and whether we could successfully install the tool: a ‘v’ denotes that the tool
is publicly accessible (either as source code or binaries) and can be compiled and installed with
reasonable manual effort, whereas a ‘X’ indicates the opposite. In some cases, we had to contact
developers for instructions to troubleshoot a failing installation process. Columns 6 and 7 specify
the input and output formats supported by each tool. For tools that are not publicly available (e.g.,
REvAL), we rely on their respective publications to report supported formats. The final column
denotes whether the tool was included in our comparison study (‘v for inclusion). We exclude the
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Table 1. Overview of state-of-the-art mixed-precision tuners (in chronological order). The last column indicates
which tools are included in our comparison.

Analysis Year Tool Available Compiles Input Output Included
Type Format Format

2013 PreciMoNIOUS [50] v v C JSON, Bitcode v
2016 BLAME ANALYSIS [49] v X C JSON, Bitcode X

i) 2017 FPPRECISIONTUNING [34] v X C Text, Script X

= 2018 HIFPTUNER [30] v v C JSON, Bitcode v/

g 2020 PyFLoT [10 Python, C++,

5 el v v Foi]tran, CUDA Text X
2022 POP1X [8] v v Python Python, Text v
2024 FPLEARNER [55] v v C++ JSON X
2017 FPTUNER [13] v v DSL Text v

B 2018 DaiIsy [17] v v Scala C++, Scala v

:,J*E 2021 REGINA [48] v 4 Scala C++, Scala v
2024 REvVAL [57] X - FPCore 2.0 - X

tools that are not publicly available or could not be successfully installed from the evaluation. For
other excluded tools, we provide justification in Section 4.

3.1 Dynamic Optimizers

We classify an optimizer as dynamic if it relies on the sampled values of inputs, intermediate
variables, and outputs. Typically, a dynamic optimizer executes both a high-precision version
(sometimes referred to as ‘shadow execution’) and a candidate optimized program on a set of
sampled inputs. Based on the concrete values of each variable, result of an arithmetic operation and
elementary function in the program, a dynamic optimizer estimates an error, either by computing
the absolute difference between the high-precision and candidate outputs [30, 50] or by applying
more sophisticated over-approximation techniques [8].

If the estimated error of a candidate program output satisfies the target error bound, the candi-
date is considered valid. Among valid candidates, the optimizer chooses one based on additional
criteria, such as naively returning the first valid candidate found or selecting the one with the best
performance (e.g., lowest runtime).

The crucial challenge of any mixed-precision optimizer is efficiently navigating the vast search
space of possible precision assignments. A naive approach that changes the precision of one
floating-point variable at a time and checks the resulting error is inefficient and scales poorly, with
a worst-case time complexity of O(n?) for n variables. To explore the search space efficiently, the
optimizers presented below implement more advanced strategies.

3.1.1  Precimonious. PREcIMONIOUS [50] is one of the first and most prominent dynamic mixed-
precision tuners for floating-point programs. Given an annotated program in C and a set of
representative inputs, PRECIMONIOUS attempts to find an efficient and accurate enough precision
assignment. The required annotations include logging the reference output values and the target
error. The target error can be expressed as an absolute value or relative to the sampled outputs, in
which case it has to be computed during the sampling.

PRECIMONIOUS searches the space of all possible precision assignments using a variation of the
delta-debugging algorithm [59] (illustrated in Figure 1). At the beginning of the search, each variable
is associated with a set of possible precisions. The algorithm refines these sets until there is only one
precision left per variable. At every iteration, it considers a pair of the highest and second-highest

Proc. ACM Program. Lang., Vol. 9, No. OOPSLAZ2, Article 359. Publication date: October 2025.



359:6 Anastasia Isychev and Debasmita Lohar
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Fig. 1. The delta-debugging algorithm

precisions from the set per variable. If the version with the second-highest precision is sufficiently
accurate, the highest precision is removed from the set. Effectively, the search iteratively lowers
the precisions of subsets of variables until the accuracy constraint can no longer be satisfied, or
there are no assignments to explore. Note that the algorithm is searching for a local minimum and
does not guarantee the global lowest possible precision assignment.

For each candidate precision assignment, PREcIMONIOUs performs two checks. First, it checks for
accuracy by sampling the values and checking whether the difference to the reference (sampled)
values is within the specified target error bound and discards all candidate programs that fail
the check. Second, it checks for performance and dynamically measures the candidate program’s
performance score, and its running time. Finally, PRECIMONIOUS chooses the precision assignment
with the lowest seen score. If neither of the candidates improved running time compared to the
original program, PRECIMONIOUS reports that no configurations are found.

The original program in C is compiled to the low-level virtual machine (LLVM) [42] intermediate
representation, and all precision modifications are performed directly on the bitcode. Because of this
dependency, PRECIMONIOUS requires the version of LLVM 3.0 and does not support any language or
compiler features that came after 2013. The tuning is possible among the following set of standard
precisions: float, double, and long double that represents an 80-bit floating-point type. As an
output, if a local optimum is found, PRECIMONIOUS generates the bitcode of the optimized program
and a JSON file with the precision assignment for variables and function calls of the program.

3.1.2  BLAME ANALysis. One of the limitations of PRECIMONIOUS is its slow optimization time. Since
the performance of every candidate program is measured through actual execution, the total tuning
time includes the cumulative runtime of all these executions. In the follow-up work, the authors of
PrRECIMONIOUS introduce BLAME ANALYSIS [49], a technique that combines a concrete and shadow
execution to reduce the search space for precision assignments and improve optimization time.
Like PRECIMONIOUS, BLAME ANALYsIs takes C programs as input and generates the bitcode of the
optimized program and a JSON file with the precision assignment.

Blame analysis operates on the instruction level and performs only local fine-grained changes in
the instructions without considering its impact on the global solution. Given a target precision for
the result of a single floating-point instruction in the program, the shadow execution runs it with
multiple precisions for the operands. For each variation, the analysis checks if the concrete result
is accurate up to what the precision can express. It then records the minimum required operand
precisions in a blame set. When a blame set contains only a single precision for a variable, that
information can be used to prune the search space during the full-program tuning phase.

The main goal of the BLAME ANALYSISs is to reduce optimization time by narrowing the precision
assignment search space. The analysis focuses on how different precision configurations affect a
program’s accuracy, and unlike PRECIMONIOUS, it does not evaluate the performance of the optimized
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programs. The authors note that BLAME ANALYsIS tends to lower the precision of more variables
compared to PREcIMONIOUS. However, this does not guarantee improved runtime performance.

3.1.3  HIFPTUNER. Another follow-up to the original PRECIMONIOUS addresses the scalability chal-
lenge from a different perspective. To reduce the need for an exhaustive exploration of all possible
precision configurations, HIFPTUNER [30] introduces a guided search strategy that leverages the
dependencies among floating-point variables. This not only reduces the optimizer’s running time
but potentially generates better optimized programs. HIFPTUNER also uses a similar input-output
format as PRECIMONIOUS.

The key insight behind HIFPTUNER is that type casts affect programs’ performance as much
as using high precision. Therefore, minimizing type casts may improve the performance of the
tuned program. Based on this insight, HIFPTUNER builds a weighted dependence graph for read-
after-write accesses to variables. It then iteratively analyzes the graph and builds a hierarchical
community structure, where the variables that are likely to require the same precision are grouped
together. Initially, all variables are placed in separate groups at the lowest level of the hierarchy.
With each iteration of the graph analysis, they are merged at each level until the top hierarchy is
formed. HIFPTUNER searches the constructed hierarchical structure top-down to generate precision
assignments. At each level of the structure, all precision alternatives for a group of variables are
explored collectively. Such grouping prunes the search space both from the top down and through
the hierarchy, thus improving overall optimization time and reducing the number of type casts.

3.1.4 FPPRECISIONTUNING. Another optimizer from the same period, FPPRECISIONTUNING [34],
formulates the precision tuning as finding the minimum required word length, where the ‘word
length’ refers to the number of bits in the floating-point mantissa. The tuning framework consists
of two components. The first component is a converter that transforms standard C code into a
version using arbitrary precision based on the MPFR library [25]. This converted program takes as
input precision assignments (in bits) for each variable. The second component is the tuner itself,
which operates in two phases.

First, the tuner computes so-called ‘influence groups’, a set of variables along a path r that are
affected by the value of a variable x. These influence groups are constructed for each variable in the
program. Within each group, the algorithm performs a binary search to find the minimal precision
required for variable x, while keeping the precision of all other variables in the group fixed. To
reduce the running time, this search is carried out in parallel across all influence groups.

In the second phase, the tuner selects among configurations for all influence groups the one with
the most error reduction. It then iteratively increases precision from the minimal configuration
identified in the first phase until the dynamically sampled error satisfies the user-defined target.

The two-phase tuning approach is performed for one fixed input. To account for ranges of inputs,
FPPRECISIONTUNING further refines the obtained configurations by iteratively applying it to a
training set consisting of multiple input samples. It then retains the highest precision required
across those samples. The refinement is performed on a fairly small set of inputs (authors suggest
100 inputs) and aims to satisfy the user-specified error statistically, for instance, by ensuring that the
average signal-to-quantization-noise ratio (SQNR) remains below a predefined quality threshold.

FPPRECISIONTUNING provides a configuration file with the number of mantissa bits per variable
(in order of appearance) and a script to run the MPFR version along with this configuration. Adding
the generated precision assignment in the original program in C has to be done manually.

3.1.5 PyFLOT. A more recent addition to the space, PYFLOT [10] is a dynamic tuner that targets
full-scale high-performance computing (HPC) applications written in various languages, such as
Python, C++, and Fortran, that repeatedly perform function calls. Unlike other methods listed in this
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section, PYFLOT does not tune the precision of individual variables and arithmetic operations, but
focuses on choosing the best function among available implementations (with different precisions),
and reports the results directly in the terminal. For instance, an application using the mathematical
function exp() may have the option to choose between expf (float) for 32-bit single precision,
exp(double) for 64-bit double precision, and expg(quad) for 128-bit quad precision results.
PyYFLOT collects traces of program execution and clusters occurrences of each function invocation
based on a combination of two factors: static control-flow information and dynamically collected
stack backtrace, so-called temporal locality. For each cluster of function invocations, PYFLoT
iteratively lowers precision and dynamically checks if the target error is satisfied. PYFLOT performs
best on applications with complex control flow and frequently repeated function invocations, which
differs in spirit from other mixed-tuning optimizers and may be used as a complementary approach.

3.1.6  POPiX (also, POP). Precision OPtimizer (POP) [7] has been originally proposed as a tuning
assistant for floating-point programs and later extended to fixed-point and arbitrary floating-point
precisions and renamed to POP1X [8]. POP1X uses static analysis and integer linear program (ILP)
constraint solving to determine precision assignment; however, here we intentionally classify it as
a dynamic optimizer because the ranges for intermediate variables are determined dynamically
using sampling and do not provide formal guarantees for inputs outside of sampled value ranges
(as evidenced by our experiments in Section 4).

After sampling 10° inputs (hardcoded constant, can be adjusted in the source code), POP1X
performs abstract-interpretation-based static analysis. First, it performs forward analysis to compute
the number of digits up to which the result of each arithmetic operation is expected to be accurate.
The analysis uses sampled ranges to obtain information about units in the last place (ulp) and unit
in the first place (ufp) for each operation. The combination of both metrics is used to determine
when the carry bit, an additional bit needed to represent the results of a computation, appears in
each operation and provides a precise estimate of the number of accurate bits, referred to as number
of significant bits (nsb). In the second phase, the backward analysis uses the target error specified
as nsb and the results of the forward analysis to build a constraint system that represents required
accuracy relations. The constraint system constitutes an ILP problem. Using an off-the-shelf solver
GLPK [24], POP1X determines the minimum size of mantissa for each floating-point variable and
operation. While other tools treat square root and elementary mathematical functions as atomic
operations, POP1X uses custom digit-recurrence algorithm for the former and Taylor expansion for
the latter, and iteratively refines the order of the approximation until a given nsb accuracy constraint
is satisfied [8]. The resulting precision can be used directly for fixed-precision assignments or
arbitrary floating-point precisions, such as MPFR. The precision can also be mapped back to the
IEEE-754 floating-point types using the following function:

float ifnsb <23
ieee_fp(nsb) = { double if 24 < nsb < 52
quad if 53 < nsb < 112

POP1X automatically generates a Python program with MPFR precisions and a fixed-point
program using fixmath.h library [3]. We had to perform the translation to the IEEE-754 floating-
point precisions ourselves.

3.1.7 FPLEARNER. Recently, there has been an effort to combine machine learning (ML) with tra-
ditional dynamic analyses to enhance the efficiency of precision tuning [55]. The proposed tool,
FPLEARNER, utilizes a Gated Graph Neural Network to extract features from a Precision Interaction
Graph, representing mixed-precision floating-point programs, and predicts their performance and
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computational accuracy. By integrating with traditional dynamic precision tuners, FPLEARNER
reduces the need for exhaustive precision assignments by predicting promising configurations with
high speedup and acceptable error thresholds, executing only these configurations to validate pre-
dictions. Currently, FPLEARNER supports tuning between single and double precision; extending
it to other formats, such as quad, would require retraining the model.

The workflow comprises three stages. In the Pre-run Stage, the dynamic precision tuner generates
a small set of mixed-precision programs for the target application, labeling their performance and
accuracy as ground truth for fine-tuning. During the Fine-tuning Stage, the pre-trained models
are adapted to this limited dataset using techniques like random oversampling to address class
imbalances, ensuring robust training without overfitting [46]. In the final Optimization Stage, the
fine-tuned models direct the precision tuner by predicting the speedup and accuracy of candidate
programs, executing only those classified as promising. Experimental evaluations on standard
HPC benchmarks written in C++ demonstrate that FPLEARNER, when combined with tools like
PrecimonIous and HIFPTUNER, reduces the number of necessary candidate program executions by
an average of 25.54% while maintaining or surpassing the quality of traditional dynamic analyses.
The final precision assignments are produced in the same format as PREcimonIOUS or HIFPTUNER.

3.2 Sound Static Optimizers

In contrast to dynamic optimizers that use sampled errors, sound mixed-precision tuners rely
on worst-case rounding error bound to determine if a candidate precision assignment satisfies the
target error. To compute the worst-case error, the underlying analysis uses symbolic abstractions
of floating-point operations. Given a real-valued function f(x) over an input domain I and its
floating-point counterpart f (%), an absolute error can be expressed as

() - f3)|. 1)

While relative error can be a meaningful accuracy measure, it is inherently difficult to compute
due to division by zero [39]. Therefore, most tools compute absolute rounding error e,ps. Moreover,
computing the difference between the real-valued function and its floating-point counterpart
directly is difficult for two reasons. First, the real-valued result is not available for most programs.

€abs = MAXxe]

Secondly, the floating-point function f (%) is highly discontinuous due to the necessary rounding,
since not all real-valued numbers can be exactly represented in floating points. Therefore, state-of-
the-art tools abstract the f(x) function. Each arithmetic operation is modeled as follows:

x6y = (xoy)(1+e)+d (2)

where |¢] is the relative error introduced by each operation bounded by the machine epsilon ey, the
maximum relative error determined by the floating-point precision. The term |d| < § represents
maximum absolute error due to rounding of subnormal floats (numbers very close to zero with
special representation of exponent bits in the floating-point precision). For instance, ey = 27>
and § = 271 for double floating-point precision. Similar equations hold for the square root,
unary minus, and the rounding of a real-valued number. Furthermore, elementary functions are
modeled using the same equation, but the values of €y and § are increased correspondingly. Using
Equation 2, sound tools replace f (%) in Equation 1 and compute absolute errors either by solving
an optimization problem or through data-flow-based analysis.

Global optimization-based analyses [13, 53] generally provide tighter error bounds, but often
at the expense of higher computational cost. In contrast, data-flow-based approaches [15, 17, 28]
are generally more efficient, though they yield more conservative error bounds. Below, we review
tools that employ both kinds of analyses for sound mixed-precision tuning. Sound tuners using
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either technique are typically applied to relatively simple floating-point programs without complex
program structures like conditionals and loops. When tuning, optimizers do not distinguish between
arithmetic operations and elementary function calls and treat them as atomic constructs.

3.2.1 FPTunEer. FPTUNER [13] adopts a sound approach to mixed-precision tuning by formulat-
ing the problem as a global optimization task. It takes as input a real-valued expression (in a
domain-specific language), along with input domain specifications and a target error bound, and
produces precision allocation for each operation in the expression. The tuning task is formulated
as a quadratically constrained quadratic program (QCQP). The objective function consists of the
weighted number of low precisions and their corresponding rounding errors. The QCQP problem
can include additional constraints, such as limiting the number of type casts or grouping operations
to have the same precision, which is useful for vectorization.

To construct the QCQP, FPTUNER first generates a symbolic model of the program by iteratively
applying the abstraction Equation 2. It then expresses the overall error on the program using
symbolic Taylor expansions, and the underlying error analysis is as in FPTaylor [52]. To compute
the worst-case error bound, the error expression is maximized over the entire input domain using
Gelpia [4], a custom global optimizer developed by the authors that employs branch-and-bound
techniques. The computed upper bound on the error is then incorporated as a constant weight to
allocation variables, for which the optimization problem is ultimately solved. Note that the error
bound depends on the allocation; therefore, the weights have to be computed for each allocation
variable. The resulting optimization problem is solved using the Gurobi solver [31].

3.2.2 Daisy. In contrast to FPTUNER, DAIsy [17] employs a data-flow-based error analysis to guide
precision tuning for numerical programs. In this paper, we focus on tuning for floating-point
precisions, but note that DA1sy also tunes for fixed-point precisions using the same procedure.

Darsy takes as input a real-valued program written in a DSL closely resembling Scala, annotated
with input ranges and a target error bound. The tuning begins by assigning the highest available
precision to all variables and then applying a delta-debugging search strategy similar to that of
Precimonious (illustrated in Figure 1). However, instead of validating the errors on sampled values
as PREciMoNIOUS does, Da1sy checks sound worst-case error bound.

To compute sound upper bounds on rounding errors, DAIsY relies on data-flow-based analysis that
uses intervals [33] and affine arithmetic [20] to track variables’ ranges and error bounds. To further
reduce over-approximations due to static analysis, Da1sy offers an (optional) interval subdivision
mode. When enabled, the subdivision splits the range of each input variable into a user-configurable
number of sub-intervals, takes their Cartesian product, and analyzes each subdomain independently.
Thus, it computes tighter error bounds but at the cost of increased runtime.

To decide among multiple precision assignments that satisfy the target error, DA1sy uses a static
cost function that assigns an abstract cost of 1, 2, and 4 to single, double, and quad precision
arithmetic and casts respectively. DA1sy also provides alternative cost functions, such as the number
of operations in each precision, the inverse of rounding error magnitude, and a hardware-specific
cost model obtained by benchmarking arithmetic operations execution time in different precisions.

The final output is a mixed-precision program in Scala or C++, including all required type casts,
that is guaranteed to meet the specified target error. Similarly to PREcIMONIOUS, DAIsY relies on a
heuristic search; it does not guarantee globally optimal precision assignments.

3.23 REGINA. REGINA [48] is a meta-optimization tool that infers effective regimes for sound
floating-point optimizations. A regime is a partition of the program’s input domain and a mapping
from each sub-domain to the optimized program code. REGINA can be combined with any sound
optimization, including mixed-precision tuning.
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Most optimizers, both static and dynamic, try to improve the program on the whole input domain.
However, different parts of the input space contribute to the overall rounding error differently. It is
common that large errors only occur for inputs from a small sub-domain and therefore have to be
handled more carefully, while the rest of the input domain can be optimized more aggressively.
Especially for sound optimizations that rely on the worst-case error bound, a small sub-domain
inducing high errors blocks the optimization on the whole input domain, as treated by the tools.
REGINA utilizes this uneven distribution of errors and adjusts the optimization degree accordingly.

In a nutshell, it subdivides the program’s input domain into boxes and applies optimization on
each of the boxes separately. To prevent too fine-grained partition, REGINA tries to merge boxes
where the optimizer produced the same optimized expression. The tool proposes several alternative
strategies for sub-dividing the input space, including splitting the domain into equal-sized boxes
top-down, bottom-up (split fine-grained, then merge), and the genetic algorithm that splits a box at
a random point. REGINA applies these strategies alone or combined in a two-phase approach. For
instance, the most successful inference strategy was shown to be a combination of the bottom-up
inference refined by the genetic algorithm splits [48].

REGINA was shown to be beneficial for mixed-precision tuning with different techniques —
dataflow approach by DA1sy and optimization-based approach by FPTUNER— as well as for rewriting,
an orthogonal optimization that improves the program’s accuracy.

3.24 REevAL. A recently proposed tool REVAL explores mixed precision to efficiently mimic real-
valued evaluation [57]. Real number evaluation usually relies on a strategy known as Ziv’s onion-
peeling method [60]. Ziv’s method iteratively increases (uniform) precision until the result of an
expression under evaluation is sufficiently accurate. REVAL’s goal is to increase the performance of
Ziv’s method by boosting the performance of each iteration and minimizing the number of iterations
needed to converge to an accurate result. Building on symbolic Taylor approximation techniques
(similar to those used by FPTUNER) and condition numbers [61], REvAL simplifies them specifically
for interval arithmetic. It avoids computing higher-order terms with their novel exponent trick,
which uses only the exponents of previously computed intervals to approximate amplification
factors (how much the error is amplified by each operation). With this, REvVAL computes sound and
reasonably tight error bounds quickly. Unlike other sound tools considered in this section, REVAL
relies on MPFR arbitrary precision rather than IEEE-754 standard floating-point arithmetic. At the
time of writing (March 2025), REVAL is not publicly available.

4 Quantitative Comparison

The main contribution of our work is to quantify the trade-off between the flexibility offered by
unsound dynamic optimizers and the safety guarantees of sound tools. We evaluate the programs
optimized with dynamic and static tools using multiple metrics. Specifically, we aim to answer the
following research questions:

RQ1: What is the cost of soundness?

RQ2: Which optimizers achieve highest performance improvement?
RQ3: How do the optimizers use the target error budget?

RQ4: How fast do the optimizers generate programs?

4.1 Selection of Tools

In Section 3, we reviewed existing sound static and unsound dynamic tuners dedicated exclusively
to mixed-precision tuning for floating-point programs that were available at the time of writing
(March 2025). While we aimed to include as many tools as possible in our comparison, we could not
run some due to various practical limitations. These include not being available in open-source (e.g.,
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RevaL), failure to build due to deprecated dependencies or a lack of support (e.g., BLAME ANALYSIS),
unresolved usability issues even after partial fixes (e.g., FPPRECISIONTUNING), and require extensive
modifications for a fair comparison using our evaluation criteria (e.g., FPLEARNER cannot tune
between 64 and 128 bits). Additionally, some tools were excluded because their tuning objectives or
application domains differ significantly from the focus of this paper, which we elaborate on below.

We did not apply BLAME ANALYsIS [49] because its primary goal is to reduce optimization time
rather than improve the performance of the generated code. Furthermore, it has been superseded
by HIFPTUNER, which we do include in our comparison.

PyFLoT [10] targets large HPC applications that repeatedly call functions, for which it tunes
precision on each invocation. However, such large applications with complex control flow fall
outside the scope of sound static tuners, which are typically designed for small, straight-line
numerical programs (kernels). Moreover, PYFLOT does not tune the precision of individual arithmetic
operations that constitute most of the numerical kernels. Since there is little common ground for
sound optimizers and PYFLoT, such a comparison would not be meaningful, we therefore exclude
PyFLoT.

FPLEARNER currently supports tuning only between 32-bit single and 64-bit double precision.
In contrast, our comparison focuses on tuning between 64-bit double and 128-bit quad preci-
sion (explained in Section 4.3). Including FPLEARNER would, therefore, require significant code
modifications and retraining of its underlying models, making it impractical for this comparison.

The remaining tools listed in Table 1 are successfully installed and included in our comparison. In
total, we evaluate 7 optimizers: 4 sound static approaches — DA1sy, FPTUNER, and their combinations
with REGINA- and 3 dynamic tools — POP1X, PreEcimoNIoUs, and HIFPTUNER.

4.2 Benchmarks

Mixed-precision tuning takes as input a specification consisting of the program to be optimized
and a target error— representing the maximum error tolerated by the application. Since our
goal is to perform a quantitative comparison of sound static and unsound dynamic optimizations,
we select benchmarks that can be handled by both types of tools. This requirement effectively
excludes programs with loops and conditionals, as only dynamic tools can optimize such programs
without reducing them to straight-line code. We perform our experiments on the benchmarks
from the standard FPBench set [16], specifically on the subset from REGINA’s experimental setup.
These contain straight-line code, all loops are reduced to a loop body (same as one iteration), and
conditional statements are excluded. In total, we include 100 benchmarks, 32 of which contain
elementary function calls, and 15 that contain the square root operator.

REGINA’s setup already contained benchmarks in the formats suitable for Daisy, FPTUNER, and
their combinations with REGINA. For POP1X the input format is very similar to Python programs,
which we pretty-print from REGINA’s benchmarks. PREciMoNIOUS and HIFPTUNER expect C code
that follows the predefined template. We use REGINA’s printer to C and extend it to automatically
add the (hardcoded) surrounding template (reading inputs, logging outputs, and performance score)
to each benchmark. Note that for straight-line code numerical programs, such translation is fairly
straightforward. The most effort was to deduce the necessary components in each input format
and specification, and circumvent some special behavior of tools (for instance, POP1X required
rewriting a unary minus operator -x into binary 0. 0-x).

Target Errors. Following previous work [13, 17, 48], we create three sets of target errors: half-error,

fifth-error and order-error. It has been shown that mixed-precision tuning is most beneficial when
the target error is just below the uniform precision error. Therefore, we first compute absolute
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errors with double uniform precision, then scale them by 0.5x for half-, 0.2x for fifth- and 0.1x for
order-error benchmarks.

We generate target errors with sound tools as they produce deterministic error bounds. Moreover,
dynamic tools do not explicitly report the resulting error bound. Da1sy and FPTUNER (which uses
FPTaylor’s analysis internally) apply different error estimation techniques, and their computed
errors can vary significantly. To ensure fair treatment of the tools, we generate separate target
errors: DAISY’s targets are based on Da1sY’s reported errors, while FPTUNER’s targets are derived
from error bounds computed with FPTaylor. For all dynamic tools except POPIX we use DAISY’s
targets.

Unlike other tools that specify target error as a decimal number, POP1X does it using a number
of significant bits. We translate the targets obtained with DAI1sy using a formula:

nsb = [abs(log, err)]

where err is a target error bound in decimal format. For instance, an error 4.56e — 14 is translated
into nsb = 45 (when translated back, it amounts to 2.84e — 14). Naturally, due to this translation,
target error bounds do not exactly match the ones in DAI1sy, but they are the closest equivalent
that we can specify. We use these targets to optimize with POP1X and evaluate its accuracy.

4.3 Setup

We tune the programs between 64-bit double and 128-bit quad precision, implemented by the GCC
quadmath library [2]. This choice is consistent with prior work [13, 48], it has been observed that
on machines equipped with a floating-point unit (FPU), single and double precisions typically
result in similar performances, making tuning between double (implemented in hardware) and
quad (implemented in software) more meaningful for performance trade-offs.

For PrecimonIous and HIFPTUNER, the highest precision available during tuning was long
double, which corresponds to 80-bit precision on x86 architectures. All our metrics evaluate
relative change in performance in accuracy; we therefore use the performance and accuracy of
long double implementations as the high-precision baseline for these tools. For completeness, we
tried to bring all generated programs to a common ground and performed additional experiments
where we upgraded all long double assignments in the optimized programs to __float128 from
GCC quadmath. However, this had a significant negative effect on the program’s performance. As
both PrRecimonIous and HIFPTUNER use dynamically measured program’s running time to filter
out precision assignments, we keep the original programs for a fair comparison. We comment on
the differences between the 80-bit and 128-bit versions in Section 5.

Each optimizer was executed 3 times to account for potential fluctuations in running time,
with a timeout of 30 minutes per run. For dynamic tools that rely on sampling (PRECIMONIOUS,
HIiFPTuNER), we provided different (fixed) random seeds for each run. Because dynamic tools may
generate different precision assignments across runs, for some benchmarks, only a subset of seeds
managed to generate a precision assignment. To account for this, we compute the average running
time and dynamic errors over programs generated with all random seeds. In contrast, sound tools
are deterministic. Therefore, their optimized programs were the same across all runs. Although
POPi1X samples the ranges dynamically, it did not allow specifying a random seed and produced
deterministic results in all 3 runs.

All optimized programs are translated to C. DArsy and REGINA generate C code automatically.
For FPTUNER and all dynamic tools that output precision assignments in custom formats (e.g.,
JSON, text output in the terminal), we created scripts that generate C files with the provided
mixed-precision assignment. All programs are compiled with g++ 12.2 with flags -02 -fPIC and
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-lquadmath for GCC quad precision. We additionally use -1mpfr -1lgmp flags to compile programs
that measure accuracy for MPFR and GMP libraries [29].

We measure the program’s running time using C’s high_resolution_clock and accuracy
in terms of maximum dynamically sampled absolute error with respect to the 300-bit MPFR
implementation. Both metrics are measured on 10° inputs uniformly sampled from the input
domains specified for each benchmark. We repeat the measurement 10 times with different random
seeds and compute an average running time and dynamic error. For accuracy, an alternative measure
could be to compute the maximum error across 10 random runs; however, the average value provides
a more realistic estimate of the program’s behavior.

We consider that an optimizer failed if it was unable to generate a valid precision assignment
within 30 minutes, or crashed with an internal error. For cases where an optimizer could not find a
suitable precision assignment, we keep the original high-precision program (128 or 80 bits).

All experiments were executed on a Debian 12-bookworm machine with AMD EPYC 7662 64-Core
Processor CPU @ 1.9GHz with 15.6G RAM.

4.4 Experimental Results

To answer the research questions, we designed several experiments that compare the effectiveness
of static and dynamic mixed-precision optimizations. We discuss our findings below.

4.4.1 RQI: Cost of Soundness. We start with the main question of this study, what is the cost
of soundness in mixed-precision optimizations? To quantify the trade-off between performance
improvements and (un)soundness (target error violations and under-utilization), we introduce an
abstract cost function for an original program p and its optimized version p’:

cost(p,p’) = 2 X per formance(p, p’) — |1 — budget_use(p, p’)!, ¥
. _ runtime(p) — runtime(p’)
performance(p,p’) = runtime(p) ¥
, error(p’)
budget_use(p,p’) = ?

reference_error(p) + target_error(p)

where per formance(p, p’) is the normalized improvement in running time of the optimized pro-
gram p’, budget_use(p, p’) is the portion of the target error used by the optimized program p’,
and reference_error(p) is the error of the reference implementation of p. Here, high values of
cost(p, p”) denote effective optimization.

Since the primary goal of the mixed-precision tuning is to improve performance, the cost function
cost(p,p’) assigns higher weight to performance improvements rather than accuracy changes.
Changes in accuracy are expressed as the portion of the target error used by the optimized program.
We define the accuracy component of the cost with the negative coefficient —1 to "penalize"
optimized programs that either exceed or underutilize the allowed error budget. Specifically,
|1 — budget_use(p, p’)| measures deviation from the target; thus, programs that almost did not
use the error budget are considered equally bad as those that violate the target error by 2x.
This formulation avoids biasing the cost function in favor of sound tools and instead rewards
optimizations that make full, efficient use of the available error margin.

Recall that for sound tools, the target error is specified with respect to ideal real-valued result
and reference_error(p) = 0. For dynamic tools, however, the reference implementation is already
noisy, so reference_error(p) = error(p), the average dynamic error sampled for the baseline
high-precision original program.
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Results. To evaluate the abstract cost of soundness, we measure the average running time and
dynamically sampled errors as described in the setup. Given performance and accuracy information,
we compute the cost(p, p”) for all benchmarks and plot the results in Figure 2, higher y-values
are better. We present the results using a cactus plot, where all costs are sorted in ascending
order, so a point with the same x coordinate does not always correspond to the same benchmark
across different tools. The results of all sound optimizers are marked with triangles and dynamic
optimizers with dots. Negative values y = —6 denote failures of a corresponding optimizer: a
crash or a 30-minute timeout, or where a measurement failed. For instance, on 3 benchmarks that
compute variations of matrix determinant, we could not compute dynamic errors for all tools. Due
to the high number of variables in these benchmarks, the MPFR version of the program exceeded
the memory limit on our machine. For several outliers, the accuracy drop was orders of magnitude
larger than the target error, which led to a large negative cost; we include such outliers into the
y = —6 group. A cluster of points around y = —1 denotes optimized programs with almost no
performance improvement and accuracy loss.

The overall trend is as expected: as the error targets tighten, all optimizers become less effective;
static tools struggle to prove tight error bounds, and dynamic tools violate them more often. This
is indicated by the steeper decline of the cost profiles in figures 2b and 2c compared to Figure 2a.

Our results show that the combination of REGINA + DAIsy with interval subdivision achieves the
best cost across all targets (red triangles), outperforming all other tools on 64 out of 100 benchmarks
on half error, 77 on fifth- and 65 on order errors. Dynamic tools follow with POP1X winning on
33 and 15 benchmarks on half- and fifth-error targets (green dots), and PRECIMONIOUS winning
on 19 order-error targets (black dots). These findings challenge the common assumption that
dynamic optimizers consistently generate better optimized programs. Our results show that on
simple programs sound tools with regime inference are more effective than dynamic tools alone.

A key factor in the success of the sound tools (REGINA + DAIsY) is regime inference, which utilizes
the fact that errors are distributed unevenly across the input domain, and essentially customizes
the optimization to parts of the input domain. Interestingly, REGINA’s regime inference combined
with FPTUNER has a much more modest cost profile compared to REGINA + Daisy. This is due to
multiple factors. First, the cost of FPTUNER’s programs is overall smaller than DA1sy’s, which is
unlikely to be offset with regime inference alone. Secondly, FPTUNER’s slow running time leads
to more timeouts and forces REGINA to use a less advanced regime inference strategy. As shown
in REGINA’s original experiments [48], the overall best regimes are inferred with the two-phase
bottom-up and genetic search strategy. However, for REGINA + FPTUNER, this strategy timed out
on more than half of the benchmarks, making the comparison infeasible. We therefore choose the
one-phase top-down strategy recommended for FPTUNER in REGINA’s original paper.

Beyond REGINA, our results indicate that dynamic analysis generally worked best. Note that
since PRECIMONIOUs and HIFPTUNER tune between 64 and 80-bit precisions, they inherently have
a higher chance for effective optimizations: the difference in accuracy between 64 and 80 bits is
smaller than between 64 and 128 bits (considered by other tools), which makes it easier to generate
a candidate assignment that satisfies the target error.

For the half-error target, the overall range of the cost for sound and dynamic tools were com-
parable: all sound tools combined ranged from [—1.76,1.51], and all dynamic tools ranged from
[-1.33,1.90], excluding 6 large negative outliers in range [—4.11 x 107, —1.33 X 10%] due to extreme
violation of target errors. An average cost was slightly better for dynamic tools —0.03 (outliers
aside), compared to the one of sound, —0.23. For smaller targets, dynamic methods’ costs had larger
ranges: for fifth error [—5.30, 1.96] (excluding 5 outliers in [—~1.17 x 108, =1.75 X 10°]) and for order
error [—7.44,1.97] (excluding 8 outliers in [—2.02 x 10%, —8.05 x 10%]); while the ranges for sound
tools remained similar to the half-error target: [—1.94, 1.38] for fifth- and [—1.37, 1.40] for order
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Fig. 2. Abstract cost of soundness in mixed-precision tuners expressed in terms of performance improvement
and error budget use in the optimized programs (higher values are better).

error. On average, dynamic tools cost for order error was —0.13 and —0.24 for fifth-, and order-error
targets, and for sound tools —0.45 and —0.56 respectively, confirming that dynamic tools are more
flexible in finding fast programs, as they explore a wider range of performance-accuracy trade-off.

Answer (RQ1): The cost of soundness depends on the target error; all tools perform better on
larger targets. On simple numerical programs, sound tools enhanced with regime inference

(REGINA + DAIsY) are just as effective or superior to dynamic tools, achieving high performance
without compromising correctness. This result shows that soundness does not always come at a
cost. However, without regime inference, sound tools tend to be more conservative, which leads
to less effective optimization, more on smaller targets, while dynamic tools are effective across
all targets, but at the expense of exceeding the target error, more frequently for smaller targets.
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Table 2. Maximum and average speedups achieved by programs optimized with different tools.

Tool Half error Fifth error | Order error
avg  max avg max | avg max

Static
Daisy 2.5x  79.5x 1.2x 6.6x | 1.2x 6.4x
FPTUNER 1.7x  54.4x 1.0x 1.8x | 1.0x 1.1x

REGINA +DAISY 14.0x 85.8x 9.8x 86.7x | 8.5x 86.0x
ReGiNA +FPTUNER 4.0x 53.8x 3.5x 544x | 29x 54.0x

Dynamic
POP1X 11.0x 84.6x | 10.0x 86.0x | 8.1x 82.1x
PRECIMONIOUS 54x 35.1x 5.2x 35.8x | 5.0x 26.9x
HiFPTUNER 2.1x  24.9x 2.5x  27.1x | 2.2x 27.1x

To better understand how performance and accuracy changes affect our abstract cost, we evaluate
these components separately in the following sections (RQ2 and RQ3).

4.4.2 RQ2: Optimized Programs’ Performance. We start with evaluating the performance compo-
nent, as the main objective of mixed-precision tuning is to increase programs’ performance. We
measure the average running time of each optimized program across 10 random runs and compute
the speedup with respect to the uniform quad baseline (uniform 80-bit baseline for PRECIMONIOUS
and HIFPTUNER) as baseline/tool.

We summarize the speedups per optimizer and report the results in Table 2 (the highest is marked
in bold). The table shows the average and maximum speedups achieved by the programs optimized
with various tools across all 100 benchmarks. When computing an average, we exclude benchmarks
with timeouts and crashes, and we replace the benchmarks where a dynamic optimizer failed to
generate a precision assignment with the original uniform high-precision program.

The overall best performance improvement in the optimized programs up to 86.7x has been achieved
by REGINA + DA1sy with subdivisions for all target errors. It also achieved the highest average
performance improvement for the half- and order-error targets, and ranked second for the fifth-
error. REGINA’s regime inference allows more aggressive optimizations on parts of the input
domain. When inputs are sampled uniformly (as in our experiments), such partial aggressive
optimizations are enough to compensate for potentially conservative precision assignments in
some input subdomains.

POP1X ranks second, improving program performance by up to 84.6x on the half-error target, 86x
on fifth- and 82.1x on the order-error target. Both REGINA + DA1sy and POP1X rely on underlying
static techniques for error estimation and precision tuning rather than sampling-based evaluation.

Consistent with trends observed in RQ1 — and contrary to common belief — dynamic tools do
not consistently produce the best-performing optimized programs across all error targets. Both
PrecimonIous and HIFPTUNER discard candidate mixed-precision assignments that do not show
immediate improvements in their dynamically measured performance scores. As a result, small
fluctuations in runtime can significantly influence which configurations are kept. This aggressive
pruning strategy means that potentially beneficial configurations may be prematurely discarded.
Additionally, HIFPTUNER explores fewer configurations than PRECIMONIOUS, which speeds up
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optimization time but limits its ability to find high-performing assignments, ultimately leading to
lower speedups across benchmarks, as observed in our results.

Standalone sound optimizers achieve the smallest average speedup across the benchmarks, with
an average speedup between 1x (no speedup) and 2.5x. This aligns with the common understanding
of sound optimizers’ limitations: provably sound bounds (on the whole input domain) are conserva-
tive, and they limit the number and flexibility of valid precision configurations. The extreme case
is FPTUNER with order target error, where the maximum achieved speedup was 1.1x and average
1.0x, showing that the target was too fine-grained for the optimizer to find precisions that improve
performance. This was partially mitigated with regime inference that significantly increased the
maximum speedup from 1.1x to 54x.

Answer (RQ2): The highest speedup across different target errors — up to 86.7x — was
achieved by the sound combination of REGINA + Da1sy. Without REGINA, sound tools show
significantly smaller performance improvements compared to dynamic ones.

4.4.3 RQ3: Error Budget Use. To assess optimized programs’ accuracy, we evaluate how close the
dynamically sampled errors are to the target error, i.e., how much of the allocated error budget is
actually used. Recall that the target error represents the maximum increase in overall error with
respect to the reference implementation. For sound tools, the reference is the result of a real-valued
algorithm, and for dynamic tools, the reference implementation is the high-precision version of the
program that already includes some rounding error.

We do not compare the absolute values of the sampled errors because they alone are not repre-
sentative of the optimization quality. For instance, larger errors are not necessarily better, as they
may significantly overshoot the target error bound, and very small errors may indicate that the
program has the original uniform high-precision assignment.

For each optimized program, we measure the maximum error occurring in one run on 10° input
samples and then compute the average across 10 random runs. We perform the same procedure to
determine the baseline errors: uniform 128-bit quad precision programs for static tools and POPIX,
and 80-bit implementation for PREciMoNIoUs and HIFPTUNER. Recall that, for dynamic tools, the
programs generated across 3 optimization runs may differ, as they rely on randomly sampled inputs
during the tuning process. To account for these differences, we compute the average error over
all 3 X 10 maximum sampled errors for dynamic tools (for sound tools only in 10, deterministic
optimizers generate exactly the same optimized programs in 3 runs).

Figure 3 shows the portion of the error budget used by the optimized programs for all target
settings (half, fifth and order error). We use cactus plots with sorted results, where negative values
denote cases where the optimizer did not generate an optimized program or a measurement failed.
Values between 0 < y < 1 denote benchmarks that satisfy the target error. As expected, only
programs optimized with dynamic tools exceed the given target. Note also that programs optimized
with POP1X exceed the allocated error budget despite the static modeling of the errors. We expect
this to be due to its reliance on dynamically sampled inputs when estimating the variables and
operation ranges, or a bug in the implementation.

Predictably, both sound static and dynamic optimizers make better use of the larger budget
(half error) than the small ones (fifth and order error). Additionally, REGINA + DAIsy used the
budget significantly better than other sound tools due to its ability to optimize aggressively smaller
parts of the input domain. The gap in accuracy between 128-bit and 64-bit precisions is large, so
lowering the precision of one variable may already lead to the overall error not being satisfied. On
average, across all tools, programs optimized for the half-error target were 14.3 and 12.8 orders of
magnitude less accurate than the uniform 128-bit quad and 80-bit baselines (used by PRECIMONIOUS
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Fig. 3. Used-up portion of the target error in the optimized programs. Values below y = 1 satisfy the target
error; the closer to y = 1, the better.

and HIFPTUNER), respectively. For the fifth-error target, the accuracy dropped by 19 and 12.6 orders
of magnitude, respectively. Similarly, for the order-error target, which in absolute values is very
close to the fifth-error, the difference was 19.5 and 12.5 orders of magnitude.

Dynamic tools failed to meet the accuracy target most frequently for order-error setting: PRECI-
MONIOUS violated targets on 5 (half-error), 17 (fifth-error) and 40 (order-error) benchmarks, and
HIFPTUNER on 4, 14 and 24, respectively. POP1X exceeded the target error for 14, 18 and 15 on
half-, fifth-, and order-error benchmarks. The violations occurred on 20 distinct benchmarks for
half-error target, 36 for fifth- and 51 for order-error. There were no benchmarks that consistently
caused all dynamic tools to fail. Predictably, most error violations occurred on benchmarks with
nonlinear expressions (e.g., jetEngine) or elementary functions (e.g., complex_sine_cosine).
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Table 3. Average optimization time (in seconds) and a standard deviation over 100 benchmarks. A timeout of
30 minutes is not included in the average; it is reported in a separate column #TO.

Tool Half error Fifth error Order error

avg time,s  #TO avg time, s #TO avg time, s #TO

Static
Daisy 8.13 + 16.37 0 10.77 £ 25.75 0 12.42 + 33.88 0
FPTUNER 68.00 + 126.52 7 | 119.37 £ 291.88 7 | 141.47 + 288.17 6
REGINA +DAISY 67.22 + 189.97 3 | 110.97 + 258.23 4 | 120.98 + 242.38 6
REGINA +FPTUNER | 298.27 + 332.64 31 | 200.79 + 238.08 33 | 266.92 + 379.51 34
Dynamic

POP1X 0.30 = 0.12 0 0.30 = 0.12 0 0.29 + 0.12 0
PRECIMONIOUS 104.31 + 192.67 1| 101.10 + 203.92 1 87.33 £ 144.01 0
HiFPTUNER 14.42 + 13.91 0 12.65 + 11.88 0 12.77 + 10.66 0

These results further support the conclusion that the cost of (un)soundness is higher for smaller
target error, as static tools underutilize the budget and dynamic tools improve performance by
discarding the accuracy constraint more frequently.

We do not plot the errors beyond 3x use of the target error budget and note that for POP1X the
outliers were up to 3.1x, 47.4x and 5.4x for half-, fifth- and order errors. For PRECIMONIOUS the
largest errors exceeded the target by factors of 4.1 x 107, 10® and 2 x 10° on half, fifth and order
errors, and for HIFPTUNER the factors were 3.1 X 107, 1.2 x 108 and 2.3 x 10% respectively. That
said, even though such large errors are rare, a value that is 7 to 9 orders of magnitude less accurate
than expected may have dramatic consequences in the software. One can reduce the likelihood of
violations by increasing the number of input samples at the cost of higher optimization times. It
is, however, not possible to eliminate them completely unless input samples include all possible
combinations of values, which is infeasible.

Answer (RQ3): Dynamic tools frequently exceed the target error, more so for small targets,
with extreme violations up to 7-9 orders of magnitude. Sound tools consistently satisfied the
target error, sometimes only by keeping the original high precision. Aside from ReGINA, sound
tools were less effective than dynamic ones in using the available accuracy budget, especially
when the budget is small.

4.44 RQ4: Optimizers Running Time. Finally, we evaluate the optimization time of each tool by
measuring its wall-clock execution. We used the standard time command for DA1sy, REGINA, PRECI-
MonI1ous and HIFPTUNER, and the difference of two time points with Scala’s System. currentTime-
Millis for POP1X and FPTUNER because they required pre- and post-processing, and the command
calling the tools was executed from inside Scala code. We show the average optimization times
across 100 benchmarks, their standard deviation, and the number of 30-minute timeouts in Table 3.
Note that optimization times for each benchmark vary greatly; therefore, the standard deviation is
expected to be very high. The tool with the lowest average runtime is highlighted in bold.

A clear winner is POPIX with optimization times below one second for almost all benchmarks. It
was equally fast to find an optimized program and reporting that it cannot find a solution. Though
both POP1X and FPTUNER assign precisions by solving an optimization problem, the problem
formulation in POPi1X is significantly simpler and uses more efficient encoding, and overall value
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range and error modeling are less involved, which leads to a drastic difference in optimization
times.

There is no consistent trend indicating that either sound or dynamic tools are universally faster.
For instance, sound DAIsY’s optimization times are comparable to dynamic HIFPTUNER’s, and
sound FPTUNER on average takes almost as long as PRECIMONIOUS, aside from a few timeouts.
REGINA in both combinations (REGINA + Da1sy and REGINA + FPTUNER) is predictably slower than
other tools because it repeatedly invokes the underlying optimizer.

Answer (RQ4): POP1X is the fastest optimizer overall, with average optimization times less
than 0.5 seconds. The running times of other tools vary significantly, and there is no clear trend
indicating that either static or dynamic approaches are inherently faster. As expected,
meta-optimization tools like REGINA have longer runtimes due to the repeated invocation of the
underlying optimizers.

5 Discussion

In this section, we reflect on key insights from our study that can help the community make
informed decisions when applying mixed-precision tuning, and guide future research in this space.

Limitations of Dynamic Criteria. Our study indicated that relying solely on dynamically measured
criteria has its drawbacks. For instance, using dynamic performance scores to prune precision
configuration can lead to discarding promising configurations. We observed that small fluctuations
in runtime may affect the choice of the final precision assignment, which makes optimization
non-deterministic and, potentially, less effective. Moreover, our results suggest that a smaller search
space does not necessarily lead to better optimizations. For example, while HIFPTUNER explores
fewer configurations than PrReEciMoNIOUS and optimizes faster, PRECIMONIOUS generated optimized
programs with higher speedup (though lower accuracy).

Challenging Common Hypotheses. The main goal of this study was to go beyond the well-known
trade-off between accuracy and performance by evaluating the effectiveness of sound static and
unsound dynamic optimization techniques.

When starting the study, the expectation was that sound tools would always produce slower
programs because they keep accuracy guarantees. In practice, the picture is more complex. The
sound tools alone indeed provided an overall smaller speedup on the optimized programs. However,
complemented with the regime inference technique, sound optimization REGINA + Dai1sy produced
faster optimized programs than dynamic tools on many benchmarks.

The big lesson learned from conducting this study is that researchers should challenge commonly
used hypotheses. While some hypotheses may be timeless, others should be re-evaluated at regular
intervals. The long-standing hypothesis that “sound optimizers are inherently less effective than
dynamic ones" may have held true in the past— however, advancements in sound optimizations
(for instance, sound regime inference) are changing this trend.

Finding Fair Baselines. Our study compares fundamentally different approaches and tools, which
made it challenging to find common ground for comparison. We discuss the main design choices
and alternatives here.

A key challenge was the fundamentally different view on target accuracy by static and dynamic
tools. Static tools target an ideal, noise-free real-valued computation and require absolute error
bounds, while dynamic tools compare against a high-precision implementation that may already
include error and can handle both absolute and relative thresholds. For consistency, we used
absolute error targets throughout. When available, we derived the target errors from the error
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bound reported by the tool itself; otherwise, we used the largest error reported by Darsy. We believe
this setup is closest to the common ground and allows for a fair treatment of the optimizers.

Another key distinction is that dynamic tools are more flexible in handling complex programs
with loops and conditionals, whereas static tools are typically restricted to simple, straight-line
code. This criterion is hard to quantify, since it depends heavily on the context and domain where
the tools are applied. To ensure a fair comparison, we only focused on loop-free and branch-free
benchmarks from FPBench [16], a widely accepted community standard that both types of tools can
handle. Including more complex programs would have skewed the comparison and emphasized
known limitations of static analyses rather than providing new insights.

However, this benchmark choice naturally limits the conclusions we can draw about the practical
applicability of static tools. Many real-world programs include complex control flow that static
sound mixed-precision tuners currently cannot handle. Therefore, our findings on the effectiveness
of static tools may not be directly generalized to larger, more complex applications. In these cases,
dynamic tools remain the practical and the only viable option, though they may come with significant
accuracy violations. An interesting future direction would be to combine sound static analysis
for numerically critical functions with dynamic techniques for the whole program (as it has been
explored in verifying special values and cancellations in large floating-point programs [43]). Such a
combined approach could achieve a more balanced trade-off between soundness and practicality.

80 vs 128 Bit Precision. We would like to additionally highlight the difference in high-precision
baselines in our comparison. Initially, we replaced all 80-bit long double precision assignments
generated by PREcimoNIOUS and HIFPTUNER with 128-bit quad precision. The assumption was that
if a program is faster than the 80-bit reference, the transformed version would be faster than the
128-bit baseline. Similarly, if 80 bits offer enough accuracy, 128 bits should suffice as well. In practice,
however, we noticed that while the relative metric for accuracy did hold, the speedup of mixed-
precision programs with 128-bit quad type over the 128-bit uniform baseline was significantly lower
than the speedup for 80-bit long double. The 128-bit versions of PREciIMONIOUS and HIFPTUNER
optimized programs were on par with programs generated with sound tools.

We found this observation especially interesting, as both PREcimontous and HIFPTUNER cannot
explicitly tune for higher than 80-bit precision, but on some newer hardware (with SSE2 instead of
x87 FPU) 80-bit precision is not supported and long double defaults to 64 bits for many compilers.
It therefore calls for the major maintenance work to update the optimizers for changing hardware.

On Practical Usability. The usability of tools varied considerably. Some, such as DA1sy, REGINA,
and POP1X, required minimal setup — typically just input range annotations and a target error
specification. Others, like FPTUNER, required more extensive modifications, including rewriting
programs in a less common domain-specific language (for instance, ¢ = a + b in FPTUNER’s input
language is ¢ = IR.BE("+", id, a, b), where id is the variable’s ¢ unique ID). The dynamic
tools PrecimonIOoUs and HIFPTUNER required the most setup effort: we had to create a set of inputs,
generate reference outputs, and write custom code to read pre-sampled inputs during tuning.
Additionally, specifying the target error in these tools was not fixed and often required modifying
the benchmark source code. While this offered flexibility, such as switching between absolute and
relative errors, it also increased the potential for user error. We did not include usability as a formal
comparison metric, as it is tied more to tool design than to being static or dynamic; however, it
significantly impacted the effort required to perform the study.

Tool Maintenance Challenges. Unsurprisingly, many tools were difficult to install or run. This
is a known issue with academic prototypes, which often lack long-term support. In some cases,
resolving compatibility issues required only minor updates in the source code or installation scripts.
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For instance, updating FPPRECISIONTUNING from Python2 involved simply adding brackets to all
print statements. However, even after this, we could not run the tool due to other compatibility
issues. Several tools relied on outdated dependencies. PRECiIMONIOUS and HIFPTUNER, for example,
required LLVM version 3.0, whereas the latest available version at the time of our study (March
2025) was LLVM 20.1. Similarly, DA1sY uses pre-compiled libraries and requires Java 8 version, while
the current version is Java 24. In some cases, supporting infrastructure such as build systems or
package managers had been discontinued or significantly changed, further complicating installation.
These issues illustrate how quickly toolchains evolve and how fragile older tools can become when
not maintained. Thus, we highlight the importance of providing ready-to-run artifacts, especially
for tools intended for wider or future use (as was the case for PREcimoNIOUS and HIFPTUNER). This
supports reproducibility and allows other researchers to build upon prior work easily.

Finally, we are grateful to the developers of several tools for their responsiveness and general
willingness to assist with troubleshooting when installing and running their tools.

6 Related Work

The most closely related work to ours compares static and profiling-guided (dynamic) precision
tuning in the tool TAFFO [21]. However, its goals and setup differ from those in this study. While
our study focuses on comparing fundamentally different optimization strategies, TAFFO evaluates
different methods for annotating floating-point variables with range information — such as static
expert annotations, naive input-based annotations, and profiling-based annotations — while using
the same underlying precision allocation strategy. Thus, the reported speedups are similar across
strategies, with variations only in the relative error. Additionally, TAFFO transforms floating-point
computations into fixed-point and does not directly focus on floating-point precision tuning, aiming
at performance and energy gains on hardware without FPUs.

In the following, we briefly review mixed-precision tuning approaches specifically targeting
fixed-point programs, along with other optimization techniques for numerical programs.

Mixed-Precision Tuning for Fixed-Point Programs. Among reviewed tools, DA1sy [17] and POP1X [8]
support mixed-precision tuning for fixed-point arithmetic, and use the same precision allocation
strategies described in Section 3. Alternative approaches for tuning mixed fixed-point precisions
include the Min+1 or Max-1 simulation-based strategies [11], as well as a hybrid approach that
combines Bayesian optimization with Min+1 [32]. Another alternative method solves an approx-
imate optimization problem by relaxing constraints that encode word length (precision) from
integers to real values [23], but such techniques are applicable only to digital signal processors
(DSPs). In general, these techniques either treat errors as uncorrelated and additive or estimate
them dynamically through simulation, meaning they do not provide formal soundness guarantees.

Recent work has explored fixed-point mixed-precision tuning in the context of neural networks.
The tool, Aster [44], provides sound guarantees by formulating the tuning problem as a mixed-
integer linear program (MILP), focusing on feed-forward networks with ReLU and linear activations.
Other approaches [6, 36] support non-linear activations such as tanh or max pooling, target
convolutional architectures, and aim to minimize fixed-point precision while keeping the relative
error to the floating-point baseline within a specified threshold. These methods rely on dynamic
range analysis and do not provide full formal guarantees. Stochastic arithmetic has also been used
for estimating rounding errors in tuning [22]. Other dynamic techniques such as Seedot [27] and
Shiftry [41], perform mixed fixed-point tuning by iteratively reducing the precision of variables
and dynamically comparing the resulting classification accuracy with that of the original model.
However, all these methods are specialized for neural networks and are orthogonal to our focus on
general-purpose floating-point precision tuning,.
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In addition to precision tuning, another line of work explores polynomial approximations to
identify suitable implementations for mathematical library functions [9, 18, 40].

Expression Rewriting. Orthogonal to improving program’s performance, rewriting optimization
improves accuracy by rewriting expressions based on algebraic laws such as distributivity and
associativity. Since these laws do not hold in floating-point arithmetic, rewriting equations can
reduce rounding errors. Several sound static tools have explored this direction. DA1sy [17] employs
a genetic search-based approach, Sarsa [14] incorporates Sardana [35] to perform expression
rewriting using abstract equivalence graphs.

Beyond sound techniques, several tools focus on repairing numerical programs by mitigating
high rounding errors. Herbie [47], AutoRNP [58], and the tool by Wang et al. [54] employ dynamic
analysis to partition the input domain, detect subdomains where floating-point errors are high,
and apply targeted rewrites to reduce rounding errors. Herbie, in particular, uses rules based on
polynomial approximations and equality saturation via the egg library [56], while other tools derive
approximations using handwritten specialized rewrite rules. Note that these dynamic optimizers
repair accuracy by using expressions syntactically different from the original programs.

Efforts have also been made to combine sound and unsound optimizers, specifically DA1sy and
Herbie [5]. In this work, Daisy serves as a backend validator for Herbie’s optimizations, revealing
limitations in both tools for floating-point rewriting optimization.

In addition to fully automated approaches, Odyssey [45] introduces an interactive mode, allowing
users to identify problematic inputs using dynamic analysis, refine input domains in real time,
and fine-tune optimized expressions. This user-guided approach provides flexibility in improving
numerical accuracy while retaining control over program modifications.

Combined Approaches. Some tools combine multiple optimization strategies to improve both
numerical accuracy and performance. DA1sy and Sarsa [15] follow static approaches that integrate
expression rewriting with mixed-precision tuning, whereas PHerbie [51] (built on and now merged
into Herbie) uses a dynamic analysis technique. Both Da1sy and SALsA begin by rewriting arithmetic
expressions into mathematically equivalent but more numerically stable forms. Daisy then applies
mixed-precision tuning as described in Section 3.2.2, while SALsA uses a combination of forward
and backward data-flow analyses to determine the minimal precision required at each program
point to meet user-specified accuracy targets. It then encodes the constraints into positional logic
formulas and relations between affine expressions and solves them using state-of-the-art SMT
solvers to produce a precision assignment.

In contrast, PHerbie interleaves expression rewriting with precision tuning during its dynamic
analysis. This allows it to optimize accuracy and performance simultaneously throughout the
tuning process. However, like Herbie, Pherbie does not fully preserve real-valued semantics. As
rewriting is not the focus of this paper, we did not include combined approaches in our comparison.

7 Threats to Validity

Our experimental evaluation involves randomness in several aspects: sampled inputs for optimizers,
sampled errors for comparing the accuracy of optimized programs, and fluctuations in running time.
We account for these factors by using sufficiently many random seeds: 3 for running optimizers,
10 for evaluating performance and accuracy of optimized programs. To account for differences in
the sizes of errors the optimizers can prove or check, we use the relative metric of a portion of the
used-up target. Similarly, to account for differences in 128-bit and 80-bit baseline high precision
running time, we measure relative performance improvement compared to the corresponding
baseline.
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While some tools were excluded due to being closed-source or requiring extensive, undocumented
modifications, we carefully selected and evaluated, to the best of our knowledge, all publicly available
tools that met our criteria, as detailed in Section 4.1. We followed official documentation and, where
required, guidance from the authors and used default or recommended configurations for typical
usage. While deeper tool-specific tuning might yield marginal improvements, our setup ensures a
fair and representative comparison.

8 Conclusion

Mixed-precision tuning is a widely applied optimization that balances performance and accuracy in
numerical programs. While numerous tools exist — ranging from sound static analyzers to efficient
but unsound dynamic techniques — a systematic and quantitative comparison of their trade-offs
has not been considered before. This paper presents the first comprehensive evaluation of mixed-
precision optimizers for floating-point programs that both sound and dynamic tools can handle,
introducing a quantitative measure for the cost of soundness. Our results show that on simple
programs sound tools—especially when enhanced with meta-optimizations like regime inference—
are competitive and often outperform dynamic tools without compromising correctness guarantees.
Contrary to common belief, soundness does not inherently sacrifice performance for programs with
sufficient optimization potential, though it may come at the cost of longer optimization time. For
applications that fall outside the scope of current static analyses—complex control flow, loops, or
large-scale code typical of HPC or scientific computing—dynamic tuning remains the practical, and
often the only choice, albeit at the risk of significantly violating accuracy constraints. We hope
this work will serve as a guide for researchers and practitioners navigating the broad and complex
landscape of mixed-precision tuning for numerical programs.

9 Data Availability Statement

We provide an artifact for our experimental study via Zenodo [38]. The artifact contains the
experimental data results and the scripts we used to run the tools and compare and plot the results.
The data includes the original benchmarks, optimized programs for every tool, and their measured
running times and dynamic errors.

Due to the substantial effort required to install various tools on the machine where we performed
the experiments, we do not see it as feasible to repeat this effort on a virtual machine. We note,
however, that PREciMmoNIOUs and HIFPTUNER provide the Docker image with the tools pre-installed.
It can be pulled with the command: docker pull ucdavisplse/precision-tuning.
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