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Abstract—Floating-point precision tuning is essential for op-
timizing numerical software, involving the selection of the ideal
precision for floating-point variables to balance performance and
accuracy. Identifying the optimal configuration is challenging
due to the large search space and the interactions between
precision and speed. Existing works get stuck in local optima,
removing a variable and/or a function call from the search
space immediately if it fails to meet a given error threshold.
We introduce RLTUNER, a novel automated tuning framework
that reformulates precision tuning as a Markov Decision Process
(MDP) and employs a Deep Q-Network (DQN) to identify
superior configurations that traditional pruning-based methods
overlook. We evaluate RLTUNER on 20 numerical benchmarks,
ranging from kernels to large-scale applications like LULESH.
RLTUNER outperforms state-of-the-art baselines in 17 out of
20 cases, achieving speedups of up to 46.28%, and yields the
lowest error in 11 out of 20 cases with up to 10 orders of
magnitude higher accuracy. Notably, it identifies higher-quality
configurations—yielding both superior performance and lower
error—in 40% of benchmarks.

Index Terms—floating-point arithmetic, dynamic analysis, pre-
cision tuning, reinforcement learning, DQN

I. INTRODUCTION

With the growing reliance on numerical software in di-
verse computational domains, achieving a balance between
performance and accuracy has become a critical research
focus [1]-[8]. High performance is often achieved through
program optimization techniques that improve computational
efficiency in numerical software, but this can lead to the cost
of increased computational error, especially when working
with floating-point arithmetic. While higher precision ensures
lower error and greater reliability, it may significantly hinder
performance and lead to unnecessary resource consumption.
Finding a balance between speed and accuracy is key to
designing numerical applications, highlighting the need for au-
tomated techniques that optimize performance while reducing
numerical error.

In the past decade, floating-point precision tuning has
emerged as a promising program optimization technique to
explore the trade-off between performance and accuracy in
numerical software [1], [6]. Given a numerical program,
representative inputs and correctness criteria, floating-point
precision tuners search the space of program floating-point
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variables, available floating-point precisions (e.g., double
and float), and calls to mathematical functions for which
a lower-precision implementation is available to identify one
or more “optimal” mixed-precision program variants that
maximize performance while ensuring accuracy. In this pro-
cess, precision tuners explore precision configurations [9] that
specify the floating-point types assigned to specific variables,
and/or alternative mathematical functions to call. Precision
tuning is non-trivial: exploring the full search space is infea-
sible even for small programs, and blindly assigning floating-
point precision can negatively impact both accuracy and per-
formance due to type castings and missed opportunities for
data vectorization.

To tackle these challenges, various techniques have been
proposed for automated precision tuning. Dynamic search-
based approaches [2]-[5], [9]-[13] are the most popular for
tuning numerical programs that have been utilized for scientific
computing workloads, which have been summarized in the
literature [1], [6]. These approaches use greedy algorithms
to explore the configuration space of a given target program
by executing mixed-precision variants to evaluate their perfor-
mance and correctness. Among various dynamic approaches,
a delta-debugging-inspired algorithm introduced in PRECIMO-
NIOUS [9] is the most commonly used, either as a baseline or
as a framework component [2], [4], [5], [7], [10], [11], [13].
It has been shown to outperform other search algorithms in
terms of the quality of the resulting variants [4], [11], [14].
Tools like PRECIMONIOUS aim to identify optimal precision
configurations that balance high performance with sufficient
accuracy. While these tools can save time and provide strong
results, discontinuities in a program may mislead greedy
algorithms into local optima that are far from the global
optimum [6]. As a result, making significant improvements or
breakthroughs in precision tuning quality remains a challenge.
This challenge calls for more advanced approaches to precision
tuning that can efficiently navigate the search space.

Reinforcement Learning (RL) is a powerful machine-
learning technique inspired by behavioral psychology, where
an agent learns to make decisions through interactions with
an environment [16], [17]. RL enables efficient exploration
of large search spaces by associating actions with outcomes
based on a reward function. The agent iteratively refines its
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Fig. 1: t-SNE plot for LavaMD from Rodinia [15]

strategy, or policy, through trial-and-error learning, aiming to
maximize cumulative rewards. RL has been widely applied in
various domains, including program optimization, as demon-
strated in prior research [18]-[21]. However, its potential for
floating-point precision tuning remains unexplored. Floating-
point precision tuning naturally exhibits characteristics that
make it well suited to RL. The configuration space is large and
combinatorial, the effects of precision choices are non-linear
and program-dependent, and the performance—accuracy trade-
off can only be evaluated through program execution. These
characteristics make greedy and heuristic search strategies
prone to suboptimal solutions.

In this work, we propose to navigate the high-dimensional
and non-linear search space of precision configurations using
Deep Reinforcement Learning (DRL), specifically employing
a Deep Q-Network (DQN). Unlike traditional greedy heuris-
tics that are prone to local optima, a DQN-based approach
leverages deep neural networks as function approximators to
navigate the precision search spaces. This allows the agent
to identify collective variable groupings that yield significant
speedups, even when individual changes provide no immediate
gain, i.e., a scenario where greedy search typically fails. By
balancing exploration and exploitation, RLTUNER ensures a
more robust and comprehensive search for optimal configura-
tions.

To the best of our knowledge, this is the first work to for-
mulate floating-point precision tuning as a DRL problem. We
model the tuning task as a Markov Decision Process (MDP)
and implement our approach in a tool called RLTUNER. By
leveraging the DQN algorithm, RLTUNER employs a system-
atic trial-and-error mechanism to identify optimal precision
configurations that remain hidden to traditional search strate-
gies. Specifically, our framework uses deep neural networks
to approximate the value of complex configuration states,
enabling a principled exploration of the high-dimensional
trade-off space between performance and accuracy.

We evaluate RLTUNER on 20 representative benchmarks
across various domains and compare its effectiveness against

two state-of-the-art baselines: PRECIMONIOUS [9] and HIF-
PTUNER [5]. Our experimental results show that RLTUNER
identifies precision configurations that outperform the base-
lines in 85% (17 out of 20) of the benchmarks, achieving
speedups of up to 46.28%. Beyond performance, RLTUNER
yields the lowest relative error in 55% (11 out of 20) of the
cases, with some configurations achieving up to 10 orders
of magnitude higher accuracy than existing approaches. No-
tably, RLTUNER-optimized programs achieve both the highest
speedup and the lowest relative error in 40% (8 out of 20) of
benchmarks, demonstrating its ability to find higher-quality
configurations that traditional greedy heuristics overlook. On
the largest benchmark, LULESH, RLTUNER identifies a supe-
rior configuration with 17.89% speedup, reducing the search
time by 33% compared to PRECIMONIOUS. Furthermore,
RLTUNER exhibits strong search robustness, maintaining a
performance lead across varying error thresholds from 10~4
to 1078,

In summary, our paper makes the following contributions:

o The first formulation of floating-point precision tuning
as a DRL task. We model the search space as a Markov
Decision Process to enable principled exploration (Sec-
tion III).

o The design and implementation of RLTUNER, the first
DQN-based tool for automatically tuning the precision
of floating-point variables and mathematical functions in
C/C++ programs (Section IV).

e A comprehensive evaluation on 20 benchmarks shows
RLTUNER outperforms baselines in 17 cases, achiev-
ing up to 46.28% speedup. We demonstrate that RL-
TUNER identifies higher-quality configurations—yielding
both better performance and significantly higher accuracy
(up to 1019 x)— by effectively navigating the precision-
performance trade-off (Section IV).

II. MOTIVATING EXAMPLE AND OVERVIEW
A. Motivating Example

This section demonstrates the need for a precision tun-
ing approach that explores the search space more effec-
tively to balance performance gains with numerical stability.
To illustrate this, we present a motivating example using
the LavaMD benchmark from Rodinia [15], comparing our
approach, RLTUNER, against two state-of-the-art baselines:
PRECIMONIOUS and HIFPTUNER (further details are pro-
vided in Section IV-B).

Figure 1 presents a t-SNE that visualizes the high-
dimensional configuration space of LavaMD. Each dot in the
plot represents a unique configuration/precision assignment,
where the spatial proximity between dots reflects their simi-
larity. Increased color solidity indicates a higher proportion of
low-precision variables. While red circles highlight the best
configurations found, the distribution of the dots reveals a
stark contrast in search strategy: RLTUNER (orange) achieves
broader coverage of the space, whereas PRECIMONIOUS (blue)
and HIFPTUNER (green) remain confined to more localized
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Fig. 2: Overview of Deep Reinforcement Learning-based precision tuning approach

clusters. This clustering is a direct result of their respective
reliance on binary-search delta-debugging and hierarchical
community structures, demonstrating the limitations of these
heuristics when navigating high-dimensional, suboptimal re-
gions.

Precision tuner typically require a user-defined error thresh-
old, which acts as a configurable tolerance level for the
maximum allowable deviation from high-precision ground
truth. In this example, we adopt a target threshold of 1074,
a permissive limit that intentionally expands the opportunities
for optimization. We observe that RLTUNER’s broader search
space coverage enables it to discover superior configurations
that baselines fail to locate. Notably, RLTUNER identifies a
configuration delivering a 13.91% speedup with zero relative
error. In contrast, PRECIMONIOUS achieves only a marginal
3.04% speedup with 1.50E-07 error, while HIFPTUNER yields
no speedup. These results demonstrate that RLTUNER’s Deep
Reinforcement Learning-based exploration navigates complex
search spaces more effectively than traditional heuristics, iden-
tifying ‘sweet-spot’ configurations that maximize the trade-off
between performance and accuracy.

B. Overview of Reinforcement Learning and RLTUNER

a) Approximation-Based RL and DQON: RL is a machine-
learning paradigm where an agent learns to make a sequence
of decisions to maximize a cumulative reward through iterative
interactions with an environment [16], [17]. RL methods can
be categorized into two types: (1) tabular-based and, (2)
approximation-based [22]. Traditional RL methods, such as Q-
learning, maintain a tabular Q-table to store the expected utility
(Q-value) for every state-action pair. However, the search
space for mixed-precision tuning is discrete and exponential—
specifically L™, where L is the number of available pre-
cision levels and n,m are the counts of tunable variables

and functions. This makes tabular methods computationally
intractable due to the curse of dimensionality. To address this,
RLTUNER employs a DQN which replaces the static Q-table
with a Deep Neural Network (DNN) as a high-dimensional
function approximator to estimate Q-values, making them
ideal for the exponential state spaces inherent in floating-point
tuning.

Unlike typical supervised learning that requires extensive
offline training, RLTUNER treats precision tuning as an online
optimization problem. For each target benchmark, the agent
initializes with no prior knowledge and refines its policy
through active exploration. DQN is an off-policy algorithm,
meaning it can learn from experiences generated by previous
versions of the tuning policy. This is facilitated by experience
replay, where past transitions are stored in a buffer and
sampled to update the network. In HPC scenarios where
program execution is time-consuming, this off-policy nature is
critical: it enables high sample efficiency by reusing historical
execution data, allowing the agent to efficiently navigate the
non-linear relationship between precision and performance.

b) RLTUNER: We developed RLTUNER, an automated
precision tuning framework that employs DQN to optimize
floating-point variable types and mathematical functions in
C/C++ applications. RLTUNER is designed to maximize ex-
ecution speedup while strictly adhering to user-defined error
thresholds. As illustrated in Figure 2, RLTUNER orchestrates a
feedback-driven optimization loop consisting of four primary
components:

Action Selection. The DQN agent observes the current
precision state s; and selects an action a; based on an e-greedy
policy. An action corresponds to lowering the precision of a
specific tunable candidate: changing the floating-point type
of a variable from double to float, or calling a lower-
precision implementation of a mathematical function (e.g.,



Algorithm 1 Mixed-precision search using DQN

Input: original configuration Corigina
Output: proposed configuration Cproposed
Initialize:
Initialize replay buffer D with capacity N
Initialize Q-network @ with random weights 6
Initialize target network ) with 0~ <« 0
so < initial state; Cproposed <— Coriginal

1: for episode = 1 to E Pmnax do

2: S < So

3: Aused — 0

4: for t =1 to |A| do

5: Select a; by e-greedy from A\ Ayseca

6: Aused — Aused U {at}

7: Apply a¢, observe s:+1, and calculate reward:
8: r = « - speedup + 3 - r;, — error_penalty
9: Store (s, at, r¢, St+1) in D

10: if |D| > Niyi then

11: Sample mini_batch and compute:

12: y; =7 +ymaxQ(s;+1,a507)

13: Update 6 by minimizing (y; — Q(s;, a;;0))?
14: end if

15: if ¢t mod C' = 0 then

16: 0~ «+ 0

17: end if

18: S < St41

19: end for
20: end for

21: return Cproposed

sinf instead of sin).

Program Transformation. Based on the selected action,

RLTUNER utilizes a Clang-based AST transformation engine
to rewrite the source code. This component automatically
updates type declarations and function calls, ensuring the
abstract precision state is accurately reflected in the executable
code.
@ Compile & Execution. The transformed program is com-
piled and executed. Unlike traditional tuners that rely solely
on execution time, RLTUNER performs multi-dimensional
profiling. We capture not only the wall-clock speedup and
numerical relative error but also architectural hardware metrics
to provide a richer feedback signal.

Reward Function Calculation & Learning. The agent
receives a composite reward r; that incorporates performance
gains, hardware efficiency, and a logarithmic error penalty. The
reward is used to update the agent’s knowledge, influencing its
future action choices. This sophisticated reward shaping guides
the agent through the high-dimensional search space, priori-
tizing configurations that maximize the performance speedup
while adhering to numerical accuracy constraints.

The loop continues iteratively, allowing the agent to refine
its policy through online experience. The process terminates
upon reaching a user-defined condition, such as a maximum
number of episodes or a target performance threshold. Detailed
algorithmic implementation is provided in Section III-A2.

III. TECHNICAL APPROACH

Given a floating-point program, our goal is to iden-
tify a mixed-precision configuration that maximizes program

speedup while adhering to a user-defined error threshold. As
shown in Figure 2, RLTUNER leverages a DQN agent that
observes the program’s precision state and iteratively adjusts
configurations by maximizing a reward signal that penalizes
accuracy violations while rewarding performance gains.

A. Precision Tuning as a Reinforcement Learning Problem

1) Markov Decision Process Formulation: We model the
problem of floating-point precision tuning as a Markov
Decision Process (MDP). An MDP is defined by a tuple
(S,A,P,R,v), where S is the set of states, A is the set of
actions, P is the transition function, R is the reward function,
and ~y is the discount factor. The details of each component
are as follows:

A state s € S represents a specific precision config-
uration of the target program, represented as a vector v =
[v1,v2, ..., Un1m]. Each element v; denotes the precision type
(e.g., float or double) of a tunable variable or function
call. The initial state sg is defined as the configuration where
all elements are set to the highest available precision, i.e.,
double. The size of state space is 2™, where n and m are
the counts of tunable variables and function calls, respectively.

An action a; € A is defined as selecting a specific
variable or function call to assign lower precision (e.g.,
changing the type of a floating-point variable from double
to float, or calling a lower-precision implementation of a
function instead such as sinf instead of sin). At each step
t, the agent chooses one element from the set of (n + m)
candidates to transform.

The transition P(S¢41|S¢, a:) defines how an action
transforms the current state into a new state. Upon choosing
an action a;, the environment updates the precision of the
corresponding element in the state vector, resulting in a unique
successor state s;4;. This process mimics the systematic
exploration of the configuration space, and is deterministic in
our framework.

The reward function R(s;,a;) evaluates the quality
of a precision transition by balancing performance gains and
numerical accuracy. We define the reward as:

Fpert — error_penalty, if Error(s;41) < ep

_F>7

R = (1)

otherwise

where e is the user-defined error threshold. For valid
configurations, the reward consists of a performance term Fpet
(derived from execution speedup and hardware performance
metrics) and a fine-grained error penalty, i.e., error_penalty,
that encourages maintaining high numerical integrity. If a
configuration violates the error threshold or fails to execute,
a large constant penalty P is assigned to steer the agent
away from invalid regions. This design ensures that the agent
prioritizes “precision-safe” configurations while aggressively
pursuing execution efficiency.

2) DON for Precision Tuning: To navigate the high-
dimensional and non-linear search space of precision config-
urations, RLTUNER employs a DQN as a functional approxi-
mator. The complete tuning process is detailed in Algorithm 1.



Neural Network Architecture. We implement the Q-
network using a Multi-layer Perceptron (MLP). The network
consists of an input layer representing the current configu-
ration vector, two fully-connected hidden layers with ReL.U
activation, and an output layer that predicts Q-values for all
(n+m) possible tuning actions. This MLP structure allows the
agent to learn the complex interdependencies between program
variables and their collective impact on performance.

Search and Exploration Strategy. The algorithm begins by
initializing the Q-network with random weights and setting
the initial state sy to the all-double precision configuration
(Algorithm 1, Line 2). To balance the exploration of novel con-
figurations with the exploitation of known high-performance
settings, the agent utilizes an e-greedy policy (Line 5). With
probability ¢, the agent selects the action with the highest
predicted Q-value; with probability 1 —e, it explores a random
unselected action. To prevent redundant searches and improve
efficiency, previously selected actions within the same episode
are tracked in Ay, and excluded from the current step’s action
space.

Reward Shaping with Hardware Performance Metrics.
The agent’s learning is guided by a composite reward signal
r, computed from the resulting speedup and numerical error:

ry = « - speedup + 3 - v, — error_penalty )

where « and 3 are weighting factors. To ensure a high sensi-
tivity to numerical precision, RLTUNER defines error_penalty
as the logarithm of the relative error, which provides a contin-
uous gradient for the agent to optimize. We also incorporate
hardware performance metrics as a shaping reward 7, to assist
the learning process of RLTUNER. Specifically, we gather data
on floating-point operations (FLOPs), LLC cache miss rates,
and DRAM memory traffic. Unlike execution time, which
can be noisy, hardware metrics provide immediate architec-
tural feedback on how precision reduction alleviates memory
pressure. This ensures a denser reward signal: even if a
configuration does not yield an immediate wall-clock speedup,
improvements in 7 guide the agent toward promising regions
of the search space. Any configuration exceeding the error
threshold e or failing at runtime incurs a substantial penalty,
effectively enforcing the accuracy constraint and guiding the
agent back to the feasible region of the search space.

Learning Dynamics. RLTUNER incorporates standard
DQN stabilization techniques as detailed in Algorithm 1.
Each transition (s, as,7¢,S:+1) is stored in a replay buffer
D (Line 9). Once the buffer reaches threshold N,; (Line 10),
mini-batches are sampled to update the Q-network. The target
Q-value is computed via Bellman backup using a separate
target network Q (Line 12), and the main network’s weights
0 are updated by minimizing the mean squared error between
predicted and target Q-values (Line 13). Every C' steps, the
target network’s weights 6~ are synchronized with 6 (Line 16).
Tuning terminates after E P,,,, episodes (Line 1).

B. Transformation and Validation

Once the DQN agent selects an action, RLTUNER applies a
source-to-source transformation that maps the state vector s;

back to source code (e.g., replacing double with float or
sin with sinf). We implement this using a custom Clang-
based plugin that operates on the AST to automate these
changes. The modified code is then compiled and executed to
compute 7;: numerical error is measured against the double-
precision reference, while execution time and hardware coun-
ters are captured via Linux perf.

IV. EXPERIMENTAL EVALUATION

This section evaluates the effectiveness of RLTUNER rel-
ative to two state-of-the-art baselines: PRECIMONIOUS and
HIFPTUNER. Our analysis is guided by the following Re-
search Questions (RQs):

RQ1 How effective is RLTUNER at identifying mixed-
precision configurations that improve performance
while maintaining low accuracy loss compared to the
baselines?

To what extent does RLTUNER improve the explo-
ration of high-dimensional search spaces compared
to PRECIMONIOUS and HIFPTUNER?

How robust is RLTUNER’s performance across vary-
ing error thresholds when compared to the baseline
approaches?

How does RLTUNER generalize to different input
datasets and problem sizes beyond those used during
the tuning process?

RQ2

RQ3

RQ4

A. Experimental Setup

Benchmarks. We evaluate RLTUNER on 20 benchmarks
categorized into three tiers of increasing complexity:

o Numerical Kernels: To isolate floating-point error prop-
agation from system-level effects, we evaluate basic
mathematical kernels including arclength, simpsons, and
nine linear algebra kernels from PolyBench [23] (e.g.,
correlation, gemm, syrk).

o Proxy Applications: To test more realistic application
structures, we include Blackscholes from PARSEC [24]
and four applications from the Rodinia suite [15]: CFD,
Hotspot, Kmeans, and LavaMD.

e HPC Mini-Applications: To evaluate production-relevant
scientific workloads, we include cg from the NAS Par-
allel Benchmarks [25], HPCCG and miniAMR from the
Mantevo suite [26], and LULESH 2.0 from Lawrence
Livermore National Laboratory [27].

Following the recommendation in precision tuning lit-
erature, we utilize representative inputs for the tuning
process. Specifically, for small kernels such as arclength
and simpsons, we follow their intrinsic mathematical con-
figurations; for the numerical kernels in Polybench, we
adopt the STANDARD_DATASET size, except for gemver
(LARGE_DATASET) and bicg (EXTRALARGE_DATASET);
for cg, we use the provided input Class A; and for other proxy
and large-scale applications such as miniAMR and LULESH,
we use the default sizes provided by the benchmark suites to
reflect realistic HPC workloads.



TABLE I: The parameters of RLTUNER

Parameter

Value

Q-network type
Input dimension
Hidden layer 1 size
Hidden layer 2 size
Output dimension
Activation function
Loss function
Optimizer

Learning rate
Discount factor ~y
Exploration policy
Initial €

Final €

€ decay

Batch size

Replay buffer size
Initial replay size
Target network update
Number of episodes

Multi-layer Perceptron (MLP)
d (configuration vector length)
256

128

| A| (number of actions)
ReLU

Mean Squared Error (MSE)
Adam

1x1073

0.95

e-greedy

1.0

0.1

Linear

64

50,000

500

Every 100 steps

30

Floating-Point Precisions and Compilation Flags. We
consider double and single precision for floating-point vari-
ables and math functions. Specifically, we target the substitu-
tion of 64-bit double-precision functions from the C Standard
Math Library—including trigonometric (sin, cos), exponen-
tial (exp, log), and power functions (pow, sgrt)—with
their 32-bit single-precision counterparts (e.g., sinf, expf,
sqgrtf). All experiments utilize the default compilation flags
provided by the respective benchmark suites: most with —02
optimization flag, while CFD, Hotspot, HPCCG and LULESH
use —03. To maintain consistency, RLTUNER and all baselines
utilize these same benchmark-specific compilation flags.

Baselines. To the best of our knowledge, this work rep-
resents the pioneer effort in employing Deep Reinforcement
Learning, specifically DQN, for automated floating-point pre-
cision tuning. To evaluate its efficacy, we compare our ap-
proach against two representative dynamic precision tuners:
PRECIMONIOUS [9] and HIFPTUNER [5]. PRECIMONIOUS
is the de facto standard baseline in the field [2], [5], [10],
[13], [28], leveraging delta debugging [29] to navigate the
search space, which has been recognized as an effective
search strategy in recent precision tuning studies [11], [14].
HIFPTUNER is selected as it incorporates community search
and dependency analysis, representing the state-of-the-art in
heuristic-driven precision tuning that effectively handles large-
scale programs.

Following the taxonomy in [30], we exclude tools that:
(1) target restricted scales or use static methods [8], [10],
[11], [31]; (2) are tailored for GPUs [28], [32], [33] or
narrow scopes such as math library functions [12]; (3) have
implementation constraints requiring manual intervention [34],
[35]; or (4) are orthogonal to our baselines (FPLEARNER [2] is
a predictive meta-tuner, and Blame Analysis [13] is superseded
by HIFPTUNER).

Evaluation Metrics. We measure the effectiveness of RL-
TUNER and the baselines by comparing Equation (3) the best
program speedup they can find, and Equation (4) the corre-

sponding incurred computation error. The program speedup

is defined as the relative reduction in runtime achieved by a

mixed-precision program, calculated using the formula:
Original Runtime — Mixed-Precision Runtime

Speedup = 3
P P Original Runtime ®)

This metric quantifies the relative reduction in runtime
achieved by the mixed-precision program compared to the
original implementation. The speedup is calculated by average
of ten time executions of the benchmarks, except for LULESH
for which we report the average of five executions due to
its long runtime reducing performance noise, following prior
work (e.g., FPLEARNER [2]).

The second metric is the computation error. HPCCG and
Kmeans use the Miss Position Percentage (MPP) to measure if
the calculation results are acceptable, i.e., MPP equals to zero.
For all other benchmarks except for HPCCG and Kmeans, the
metric corresponds to the absolute value of the relative error
of the result with respect to the result produced by the original
program, shown in the following formula:

|ResultneW — Result(,rigma]|

“4)

Error =
ReSUItoriginal

Our ideal goal is to discover a mixed-precision program that
has higher speedup and smaller error.

Besides the effectiveness of precision tuners, we also care
about the number of configurations explored during the search.
We use this metric to indicate the size of the search space
explored by each approach, which indicates the search cost.
Note that hardware performance counters are used only during
training and are not reported as evaluation metrics.

Implementation Details. We implement RLTUNER in
Python using the MushroomRL library [36] for the reinforce-
ment learning components. As summarized in Table I, the Q-
network is implemented as a Multi-layer Perceptron (MLP)
with two hidden layers. The input dimension corresponds to
the configuration vector length d, and the output dimension
corresponds to the number of possible actions |A|. ReLU is
used for the hidden layers, and a linear activation is applied
to the output layer. The network is trained using the Adam
optimizer with the mean squared error (MSE) loss. We adopt
an e-greedy exploration strategy with a linear decay schedule.

We empirically selected the above hyperparameters based
on preliminary experiments over a subset of benchmarks
and consistently applied them across all evaluations in this
section. Training is terminated after a maximum of 30 episodes
(E Ppax = 30). In most cases, the best configuration was dis-
covered within the first 25 episodes, indicating that 30 episodes
provide a sufficient budget. While a larger budget may further
improve results, 30 episodes strike a practical balance between
solution quality and search cost (see Section IV-B).

Experiments were conducted on a workstation hosted on the
Chameleon Cloud testbed [37] running Ubuntu 20.04 LTS,
equipped with an Intel Xeon Platinum 8380 CPU (2.30 GHz)
and 256 GB of RAM.



TABLE II: Configuration count, search cost, speedup, relative error across benchmarks

Suite \Benchmark ‘Idx‘LOC‘ RLTUNER PRECIMONIOUS HIFPTUNER
‘ ‘ ‘ ‘Conﬁgs Search Cost Speedup Error‘Conﬁgs Search Cost Speedup Error‘Conﬁgs Search Cost Speedup Error
GSL arclength 1l 79 137 0:11:02  45.65% 2.91E-05 30 0:01:01 42.88% 7.41E-05 77 0:03:41  0.97% 2.08E-05
simpsons 2| 82 114 0:16:58  4.69% 1.39E-10 107 0:11:07  439% 1.39E-10 83 0:07:58  0.03% 3.13E-11
Polybench | correlation 3] 153 267 0:09:44  10.19% 7.79E-08 147 0:04:21  1.12% 7.33E-08 83 0:03:23  0.72% 1.22E-08
covariance 4| 131 184 0:05:03  5.87% 1.07E-07 150 0:03:52  1.14% 3.25E-08 57 0:02:24  0.44% 6.75E-08
2mm 5| 151 328 0:19:20  496% 1.31E-14| 209 0:29:31  1.72% 5.24E-13 61 0:11:27  2.86% 3.91E-08
3mm 6| 156 315 0:18:10  5.61% 2.21E-14 327 0:20:10  6.89% 4.85E-09 67 0:09:04  1.66% 4.85E-09
bicg 7| 133 245 0:06:12  2527% 1.35E-06 123 0:01:39  0.17% 7.22E-05 107 0:02:15  0.20% 1.25E-06
gemm 8| 128 246 0:16:01  440% 6.18E-05 109 0:09:13  1.42% 1.41E-08 57 0:07:30  0.46% 1.41E-08
gemver 9| 144| 531 0:14:07  1.63% 2.84E-15 549 0:16:22  1.96% 1.67E-05 141 0:03:22  0.00% -
symm 10| 124] 272 0:24:13  3.69% 148E-12| 221 0:15:46  3.01% 1.77E-06 67 0:07:31  3.40% 1.77E-06
syrk 1| 129 227 0:02:09  22.62% 1.90E-07 140 0:01:00  539% 5.39E-08 31 0:00:16  17.07% 1.41E-08
PARSEC | Blackscholes | 12| 239| 762 0:28:48  1230% 4.51E-08 922 0:31:40  8.62% 1.32E-06| 449 0:40:45  0.00% -
Rodinia | CFD 13| 549] 2381 0:18:07  424% 1.80E-09| 2120 1:56:02  0.80% 7.74E-11| 1101 0:52:27  0.00% -
Hotspot 14| 263 466 0:0429  526% 4.60E-06| 235 0:01:38  531% 4.60E-06 45 0:00:58  3.78% 4.60E-06
Kmeans 15| 314| 274 0:28:38  13.97% 0.00E+00 | 223 0:34:47  12.48% 0.00E+00 3 0:04:40  0.83% 0.00E+00
LavaMD 16| 253 579 0:02:44 13.91% 0.00E+00 | 293 0:01:53  3.04% 1.50E-07 191 0:11:50  0.00% -
NAS | ce | 17] 20| 428 0:50:45  8.36% 3.36E-10| 189 0:20:58  0.65% 2.95E-05| 141 0:26:27  0.50% 8.64E-06
Mantevo | HPCCG 18| 257 663 0:51:08  7.66% 0.00E+00| 458 0:10:02  5.33% 0.00E+00 117 0:04:18  0.00% -
miniAMR | 19| 678 895 5:05:53 46.28% 6.97E-15 167 10:10:06  2.71% 6.97E-15 147 3:17:49  8.71% 6.97E-15
LLNL  |LULESH | 20|2601| 2534  22:46:15 17.89% 7.84E-05| 3870  34:06:25 5.58% 346E-05| 1456  8:53:30 10.12% 3.12E-05
B. RQI: Comparison with Baselines 0.17% and 5.39%. In more complex proxy applications,

We compare RLTUNER with two baselines, PRECIMO-
NIOUS and HIFPTUNER, in terms of achieved speedup, rela-
tive error, and number of explored configurations.

Table II presents a comprehensive comparison between
RLTUNER and the two baselines across 20 benchmarks under
a uniform target error threshold of 10~4, which serves as the
default application-level correctness criterion in our evaluation.
This threshold is used to ensure a consistent comparison
of optimization benefits across benchmarks. For miniAMR,
all evaluated configurations already satisfy the 10~* thresh-
old; therefore, we additionally report results under a stricter
threshold of 10~® to illustrate behavior under higher accuracy
requirements. A sensitivity analysis with respect to different
user-specified error thresholds is provided in RQ3.

To ensure methodological rigor, we performed five indepen-
dent tuning runs for each benchmark, with the exception of
the more computationally intensive LULESH and miniAMR,
which were repeated three times. We report the peak speedup
attained across these iterations. The results demonstrate signif-
icant stability: 16 of the 18 benchmarks showed a performance
variance below 10%, while LULESH exhibited tighter bounds
of 3%. In contrast, miniAMR exhibited higher variability
(up to 23%), which can be attributed to its adaptive mesh
refinement nature.

Program Speedup. Overall, RLTUNER outperforms the
baselines in 17 out of 20 benchmarks in terms of program
speedup while strictly adhering to the prescribed error thresh-
olds, in both computational kernels and large-scale applica-
tions. For instance, in kernels like bicg and syrk, RLTUNER
achieves speedups of 25.27% and 22.62%, respectively, sig-
nificantly higher than PRECIMONIOUS, which achieves only

such as LavaMD, RLTUNER delivers a 13.91% speedup,
outperforming both baselines and demonstrating its ability to
optimize programs with intricate control flows and data de-
pendencies. Similar trends are observed in production-relevant
HPC mini-applications, including miniAMR and LULESH,
where RLTUNER achieves speedups of 46.28% and 17.89%,
respectively. These results indicate that the DQN agent is ca-
pable of identifying more aggressive yet safe mixed-precision
configurations that traditional delta-debugging or dependency-
based heuristics overlook.

We note that the speedups observed for PRECIMONIOUS and
HIFPTUNER in our environment differ from those reported in
their original publications (e.g., for simpsons and arclength).
To ensure a rigorous comparison, we utilized the updated re-
implementations provided in recent literature [2]. We attribute
these performance discrepancies to the evolution of hard-
ware architectures and the maturation of compiler technology.
Modern compilers now perform significantly more aggressive
optimizations than those available at the time of the original
studies, which fundamentally alters the baseline performance
landscape.

Numerical Error. We observe that RLTUNER does not
merely trade precision for performance; rather, it identifies
“high-quality” configurations that achieve the best of both
performance and accuracy. As highlighted in Table II (noted
by orange cells), in 11 out of 20 benchmarks, RLTUNER-
optimized programs achieve the lowest relative error com-
pared to all baselines, while in 8§ benchmarks, RLTUNER
achieves the highest speedup. For instance, in cg, RLTUNER
delivers a 8.36% speedup with an error of 3.36E-10, whereas
PRECIMONIOUS achieves only 0.65% speedup while incurring
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Fig. 3: The number of overlapping configurations between
RLTUNER and the baselines

a higher error of 2.95E-05. Compared to PRECIMONIOUS
and HIFPTUNER, RLTUNER learns to safely reduce floating-
point precision without amplifying error propagation. This
indicates that the DQN-based approach can effectively balance
performance improvement and numerical stability.

Compared to PRECIMONTIOUS and HIFPTUNER, RLTUNER
exhibits more stable error behavior across benchmarks. While
HIFPTUNER frequently fails to identify precision configura-
tions that yield meaningful speedups, and PRECIMONIOUS
occasionally trades off performance for overly conservative
precision choices, RLTUNER learns to safely reduce floating-
point precision without amplifying error propagation. This
indicates that the DQN-based approach can effectively balance
performance improvement and numerical stability.

Search Efficiency. RLTUNER demonstrates highly compet-
itive search efficiency compared to traditional methods. As
shown in Table II, although RLTUNER occasionally evaluates
more configurations to refine its learned policy, the total
number of explored configurations remains on the same order
of magnitude as PRECIMONIOUS, and in several cases, it even
requires fewer evaluations to reach a superior solution. For
instance, in Blackscholes, RLTUNER converges using 17%
fewer configurations than PRECIMONIOUS while achieving
higher performance. In contrast, HIFPTUNER often evaluates
fewer configurations due to its dependency-based heuristics,
but this efficiency comes at the cost of being trapped in
suboptimal solutions, leading to negligible speedup in many
benchmarks. While PRECIMONIOUS can converge quickly on
small-scale kernels, its struggles with the high-dimensional
search spaces of larger applications. Notably, on our largest
benchmark, LULESH, RLTUNER identifies a configuration
achieving a 17.89% speedup within 22.5 hours, whereas
PRECIMONIOUS requires over 34.1 hours, i.e. 33% more time,
to reach a lower speedup of 5.58%. This demonstrates the
scalability of RLTUNER when tuning larger programs.

Response to RQ1: RLTUNER outperforms baselines
in 85% of benchmarks, achieving up to 46.28%
speedup while maintaining superior numerical accu-
racy in 55% of cases, demonstrating its effectiveness
in discovering high-quality mixed-precision configura-
tions in complex search spaces.
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Fig. 4: t-SNE plots of the search spaces of RLTUNER,
PRECIMONIOUS, and HIFPTUNER for two benchmarks

C. RQ2: Space Exploration

This section compares the space exploration of RLTUNER
and the baselines in terms of (1) the number of identical
configurations explored during the search, (2) the overall
search space explored, and (3) the final configurations.

1) Identical Configurations: Overlap between the configu-
rations explored during the search by RLTUNER and the base-
lines is exceptionally rare. Only one benchmark, simpsons,
shows any overlap between RLTUNER, PRECIMONIOUS, and
HIFPTUNER. Even then, across the 207 total configurations
explored for simpsons (after removing duplicates per tool),
only one same configuration was identified by all three meth-
ods (Figure 3a). As shown in Figure 3, between RLTUNER and
PRECIMONIOUS, overlap is found in only two benchmarks—
simpsons (7 configurations) and Kmeans (4 configurations)—
with zero overlap elsewhere. RLTUNER and HIFPTUNER
share configurations in only simpsons (9 configurations). Fur-
thermore, in covariance, PRECIMONIOUS and HIFPTUNER
share only a single configuration, while RLTUNER remains
completely isolated. This lack of intersection highlights the
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Fig. 5: Heatmaps of precision-reduced variables and mathe-
matical functions

distinctiveness of the search trajectories produced by each
approach.

2) Comparing Search Spaces: To visualize the high-
dimensional configuration space, we employ t-SNE to
map each binary precision-assignment vector into a two-
dimensional plot. Spatial proximity indicates configuration
similarity, while the opacity of each dot scales with the number
of variables and function calls whose precision is reduced.

Across all benchmarks, a distinct pattern emerges: RL-
TUNER generates linear trajectories, reflecting the sequential
nature of its learning episodes, whereas the baselines produce
localized clusters. As seen in the motivating example (Fig-
ure 1), this confirms that RLTUNER performs a broader, more
continuous exploration of the search space.

This contrast is particularly evident in the LULESH bench-
mark (Figure 4a). RLTUNER produces visible “episode paths”
that span the space, while PRECIMONIOUS remains confined
to discrete, binary-style clusters and HIFPTUNER forms small,
dense communities. Even in lower-density spaces like Kmeans
(Figure 4b), where all methods appear more dispersed, RL-
TUNER maintains superior coverage while successfully tar-
geting the most promising configurations. In RQ1, we already
showed that RLTUNER achieves better speedup than PRECI-
MONIOUS and HIFPTUNER in most benchmarks.

3) Targeted Variables and Functions: To analyze variable-
level exploration, we utilize the heatmaps in Figure 5, which
visualize the frequency with which each variable is assigned
lower precision across all explored configurations. In these
plots, color intensity correlates with the reduction ratio: darker
cells represent variables frequently targeted for tuning, while
lighter cells indicate those rarely modified. This visualization
confirms that RLTUNER and the baselines target distinct, non-
overlapping subsets of variables and function calls. These
patterns remain consistent across benchmarks regardless of

TABLE III: Error thresholds vs. performance & precision

‘B | RLTUNER PRECIMONIOUS HIFPTUNER
enchmark
‘ ‘ Speedup Error ‘ Speedup Error‘ Speedup Error
syrk 22.62% 1.90E-07| 5.39% 5.39E-08| 17.07% 1.41E-08
<+ |Hotspot 5.26% 4.60E-06| 5.31% 4.60E-06| 3.78% 4.60E-06
S |LavaMD 13.91% 0.00E+00| 3.04% 1.50E-07| 0.00% -
“lcg 8.36% 3.36E-10| 0.65% 2.95E-05| 0.50% 8.64E-06
LULESH | 17.89% 7.84E-05| 5.58% 3.46E-05| 10.12% 3.12E-05
syrk 11.33% 5.39E-08| 3.35% 1.41E-08| 0.27% 1.41E-08
o |Hotspot 2.62% 6.53E-12| 1.75% 2.51E-11| 0.41% 1.22E-14
L |LavaMD 8.36% 0.00E+00| 0.17% 0.00E+00| 0.00% -
“lcg 0.59% 3.26E-09| 0.57% 3.26E-09| 0.58% 1.23E-08
LULESH | 30.49% 5.82E-11| 6.72% 3.00E-11| 17.79% 6.30E-07
syrk 24.86% 6.08E-15| 7.82% 6.08E-15| 4.98% 6.08E-15
« |Hotspot 345% 1.33E-12| 195% 251E-11| 0.28% 2.37E-11
L |LavaMD 8.40% 0.00E+00| 0.00% —| 8.08% 0.00E+00
“leg 0.55% 3.36E-10| 0.52% 3.26E-09| 0.53% 3.26E-09
LULESH | 56.39% 5.09E-11| 20.57% 1.75E-09| 17.96% 2.55E-13

search space complexity. We highlight syrk and Hotspot as
representative examples, spanning theoretical search spaces of
sizes 219 and 23°.

Figure 5a shows that each approach lowers different sets
of variables in syrk. RLTUNER mainly targets sqrt, A, and
alpha, whose precision is reduced in 69%, 43%, and 42% of
the configurations, respectively. In contrast, PRECIMONIOUS
focuses on sqgrt, sin in 91% of the configurations, and
beta in 70% of the configurations. HIFPTUNER concentrates
reductions more locally, with checksum and C lowered in
100% and 50% of the configurations, respectively.

In Hotspot (Figure 5b), PRECIMONIOUS reduces the pre-
cision of amb_temp_1, chip_height, and t_chip in
nearly 97% of the configurations, while RLTUNER distributes
reductions more broadly, with grid_height, result, and
Ry (51%, 40%, and 38%). HIFPTUNER lowers Ry, Ry_ 1, and
Cap_1, though very intensively. Overall, RLTUNER selects
variables and function calls with higher potential to improve
performance and using error as feedback, unlike the static
or hierarchically structured strategies of PRECIMONIOUS and
HIFPTUNER.

Response to RQ2: RLTUNER and the baselines ex-
plore different parts of the search space, barely over-
lapping in their explored configurations. RLTUNER
explores a larger search space than PRECIMONIOUS
and HIFPTUNER, and it has the potential to find
configurations with higher speedup and smaller relative
error. The approaches also differ on the entities whose
precision are reduced across most configurations.

D. RQ3: Sensitivity to Error Thresholds

To assess the sensitivity of RLTUNER to varying accu-
racy requirements, we evaluate its performance under three
increasingly stringent error thresholds commonly used in the
precision tuning literature: 104, 1075, and 10~%. We se-
lect five representative benchmarks including one numerical
kernel, two proxy applications, and two production-relevant



TABLE IV: Generalizability analysis across different datasets
and problem sizes. Highlighted cells denote the representative
input used during tuning. v'indicates the optimal configuration
satisfies the error threshold on unseen inputs.

Suite | Benchmark | Input | Pass | Error | Speedup
STANDARD_DATASET v’ |4.87E-09 | 17.08%

bicg LARGE_DATASET v | 5.15E-09 | 17.51%
EXTRALARGE_DATASET | v | 1.35E-06| 18.63%

SMALL_DATASET v | 6.56E-12 | 27.08%

Polybench | symm STANDARD_DATASET v | 1.48E-12 | 18.34%
LARGE_DATASET v’ |631E-13| 9.40%

SMALL_DATASET v | 1L.21E-05 | 42.28%

syrk STANDARD_DATASET v' | 1.90E-07 | 49.14%
LARGE_DATASET v | 4.92E-08 | 38.00%

CFD fvcorr.domn.097K v’ | 1.80E-09 | 4.11%

Rodinia fvcon.domn.1?3K v |2.01E-14 2.63%
Hotspot 1024x1024, grid rows x cols | v |4.60E-06 | 46.29%
2048x2048, grid rows x cols | v* | 3.08E-10| 22.17%

CLASS S v' | 295E-07| 0.52%

CLASS W v | 4.46E-07 | 2.30%

NAS cg CLASS A v’ | 3.36E-10 | 4.43%
CLASS B v |4.62E-07 | 7.06%

CLASS C v’ | L.OSE-05| 7.86%

mesh_size = 30 v | 7.84E-05| 19.30%

LLNL LULESH | mesh_size = 50 v | 148E-05| 7.48%
mesh_size = 70 v’ |3.63E-05| 5.41%

HPC mini-applications. This analysis complements RQ1 by
demonstrating how different tuning approaches adapt when
users specify tighter correctness constraints.

As summarized in Table III, RLTUNER maintains a con-
sistent performance lead across all thresholds, achieving the
highest speedup in 14 out of 15 scenarios. While speedups
naturally decrease as constraints become stricter, RLTUNER
maintains a higher residual performance compared to base-
lines. For instance, in Hotspot, although speedup drops sharply
across all tools, RLTUNER sustains a 3.45% gain at 108,
whereas HIFPTUNER nearly collapses to 0.28%. In another
example, syrk with a 10~8 threshold, RLTUNER identifies a
24.86% speedup, whereas PRECIMONIOUS and HIFPTUNER
achieve 7.82% and 4.98% speedup, respectively. Notably,
RLTUNER achieves a higher speedup when the error thresh-
old is 10~® (24.86%) than with the more relaxed 1076
error threshold (11.33%). This non-monotonic improvement
demonstrates that RLTUNER’s global exploration can uncover
high-performing, non-obvious configurations that the greedy
heuristics of baselines consistently overlook.

Response to RQ3: RLTUNER exhibits high robust-
ness to varying accuracy requirements, consistently
outperforming baselines across all the considered error
thresholds. It remains effective under strict constraints
where traditional heuristics often fail, confirming its
reliability for diverse scientific computing needs.

E. RQ4: Generalizability Analysis

A critical requirement for the practical deployment of
automated tuning tools is the generalizability of the identi-
fied mixed-precision configurations across varying inputs. In

typical HPC workflows, applications are repeatedly executed
in production pipelines. Therefore, RLTUNER follows the
established methodology of optimizing on a representative
workload to extract a highly performant configuration that can
then be deployed for long-term production use.

To empirically evaluate the generalizability of RLTUNER,
we conducted an analysis using 7 representative benchmarks
across different suites (Polybench, Rodinia, NAS, and LLNL).
We applied the optimal configurations—identified using the
default tuning inputs—to a series of unseen datasets and
varying problem sizes. The results are summarized in Table IV,
where highlighted cells indicates that the input was used
during the tuning process.

The results reveal three key observations. First, in 100% of
the cases tested on unseen data, the configurations identified
by RLTUNER remained strictly within the pre-defined error
threshold. This demonstrates that RLTUNER effectively iden-
tifies variables whose precision can be safely reduced based
on the underlying algorithmic structure, rather than merely
overfitting to the numerical values of a specific input. Second,
RLTUNER delivers consistent speedups across all unseen in-
puts, though the magnitude of the performance gain varies with
problem size. For example, in NAS cg, the speedup improves
from 4.43% (Class A) to 7.86% (Class C) as the problem
size scales up. Conversely, in benchmarks like Polybench
symm, the relative speedup decreases on larger datasets. We
attribute these variations to shifting architectural bottlenecks:
as problem sizes scale, applications may transition between
being compute-bound and memory-bound, altering the relative
performance benefits of reduced precision memory accesses
versus arithmetic operations. Third, the generalizability holds
even for complex, large-scale mini-apps like LULESH. When
increasing the mesh size from 30 to 70—representing a
nearly 13-fold increase in the total computational workload—
the configuration identified by RLTUNER consistently yields
performance gains (7.48% for a 50 mesh and 5.41% for a
70% mesh) without any accuracy violations.

While dynamic tuning tools cannot theoretically guarantee
numerical accuracy for all conceivable inputs, our results
strongly suggest that by leveraging reinforcement learning
to explore a wider and more diverse configuration space
during training, RLTUNER discovers robust configurations
that exhibit strong generalizability across input variations and
scaling workloads.

Response to RQ4: RLTUNER demonstrates strong
generalizability across diverse inputs and problem
sizes. Configurations tuned on representative work-
loads achieve 100% adherence to error thresholds
on unseen data. Furthermore, they deliver sustained
performance speedups—scaling efficiently even with
up to 13x workload increases—without overfitting to
the initial tuning inputs.




V. THREATS TO VALIDITY

a) External Validity: RLTUNER utilizes DQN, selected
for its proven efficacy in goal-directed learning as a foun-
dational model-free algorithm [38]; while results may not
generalize to other RL architectures, we mitigated this by
evaluating on a diverse suite of widely recognized bench-
marks. Our implementation targets C/C++ with LLVM, but
only the source-level rewriter is language-specific—the RL-
based search, reward computation, and convergence criteria
are language- and compiler-agnostic, making adoption to other
compilers or languages possible. To address stochasticity, we
repeated each experiment 3x for LULESH and miniAMR and
5x for the remaining benchmarks; in 16 of 18 cases, speedup
remained within a 10% range, with LULESH showing only
3% variation, while miniAMR exhibited 23% variation due to
its sensitive mesh refinement nature.

While RLTUNER is designed to be hardware-agnostic and
independent of specific floating-point formats, our current
evaluation focuses on FP64-to-FP32 transformations on CPU
platforms. This scope may not fully capture performance and
numerical behaviors inherent to GPUs and other AI accelera-
tors, which frequently utilize formats like FP16, BF16, TF32,
or FP8 and exhibit different execution characteristics. Never-
theless, adapting RLTUNER to these targets is architecturally
feasible. Since the RL-based search and convergence criteria
are platform-independent, only the source-level rewriter and
the reward signal require extension. Although our reward
function can default to execution time (3 = 0) when detailed
performance metrics are unavailable, capturing accelerator-
specific factors such as tensor-core utilization and memory-
bandwidth savings may require additional reward components
to faithfully represent optimization trade-offs. Consequently,
further validation across diverse architectures is required to
confirm the generality of our approach.

Another promising direction involves incorporating energy
efficiency, which is increasingly critical given the rising power
demands of large-scale HPC and AI workloads. Since RL-
TUNER utilizes a multi-objective reward function, integrating
an energy term (e.g., derived from RAPL counters on CPUs
or NVML on GPUs) is a natural extension. This would
enable users to identify optimal configurations that balance
performance, accuracy, and energy consumption.

b) Internal Validity: We address several threats to inter-
nal validity in our experimental design. First, to mitigate run-
time variance, we execute each configuration multiple times—
5x for LULESH and 10x for all other benchmarks—and
report the average speedup. Second, to ensure performance re-
sults are not skewed by varying compiler toolchains, we utilize
the default compiler settings provided by each benchmark suite
across all experiments. Finally, as with all dynamic precision
tuners, effectiveness is contingent upon the input sets used
during tuning. Following established practices [2], [5], [9], we
assume the provided inputs are sufficiently representative, and
further evaluate generalizability on unseen inputs (see RQ4).

VI. RELATED WORK

Dynamic analysis is widely utilized for tuning floating-point
precision. Search-based tools such as PRECIMONIOUS [9]
and HIFPTUNER [5] employ delta-debugging and hierar-
chical search, respectively, prioritizing aggressive perfor-
mance gains over sound error guarantees [30]. Blame Analy-
sis [13] prunes the search space via shadow execution, while
ADAPT/FLOATSMITH [4], [33] analyze workload sensitivity
at the source level. Other frameworks target alternative repre-
sentations [10], [34], [39] or specific application domains, such
as climate modeling [7]. On the conservative side, DAISY [11],
RosA [40], and SALSA [41] provide sound accuracy guaran-
tees through static analysis but often struggle with complex
control flows. More recently, FPLEARNER [2] uses graph neu-
ral networks to predict performance and accuracy. Unlike these
tools, RLTUNER treats accuracy as a first-class objective by
incorporating relative error directly into the reward function.

A significant body of work targets GPU-based precision
tuning. AMPT-GA [28] leverages genetic algorithms for GPU
kernel variables, GPU-FPTUNER [32] introduces automated
planning for mixed-precision GPU applications, and other
efforts address floating-point registers [42] and GPU ker-
nels [43]. In contrast, our approach is platform-agnostic and
applicable to a broader range of environments.

RL has emerged as a powerful paradigm for complex
optimization, including database tuning [21], quadratic pro-
gramming [18], and network optimization [19], [20]. DRL
has proven especially effective for sequential decision-making
in compiler optimization [44], [45], cloud resource provi-
sioning [46], and multi-core energy management [47]. While
these works demonstrate the versatility of DRL in systems
optimization, ours is the first to leverage it for mixed-precision
floating-point tuning.

VII. CONCLUSION

We presented RLTUNER, a Deep Reinforcement Learning-
based approach for precision tuning that leverages DQN to bal-
ance speedup and accuracy. By formulating the tuning task as a
Markov Decision Process, RLTUNER enables learned, reward-
driven exploration of the search space. Across 20 benchmarks,
RLTUNER outperforms two state-of-the-art baselines, PREC-
IMONIOUS and HIFPTUNER, in 17 benchmarks, achieving
speedups of up to 46.28% and yielding the lowest relative
error in 11 benchmarks. RLTUNER is publicly available at
https://github.com/ucd-plse/RLTuner.
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