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Abstract—Floating-point numbers are finite-precision approxi-
mations to real numbers and are ubiquitous in computer applica-
tions in nearly every field. Selecting the right floating-point rep-
resentation that balances performance and numerical accuracy is
a difficult task — one that has become even more critical as hard-
ware trends toward high-performance, low-precision operations.
Although the common wisdom around changing floating-point
precision implies that accuracy and performance are inversely
correlated, more advanced techniques can often circumvent this
tradeoff. Applying complex numerical optimizations to real-world
code, however, is an arduous engineering task that requires
expertise in numerical analysis and performance engineering, and
application-specific numerical context. While there is a plethora
of existing tools that partially automate this process, they are
limited in the scope of optimization techniques or still require
substantial human intervention. We present Poseidon, a modular
and extensible framework that fully automates floating-point
optimizations for real-world applications within a production
compiler. Our key insight is that a small surrogate profile often
reveals sufficient numerical context to drive effective rewrites.
Poseidon operates as a two-phase compiler: the first compilation
instruments the program to capture numerical context; the sec-
ond compilation consumes profiled data, generates and evaluates
candidate rewrites, and solves for optimal performance/accuracy
tradeoffs. Poseidon’s interoperability with standard compiler
analyses and optimizations grants it analysis and optimization
advantages unavailable to existing source- and binary-level ap-
proaches. On multiple large-scale applications, Poseidon leads to
outsized benefits in performance without substantially changing
accuracy, and outsized accuracy benefits without diminishing
performance. On a quaternion differentiator, Poseidon enables
a 1.46x speedup with a relative error of 10~°. On DOE’s
LULESH hydrodynamics application, Poseidon improves pro-
gram accuracy to exactly match a 512-bit simulation run without
substantially reducing performance.

Index Terms—Floating-point arithmetic, Numerical analysis,
Optimizing compilers, Performance analysis, Scientific computing

I. INTRODUCTION
Real-number computations are critical in nearly every sci-
entific discipline, ranging from biology [1, 2], physics [3, 4],
and chemistry [5, 6] to machine learning [7, 8] and beyond.
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Representing and performing real-number computations in
their exact form is often impossible or prohibitively expensive.
For example, /2 is an irrational number and cannot be
exactly represented with a finite decimal or binary expression.
In practice, many users of real arithmetic approximate their
programs using floating-point (FP) values, which represent
numbers in scientific notation with a fixed-length exponent and
mantissa. Consequently, the use of FP numbers in storage and
computation can lead to results which differ from their exact
theoretical values in real arithmetic. Efficiently and accurately
computing real-valued functions is a well-studied domain and
has led to the birth of the numerical analysis field.

Practitioners who use FP numbers are often unaware of the
consequences of FP approximations in their programs, and
accidentally end up with numerically incorrect results. In fact,
even libraries that pay careful attention to numeric results like
TensorFlow Probability [9], PyMC [10], and Stan [11] have all
had bugs generating incorrect or biased results due to incorrect
FP approximations over the years'. In contrast, many domains
like machine learning can tolerate some degree of inaccuracy.
For instance, the fact that gradient descent is effective even
with approximate gradients has motivated researchers to find
tradeoffs in FP computations, e.g., intentionally reducing nu-
merical precision to accelerate training. Recent years have
witnessed shifts from machine learning models using 32-
bit floats to those using 16-bit representations [12], 8-bit
representations [13], 4-bit representations [14], and recently
even single-bit (really 1.58 bits) models [15].

Simply reducing precision until the loss stops decreasing is
an often-used and usually sufficient approach to maintaining
accuracy. However, this method often sacrifices a substantial
amount of performance improvements. For example, consider
the computation in Fig. 1 which computes 10% + 1 — 10%.

ISee https://github.com/tensorflow/probability/issues/542, https:
//github.com/pymc-devs/pymc/issues/1787, and  https://github.com/stan-
dev/stan/issues/2178 for examples of correctness errors due to FP
approximations.

979-8-3315-9288-2 © 2026 The Authors, Licence CC-BY-4.0. 548



Computation: (10° +1) — 10% = ?
FP32: (1.

1. 8 - 1. 08

08 + 1.

00) - 1.

o

0.0000000e+08

FP64: (1. 8 + 1.
1. 1 - 1. 08
1.000000000000000e+00

'
=3

FP32 (R )y (. 8 - 1.
0. + 1.

1.0000000e+00

8) + 1.

Fig. 1: An example of how different FP precisions and orders
of operations affect the evaluation of 108 4+ 1 — 108. In FP32
arithmetic, the 1 term is lost when added to 108 due to limited
precision, resulting in an incorrect result of 0. However, FP64
arithmetic preserves the 1 term due to its extended precision,
which leads to the correct result. Reassociating the operations
in FP32 can also mitigate this numerical inaccuracy, but
requires numerical context such as relative magnitudes.

With 32-bit FP arithmetic (FP32), the small magnitude of 1
relative to 10% makes 10® + 1 numerically indistinguishable to
108, leading to an incorrect result. Adding additional bits of
precision, in this case the use of a 64-bit float (FP64), allows
108 + 1 to be represented exactly, thus correcting the overall
computation. Alternatively, by simply re-associating the terms
to perform (10% — 10%) + 1 instead, in other words, grouping
the large numbers together, enables the computation to succeed
without the need to increase precision.

More advanced transformations, such as algebraic rewrites,
can bring significant benefits to both the runtime performance
and accuracy of programs. However, applying these techniques
to real-world codes is significantly more challenging as their
successful application requires context about FP expressions.
For example, applying the reassociation in Fig. 1 requires
knowing the relative magnitude of the operands (i.e., that we
were computing a big number minus a small number plus a big
number). Alternatively, one would go the other direction and
simplify an expression by removing a term if its individual
contribution to the final result is negligible. Consider the
expression f(x) = 0.000001-abs(sin(x))+exp(abs(z)). Since
the final result is always at least one, omitting the first term
will make at most a 0.0001% difference.

Effectively tuning the performance/accuracy tradeoff there-
fore requires simultaneous knowledge of: (1) rewrite tech-
niques from numerical analysis, (2) numerical context on the
ranges and sensitivities of values, and (3) the computational
cost and accuracy of potential expressions. Expecting pro-
grammers to have expertise in numerical analysis alone is
quite a tall order, let alone all of the above. The difficulty
of performing rewrites by hand begs the key question:

1) How much performance and accuracy is sacrificed due to
suboptimal choices of FP precision and expressions?

Several tools have been developed to partially automate this
re-tuning, but they are either limited in the scope of transfor-
mations or require substantial human intervention. Tools like
Adapt [16], FPTuner [17], Precimonious [18], HiFPTuner [19],

double accumulate(double *data, size_t n) {
double sum = 0.0;
// float sum = 0.0f;
for (size_t i = 0; i < n; ++i) {
double val = sigmoid(exp(datalil));
// float val = sigmoidf(expf(datalil])); Error += 1072
sum += val;

}

return sum;

3

Fig. 2: A common accumulation pattern in training loops (see
[26] for details) and scientific solvers where each iteration
computes a nonlinear term (val) and reduces it into an accu-
mulator (sum). On a 10,000-element array, the FP64 baseline
yields a relative error of around 10715, Lowering only exp
operations (one within sigmoid) to FP32 delivers a 1.6x
speedup while keeping the final error near 10~'2, whereas
lowering the addition to sum results in a much larger error of
10~* due to rounding.

Error += 107*

and GPUMixer [20] can analyze large parts of applications, but
are limited to just changes in precision. Tools like Herbie [21],
Daisy [22], Salsa [23], and MegalLibm [24] perform more
advanced rewrites of FP expressions, but are limited to indi-
vidual DSL expressions or math library functions and provide
limited support for control-flow constructs. STOKE [25] per-
forms binary-level stochastic FP optimization, but it requires
substantial hyperparameter tuning to generate useful program
and has limited support for control flow, memory dereferences,
and math library functions. Automatically applying numeri-
cally context-sensitive FP rewrites to large-scale programs is
difficult for several reasons. First, algebraic rewriting tools
require precise understanding of FP computations in the form
of symbolic expressions. These expressions are often scattered
across programs, passing through complex execution context
like control flow, data structures, and memory accesses. Ex-
tracting the underlying symbolic expressions from large-scale
programs requires manual inspection of source code. Second,
numerical context such as values and sensitivities is required
to generate effective candidate expressions (consider Fig. 1)
— again requiring human intervention. Given that existing
FP optimization techniques either require substantial human
intervention or are limited in the scope of transformations, it
begs a second key question:

2) Can advanced context-sensitive FP optimization tech-
niques be automated to reduce the need for human
intervention while remaining effective?

Our key insight to answer this question is that a small
surrogate profile often reveals enough numerical context for
context-sensitive FP rewrites. For example, profiling just 10
iterations in Fig. 2 allows an automated tool to conclude
that the addition is 10 — 10*x more sensitive to precision
changes (using ADAPT metrics [27]) than other operations; an
automatic tool should therefore treat the addition as accuracy-
critical while safely lowering the expensive exp operations to
FP32. This rewrite leads to a 1.6 speedup without substantial
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accuracy loss, whereas naively reducing the precision of entire
program (and thus the addition), leads to inaccurate results.
While the examples in Fig. 1 and 2 clearly demonstrate the
need for profiling information to ensure effective optimization,
perfect information about a realistic application’s inputs and
runtime values is often infeasible. In this work, we hypothesize
that a small surrogate profile is sufficient to gain most of
the performance/accuracy benefits. To justify this, we propose
the structured critical value hypothesis — whether a value is
critical to the overall accuracy of a floating-point computation
is often structural and does not change with real-world test
cases. For example, consider sum from Fig. 2. On most real-
world datasets, the input data would cause the value being
summed to be reasonably distributed and maintaining the
accuracy of sum is critical. However, there may be some
classes of inputs, for example if data is the result of a one-
hot vector — where the sum is not critical and the accuracy of
val expression itself is key. As long as we have approximate
profiling information to determine if the input data is well-
distributed or one-hot and decide which values are critical,
the exact ranges of every value in the profile do not matter.

This insight motivates us to answer both questions with
Poseidon, a framework for automated context-sensitive FP
optimizations. Poseidon operates as a two-phase compiler. The
first compilation instruments a user program to generate FP
profiles with instruction values and sensitivities (Sec. III-B).
The second compilation automatically analyzes FP compu-
tation (Sec. III-C), synthesizes (Sec. III-D) and evaluates
(Sec. III-E) FP rewrites, and solves (Sec. III-F) for useful
performance/accuracy tradeoffs within the program. To answer
our first scientific question, we incorporate expression rewrites
from Herbie [21] and changes of FP precision into the second
compilation. Poseidon is designed to be modular and fully
extensible, enabling arbitrary FP rewrites, solvers, and cost
models to be added with ease.

To our knowledge, we are the first to perform context-
sensitive FP rewrites within a production compiler. Operating
within the compiler grants Poseidon two key advantages. First,
Poseidon’s two-phase PGO-like pipeline automates end-to-end
FP optimization of large-scale applications without user inter-
vention to provide numerical context, reason about the legality,
or evaluate the performance/accuracy implications of rewrites.
Second, acting within the compiler lets Poseidon interoper-
ate with compiler analyses and optimizations. Specifically,
Poseidon is able to leverage pre-optimizations, e.g. mem2reg,
SimplifyCFG, InstCombine, inlining, and loop unrolling, that
remove control flow and data movement through memory,
enabling it to extract larger FP subgraphs than would be
available in source codes (which lacks such optimizations)
or binaries (after which the infinite SSA virtual register
state is lowered into more memory loads and stores). In
Fig. 3, standard compiler optimizations allow Poseidon to
eliminate branches wherever possible and replace the entire
function with a single max (@, pow(x, 3)) expression, which can
be inlined and further folded into surrounding expressions.
To handle control flow, existing tools like Salsa [23] must

consider every branch as a separate case in their analyses,
resulting in limited numerical context and prevents cross-
branch optimization. Poseidon also benefits from downstream
optimizations such as GVN, CSE, DCE, and vectorization, to
amplify its gain from FP rewrites. To our knowledge, no other
framework can directly impact code generation through pre-
and post-optimizations as Poseidon does.

Overall, we present the following contributions:

e The first end-to-end framework for automated context-
sensitive FP rewrites within a production compiler.

« A novel dynamic-programming algorithm that solves for
optimal performance/accuracy tradeoffs within a large-
scale application.

o Evaluations showing that Poseidon performs effective
FP optimizations given small surrogate profiles. 7o our
knowledge, we are the first to automate context-sensitive
FP rewrites on a full-application scale.

« Ablation studies on the design of Poseidon’s components.

o A discussion on the importance of interoperability with
compiler analyses and optimizations in FP optimization.

II. BACKGROUND
A. Floating-Point Numbers

Let us consider IEEE 754 FP numbers in double and
single precision [28]. Single-precision numbers use 32 bits
to represent a number with 1 sign bit, 8 exponent bits, and
24 mantissa bits, of which only 23 need to be explicitly
stored. When represented as a decimal number, this leads to
approximately 7 meaningful decimal places and a maximum
number of approximately 1038.

Double-precision numbers use 64 bits, allowing for 11
exponent bits and 53 mantissa bits, of which 52 are explicitly
stored, leading to approximately 15 significant decimal places
of precision and a maximum number of approximately 1038,

As shown in Fig. 1, using a more precise FP format often
reduces roundoff errors, as the intervals between FP numbers
are smaller. On the other hand, more precise formats use
more memory, and often require more time and energy for
each operation, presenting a tradeoff between precision and
performance. We refer to [29] for an overview of IEEE FP
formats, and to [30] for a survey about the tradeoff between
accuracy and speed in various applications.

B. Floating-Point Error Estimation

Manipulating the performance/accuracy tradeoff requires
estimates or ideally bounds on the error incurred at a given
precision. A straightforward approach would be to apply inter-
val arithmetic to determine the possible ranges of input values
for each scalar operation, and to compute worst-case roundoff
error estimates for that operation for the given input ranges.
As a refinement, interval arithmetic can be replaced with more
precise affine arithmetic [31, 32] or model checking [33].

Rigorous bounds, while excellent for simple codes, are often
too large to be useful in real-world applications. For example,
the roundoff error incurred when evaluating the simple expres-
sion x—iy can be unbounded, especially if the ranges of z and y
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; —03
entry:

// Source code
%cmp = fcmp ogt double %x, 0.0

double foo(double x) {
if (x > 0)

return pow(x, 3); if. then:
else ! ! %call = call double @pow(double %x, double 3.0)
br label %return
return 0.0;
3 return:

ret double %r

br i1 %cmp, label %if.then, label %return

%r = phi double [ %call, %if.then 1, [ 0.0, %entry ]

; -03 -ffast-math + Pre-Process
entry:
%p = call fast double @llvm.powi.f64.1i32(
double %x, i32 3)
%r = call fast double @llvm.maxnum.f64(
double 0.0, double %p)
ret double %r

Fig. 3: Interoperability with standard compiler analyses and optimizations enable Poseidon to eliminate control flow wherever
possible. With branches gone, Poseidon replaces the entire function foo with a single max (@, pow(x,3)) expression which can

be inlined and further folded into surrounding expressions.

overlap. Dynamic approaches that provide roundoff error esti-
mates for a given input, set of inputs, or input ranges can often
provide less pessimistic and more useful, albeit not guaranteed,
error estimates. Some popular approaches combine local error
metrics for individual operations with a linearized model of the
overall computation to compute the cumulative effect of errors
on the final result, or to compute the sensitivity of the final
result with respect to the precision of individual operations or
operands [27, 34, 35]. Other approaches rely on probabilistic
roundoff error estimators [36, 37].

C. Expression Rewriting

FP arithmetic violates associativity and distributivity, which
means that certain rewrite rules that transform an expression
into an equivalent expression under real arithmetic, may in-
crease or reduce roundoff errors under FP arithmetic. A classic
example is the summation of a vector of numbers. While the
order of summation is irrelevant under real arithmetic, multiple
strategies including pairwise summation or ordered summation
have been studied in the literature and have different perfor-
mance characteristics and roundoff error bounds [38]. Tools
like Herbie [21] have been developed to automatically discover
expression rewrites that improve accuracy, and the approach
has been extended to support a limited form of control flow
within a domain-specific language (DSL) [23].

It is also possible to replace an expression with a different
one that would not be equivalent in real arithmetic, but leads
to similar or even bitwise-exact results in FP arithmetic.
For example, the expression sin(z) can be replaced with
x for sufficiently small values of x, or higher-order Taylor
polynomials for larger values of x. Range reduction techniques
can be used especially for periodic functions to project inputs
into a range in which such approximations are most accurate,
or the best approximation can be chosen depending on the
input. Commonly used implementations of math libraries in-
ternally use these approaches to compute, e.g., transcendental
functions [39], and cheap approximations for some important
functions have been developed in past work [40].

Existing work has found that expression rewriting can
sometimes be combined with FP precision tuning to achieve
a better performance/accuracy tradeoff [22].

D. Floating-Point Precision Tuning

While it is sometimes enough to globally choose either
single or double precision, a better performance/accuracy
tradeoff is often achievable by selecting the precision of each
variable or operation individually. Mixed-precision programs
are more challenging to analyze, and programs that attempt
to identify the best mixed-precision configuration for given
performance/accuracy constraints and objective functions have
to explore an exponentially large search space. Previous works
have therefore discussed a number of tools; we refer to [41]
for a survey, including genetic algorithms [42], hierarchical
searches [43], stochastic tuning [25], or by using the structure
of individual applications [44].

III. DESIGN

We present Poseidon, a framework for end-to-end context-
sensitive FP optimizations within a production compiler. Fig. 4
provides an overview of the framework. Poseidon first runs
a profiling pass to compile an instrumented program and
executes it to generate FP profiles (Sec. III-B). Given the
profiles, Poseidon’s optimization pass identifies FP subgraphs
within the input program (Sec. III-C), generates candidate FP
rewrites (Sec. III-D), and evaluates their performance/accuracy
impacts on the overall program (Sec. III-E). Finally, Poseidon
uses a dynamic-programming (DP) solver to compute the
performance/accuracy frontier within the program (Sec. III-F).

A. Pre-Optimizations

Poseidon’s profiling and optimization passes operate on the
same pre-optimized IR. Poseidon runs standard compiler anal-
yses and optimizations (see Fig. 3 and Sec. IV) to eliminate
control flow and promote memory accesses into SSA form,
exposing larger FP subgraphs and richer numerical context
needed to enable performant and accurate context-sensitive FP
rewrites (see Sec. III-C). Pre-optimizations grant Poseidon the
key advantage of capturing numerical context unavailable to
source- and binary-level approaches.

B. Profiling Pass

The first compilation of Poseidon collects numerical context
with a profiling pass to augment input programs with gradient
computation (synthesized by Enzyme’s reverse-mode AD) and
profiler calls that record instruction values and gradients. Fig. 5
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Fig. 4: An overview of Poseidon’s workflow for automated FP rewrites within the compiler. Poseidon first instruments the
pre-optimized program to generate FP profiles. Then it synthesizes and evaluates candidate rewrites, and solves for optimal
performance/accuracy tradeoffs. After materializing rewrites, post-optimizations further improve the IR.

define double @instrumented_f(double %x, double %seed) {
entry:
%0 = alloca [1 x double], align 8
%1 = call fast double @llvm.sin.f64(double %x) ; idx = 0
store double %x, ptr %0, align 8
call void @enzymelLogValue(i64 0, double %1, i32 1, ptr %0)
call void @enzymelLogGrad(i64 0, double %1, double %seed)
%2 = call fast double @llvm.cos.f64(double %x)
%3 = fmul fast double %seed, %2
ret double %3
}

Fig. 5: Instrumented LLVM IR for f(x) = sin(x). Highlighted
lines are inserted by Poseidon’s profiling pass: they compute
gradients and pass runtime information to the profiler.

shows an example of instrumenting a function that evalu-
ates f(xz) = sin(z). Within the profiler, Poseidon maintains
instruction execution counts, operand bounds, and running
sums of observed values and gradients. Gradients measure
how much numerical error in intermediate value v propagates
to the final result y: under first-order approximation, a local
perturbation Av (e.g., induced by rounding, precision changes,
or alternative algebraic forms) yields an output change Ay ~
%Av. We additionally track an ADAPT-style metric [27] by
accumulating |%v|, which measures the impact of precision
changes. Beyond pre-optimizations that simplify control flow,
profiling also captures control-flow behavior implicitly: exe-
cution counts and gradients accumulate only along executed
paths, so frequently executed computations naturally receive
larger aggregated sensitivity. For example, if a sum += x *
x; statement executes 1000 times, each iteration contributes
grad_sum to fmul’s gradient and 2.0 * x * grad_sum to x’s
gradient, resulting in a higher estimated cost/accuracy impact
than less frequently executed statements (see Sec. III-E).

C. Subgraph Extraction

The first step of the optimization pass extracts FP sub-
graphs, i.e., connected components of FP instructions, from

Subgraph #1

Q) Subgraph #2

Fig. 6: Poseidon’s flood-fill algorithm for subgraph extraction.
Dotted black arrows indicate data dependences.

pre-optimized IR. Poseidon supports most FP arithmetic opera-
tions, including basic operations (+, -, *, /) and all LIBM math
library functions. As we illustrate in Fig. 6, Poseidon performs
a worklist-based flood-fill traversal of the pre-optimized IR:
a worklist is initialized with a seed FP instruction, and each
iteration dequeues an FP arithmetic instruction, marks it as part
of the current FP subgraph, and finally enqueues its operands
and users. This traversal terminates when the worklist becomes
empty. This linear-time traversal simultaneously 1) identifies
FP subgraphs, which enables one-pass construction of FP
expressions, and 2) finds input values that feed each FP
subgraph and output instructions that propagate FP results
out of subgraphs. Although Poseidon’s subgraph extraction
phase does not include br, load, and store instructions as part
of subgraphs, pre-optimizations (Sec. III-A) greatly simplify
control flow and profiled data (Sec. III-B) account for the rest.
Abstracting FP computations with subgraphs eliminates the
need for human comprehension of underlying computations in
the form of symbolic expressions (which is often impossible in
large-scale applications). Poseidon’s subgraph extraction phase
is fully extensible to other FP precisions and functions.

D. Candidate Generation

Poseidon automatically generates two kinds of candidate
rewrites for FP subgraphs.
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Algebraic Rewrites. Poseidon automatically calls external
tools to generate algebraic rewrites. This avoids manual effort
such as writing symbolic expressions, preparing tool-specific
DSL inputs, and converting results back into compiler IR.
Poseidon scans FP subgraphs to build symbolic expressions,
annotates it with profiled information, and calls registered
rewriting tools. It then parses returned rewrites and constructs
AST nodes. Poseidon can be extended to use new rewriting
tools and algorithms through registration.

Precision Changes. Poseidon proposes precision changes to
FP subgraphs. Since the configuration space is exponential in
subgraph sizes, Poseidon uses ADAPT-style sensitivity metrics
(Sec. III-B) to generate a constant number of rewrites: it ranks
instructions by profiled sensitivities, prioritizes reductions on
less sensitive ones, and emits candidate rewrites at config-
urable sensitivity percentiles. Supporting other data types or
alternative tuning algorithms requires only proper registration.

E. Candidate Evaluation

Poseidon automatically predicts the performance/accuracy

impacts of candidate rewrites with internal cost and accuracy
models, which removes the need for human expertise in
quantitative error analysis.
Cost Model. Poseidon materializes FP rewrites to tempo-
rary functions and runs standard optimization passes on the
changed functions. Optimization passes like CSE give Posei-
don better understanding of the actual performance implica-
tions of rewrites. For example, evaluating /% + sin(¢), where
t is itself a complex expression, only requires evaluating ¢
once. After optimizations, Poseidon computes weighted sums
of per-instruction costs of FP subgraphs ¢:

CosT(p) = > INSTCOST(I) - EXECUTIONCOUNT(J)
Ieyp

where the execution counts come from profiled data. Poseidon
supports two cost models for determining per-instruction cost:
a simple weighted instruction count and a custom cost model
based on just-in-time (JIT) compilation of LLVM instructions.
We present an empirical comparison of these cost models in
Sec. V-A. New cost models can be registered directly in the
Candidate Evaluation phase.
Weighted Instruction Count. The first cost model estimates the
runtime cost by assigning each instruction a fixed count of ex-
pected cycles, as determined by LLVM’s target-specific utility
TargetTransformInfo. For example, basic FP operations like
addition are assigned one cycle. Math library calls like sin
are assigned four or more cycles.
Instruction-JIT. Another cost model is obtained by just-in-
time (JIT) compiling microbenchmarks of FP instructions and
measuring their runtimes (rounded to nearest integers).

For a FP subgraph ¢, Poseidon estimates the cost contribu-
tion of a candidate rewrite 7 as follows:

ACOST(T) = COoST(T¢) — ERASABLECOST(yp)

where T ¢ represents the changed subgraph. Because inter-
mediate instructions may be external uses and are thus non-

erasable, Poseidon only subtracts the cost of those instructions
that become erasable as a result of the rewrite.

Accuracy Model. Poseidon evaluates the numerical accuracy
of an FP subgraph ¢ by estimating its error contribution to the
final result of the program. Specifically, Poseidon computes
local errors at each output instruction o and weights them by
aggregated gradients from FP profiles:

ERROR(y) = Z LOCALERROR(O) - GRADIENT(0)
ocp

To estimate local errors, Poseidon uniformly samples in-
puts within the hyperrectangle of profiled input bounds and
computes both native FP results and MPFR [45] reference
results. Following [21], Poseidon’s MPFR evaluator iteratively
increases precision until the leading mantissa bits converge.
Finally, Poseidon aggregates the differences between native
and reference results to produce local error estimates.

Given the error contribution estimation of an FP subgraph ¢,
Poseidon estimates the global error contribution of a candidate
rewrite 7 as follows:

AERROR(T) = ERROR(T ) — ERROR(¢)

where T ¢ represents the changed subgraph.

F. Solver

Poseidon uses a DP solver to find the rewrite set ¢* that
minimizes the total error contributions:

¢* = argmin Z AERROR(T)
Teo

subject to the constraint that total cost contributions do not
exceed an internal cost budget:

> ACOST(T) < COSTBUDGET
Teo

We present the solver algorithm in Algorithm 1. Poseidon
processes evaluated rewrites for discovered expressions and
subgraphs and populates a cost-to-error map, which maintains
the minimum total error contribution achieved at each attain-
able total cost contribution, and a cost-to-solution map, which
maintains the optimal rewrite set at each attainable cost. As
inner loop iterations overwrite c2e’ entries for colliding c’,
this algorithm guarantees that at most one candidate rewrite
can be applied for each expression or subgraph.

Since algebraic rewrites replace output instructions and
thus alter the global error contributions of FP subgraphs,
Algorithm 1 first processes all FP expressions, then updates the
cost and error estimates of candidate rewrites for FP subgraphs
(i.e., precision tuning) by excluding rewritten instructions. This
adjustment improves solver accuracy as it excludes fictitious
cost reductions from optimizing replaced instructions. During
the solve, optional pruning steps remove any entry that leads
to a higher total error contribution than another entry with
strictly lower cost. Given resulting maps, Poseidon extracts the
optimal rewrite set that minimizes the global cost contribution
subject to a user-specified error tolerance, or a rewrite set
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c2e « {0 : 0}

c2s < {0 : I}

for each Expression/Subgraph s:

c2e’ < c2e

c2s’ < c2s

for each (c, e) € c2e:

for each Candidate t of s:

if ACosT(t) > 0 A AERROR(t) > 0:
continue

¢’ < c+ ACosT(t)

e’ < e+ AERROR(t)

if ¢’ ¢ c2e’ . KEYS or e’ < c2e’[c’]:
c2e’[c’] «+ ¢’
c2s’[c’] « c2s[c’] U {t}

PRUNE(c2e’, c2s’)

c2e < cze’

c2s < c2s’
return c2s

Algorithm 1: Poseidon’s DP solver processes evaluated
rewrites to build cost-to-error (c2e) and cost-to-solution
(c2s) maps with an optional pruning step.

that minimizes the global error contribution subject to a user-
specified internal cost budget (see Sec. III-I).

The time complexity of this DP algorithm is O(NT'), where
N is the maximum number of candidate rewrites (top precision
changes and algebraic rewrites) per subgraph, and T is the
number of distinct subgraph execution times. A user can set
N to an arbitrary constant. 7" is bounded by the product of
the instruction count and the number of distinct instruction
execution times. As we bin the execution time per instruction
to an integer cycle count, there is a constant number of distinct
execution times. This algorithm is thus linear in the number
of instructions, albeit with potentially large constants. One can
trade off optimization time and solver accuracy by changing
the granularity of the binning (e.g., rounding to the nearest 5
cycles), as well as limiting subgraph sizes.

G. Post-Optimizations

After materializing rewrites, Poseidon runs standard com-
piler analyses and optimizations (see Sec. IV) like CSE and
DCE to further improve code size and runtime performance.

H. Implementation

Poseidon is implemented on top of Enzyme [46, 47, 48],
a high-performance automatic differentiation (AD) framework
for LLVM [49] and MLIR [50] programs. The current imple-
mentation of Poseidon targets programs expressed in LLVM
IR. Poseidon’s profiling pass is implemented as a special
mode of Enzyme’s reverse-mode AD that inserts profiler calls
to record runtime values and gradients; compiling in this
mode and linking against a profiler static library shipped with
Poseidon produces an instrumented executable that emits FP
profiles. Poseidon’s optimization pass is an LLVM function
pass that consumes the generated FP profiles. In the candidate

generation phase, the current implementation uses Herbie
[21] to generate algebraic rewrites for extracted symbolic
expressions.

1. Usage

Fig. 7 illustrates Poseidon’s PGO-like workflow.
One would first mark functions to be optimized with
__enzyme_fp_optimize. For pointer parameters, one would
pass correspondingly shadow memory and seed memory
locations the function writes to as outputs with nonzero
values; relative magnitudes of gradient seeds can encode
output importance (see Sec. V-C for example). One would then
run the first compilation to generate an instrumented program
and execute it to generate FP profiles. One would then
recompile with the FP profiles to perform context-sensitive
FP optimizations. Users may specify a relative error tolerance
attribute (enzyme_err_tol) at the call site so that Poseidon
selects FP rewrites that result in the most performant program
satisfying this error bound. An additional fine-tuning mode
of Poseidon accepts an internal cost index from the internal
DP table to materialize a specific point on the computed
performance/accuracy frontier. The first optimization run
performs external tool calls and a full DP solve, whereas
subsequent optimization runs reuse the cached table and apply
FP rewrites directly. Poseidon’s fine-tuning mode enables
efficient exploration of the computed performance/accuracy
frontier with small surrogate inputs.

IV. INTEROPERABILITY

Poseidon interacts with various other compiler analyses and
optimizations. Standard passes like memory optimizations and
common subexpression elimination before and after Posei-
don’s profiling and optimization passes improve Poseidon’s
analyses and context-sensitive FP optimizations.

A. Memory Optimizations

Memory optimizations help identify larger FP subgraphs
in subgraph extraction (Sec. III-C). Memory optimizations
like mem2reg and scalar replacement of aggregates (SROA)
promote memory accesses into SSA registers, enabling sur-
rounding FP operations to be grouped into the same subgraphs.
Without memory optimizations, intermediate results are often
spilled to and reloaded from memory, which limits Poseidon’s
understanding of the numerical context.

B. Common Subexpression Elimination

Common subexpression elimination (CSE) improves Po-
seidon’s subgraph extraction and candidate generation as
it merges common subexpressions into the same subgraph,
which improves Poseidon’s understanding of the numerical
context. Running CSE passes after materializing FP rewrites
can further simplify computation, e.g., merging shared FP
casts and materialized algebraic rewrites.
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// In “foo.cpp  : # 1) Profiling Pass
void func(double* x, doublex y); // To optimize clang++ -fplugin=ClangEnzyme.so -fpprofile-generate \
void func_opt(double* x, doublex y, foo.cpp -o foo_instrumented.exe -1EnzymeFPProfiler
doublex sx, doublex sy) {
__enzyme_fp_optimize(func, # 2) Generate FP Profile
X, Y, // Input parameters ENZYME_FP_PROFILE_DIR=./fpprofile ./foo_instrumented.exe
sx, sy, // Shadow memory (importance weights)
enzyme_err_tol, 1e-3 // Optional error tolerance # 3) Optimization Pass
); clang++ -fplugin=ClangEnzyme.so -fpprofile-use=./fpprofile \
} foo.cpp -o foo_opt.exe

Fig. 7: Using Poseidon to perform end-to-end FP optimizations. Left: Mark function for context-sensitive FP rewrites;
shadow memory holds gradient seeds (higher = preserve/improve accuracy, lower = approximate). An optional error tolerance
attribute enables automatic tradeoff selection. Right: Poseidon’s PGO-like workflow: 1) compile an instrumented program with
-fpprofile-generate, 2) run it to generate FP profiles, 3) recompile with -fpprofile-use to perform FP optimizations.

C. Vectorization

.
Poseidon can optimize vectorized computations at multiple 102 *
granularities. By default, it analyzes the numerical context .
of each vector element independently and may apply mul- g v ;
tiple rewrites within a vector expression to maximize per- LQ:J 105 ;
formance/accuracy benefits. Alternatively, one can configure = Original (Poseidon) !
Poseidon to apply a single rewrite per vector expression. ' : 8;15236(;?}21:20") :
Performing vectorization after the optimization pass further 101 Optimized (STOKE) :
reduces code size and improves runtime performance. = 7 hhaskiad % A
0.145 0.150 0.155 0.160 0.165 0.170 0.175 0.180
D. Other Optimizations Runtime (second)
InstCombine and SimplifyCFG further simplify computation Fig. 8: Comparison of optimized turbinel programs from Po-
and control flow, which lead to better subgraph extraction and  ¢oiqon and STOKE. Blue and stars represent optimized

runtime performance. We run these passes before and after programs from Poseidon and STOKE, respectively. The

Poseidon’s optimization pass. and green triangles represent baseline programs for Poseidon
and STOKE, respectively. The blue dashed line represents the

E. Fast-Math Optimizations o )
Pareto front of optimized programs. Lower-left is better.

Poseidon optimizes programs with fast-math optimizations
enabled. While developers usually exercise caution regarding
fast-math’s impact on numerical accuracy, it can lead to both  Docker container (see Sec.V-A). All programs are compiled
accuracy and performance improvements when used with with -03 -ffast-math -march=native optimizations.
caution. For example in Fig. 3, fast-math enables optimizations

that replace branches with select instructions, allowing Po- A- FPBench

seidon to extract larger subgraphs. In Sec. V, we present how We evaluate Poseidon on FPBench [53, 54], a suite of
Poseidon discovers outsized performance/accuracy benefits FP microbenchmarks written in FPCore. We translate these
with fast-math optimizations enabled. microbenchmarks to C for evaluation. For each benchmark,

we run Poseidon’s profiling pass on 100 input configurations
randomly sampled from "preconditions" and test optimized
We evaluate Poseidon on multiple case studies. To confirm  programs on 100,000 different test cases. For comparison, we
the structured critical value hypothesis and emulate a realistic compute reference results using MPFR floats. Poseidon deliv-
profiling setting, we run Poseidon’s profiling pass on small ers performance/accuracy tradeoffs for 84 microbenchmarks
surrogate input sets and run the optimization pass to generate (10 of them contain control flow) with default configurations.
performance/accuracy tradeoffs. We quantify numerical accu- Poseidon enables accuracy improvements in 58% of these
racy using geomean and worst-case relative errors in program  benchmarks, reducing relative errors by a geomean of 1.38x
outputs. We construct MPFR baseline programs with ForCE  (max: 3.46x), and a maximum speedup of 1.82x with relative
[51] (Sec. V-A) and RAPTOR [52] (Sec. V-B, V-C, V-D) to error of less than 1076.
compute reference results. Prior Work Comparison. We compare performance/accu-
We perform experiments on a 96-core AMD Ryzen Thread- racy tradeoffs found by Poseidon with optimized programs
ripper PRO 7995WX CPU with 512 GB of RAM. We build produced by STOKE [25], a stochastic optimizer for x86
Poseidon with LLVM 21.0.0 and Herbie 2.3 on the host binaries. Due to STOKE’s limited support for math library
machine, and with LLVM 15.0.7 and Herbie 2.2 in STOKE’s functions and control flow constructs, we use both tools to

V. EVALUATION
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Fig. 9: Pareto fronts of optimized logexp programs using
Poseidon’s Instruction-JIT cost model (blue) and LLVM’s
TargetTransformInfo cost model ( ). The triangle
represents the original program. Stars represent optimized
programs. Lower-left is better.

optimize microbenchmark turbinel [55, 56]. We compare 16
optimized programs from STOKE to all 4 performance/accu-
racy tradeoffs from Poseidon. As shown in Fig. 8, Poseidon
delivers substantial performance benefits through approxima-
tions, whereas inaccurate alternatives from STOKE do not
offer. Operating on LLVM IR allows Poseidon to target any
instruction set architecture and fully support LIBM math
functions. As a deterministic tool, Poseidon has the benefit of
obtaining all optimization options in one run, whereas STOKE
can require multiple expensive stochastic searches to discover
useful alternatives, which inherently limits its scalability to
practical applications.

Cost Model Comparison. We evaluate Poseidon’s Instruction-
JIT cost model with LLVM’s TargetTransformInfo (TTI)
cost model on the logexp benchmark. As Fig. 9 shows,
Instruction-JIT supports a wider spectrum of performance/ac-
curacy tradeoffs, including substantial speedups with geomean
relative errors around 107 through precision changes. These
FP rewrites are unavailable to the TTI cost model as it treats
all FP precisions identically.

B. Quaternion Differentiator

We optimize dquat, a program that computes the derivative
of quaternions with respect to input exponential maps. We
use randomly generated small rotations, v, with ||v|| < 1079,
and larger rotations with ||v|| > 1079 as inputs, and compare
relative errors (w.r.t. Frobenius norms) across output derivative
matrices against MPFR reference. We generate FP profiles
with 1,000 input matrices and evaluate optimized programs
on 1,000,000 different matrices. dquat contains multiple loops
that iterate through vector elements through memory accesses
to compute norms and scalar products. To our knowledge, no
prior work is capable of automatically rewriting numerical
programs of this complexity. Poseidon leverages standard
optimization passes like mem2reg, SROA, and loop unrolling
to enable automatic extraction of [?-norms expressions like

>
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g *
o (U faiammmny
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Fig. 10: Pareto fronts for dquat. Solid blue = Precision Tuning
(PT) + Algebraic Rewriting (AR), = AR only,
dotted green = PT only. triangle is the baseline; stars are
optimized programs. Lower-left is better.

0 = /22 +y2%+ 22 and Jacobian entry expressions like
u?(0.5cos(0/2) — sin(0/2)/6) + sin(6/2) /6.

We present results in Fig. 10. Poseidon’s DP solver ef-
fectively composes precision changes with algebraic rewrites
to find multiple performance/accuracy tradeoffs that neither
technique finds in isolation. For example, composing two
techniques leads to a speedup of 1.46x (upper left corner)
with a geomean relative error of 6.23 x 10~7 (worst-case
error: 0.067) by lowering nonlinear operations to FP32 and
replacing u2(0.5cos(6/2) — sin(6/2)/0) + sin(0/2)/6 with
sin(0/2)/0 as profiled data reveal that 0 < § < 0.2 and u? < 1
and thus |u?(0.5cos(0/2) — sin(6/2)/6)] < 0.002, which
is much smaller than 0.499 < sin(6/2)/6 < 0.5. Poseidon
also finds other tradeoffs that applies precision lowering on
top of algebraic approximations without further downgrading
accuracy, for example, a 1.35x speedup at error 1.23 x 10~10
(worst-case error: 0.067). Poseidon is also capable of selecting
3 rewrites from Herbie that add special handling for small
vector components, reducing geomean relative error by 26.8%
(worst-case error —4.8%) with 1.13x more compute time.
Artificially Distorted Bounds. We artificially scale the pro-
filed bounds by a factor «, i.e., range [¢c — w, ¢ + w| becomes
[c — aw, ¢ 4+ aw], to see how worse profiled data affect opti-
mization. Fig. 11 shows that substantially less accurate bounds
with « > 108 eliminates most numerical approximations with
107 < e <1077, Substantially more biased bounds with
a < 107* reduce accuracy improvements. Given slightly
distorted bounds with 0.1 < a < 10, Poseidon still produces a
wide spectrum of optimization options. This experiment shows
that FP profiles only need to be accurate within rough orders
of magnitude to drive effective optimizations for dquat.

C. Eigensolver

We optimize a C++ program that solves the eigenvalue
problem for 3 x 3 symmetric matrices with a robust algorithm
[57]. Fig. 12 shows the most expensive steps that compute
A1, which involve expensive FP operations such as fractional
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TABLE I: Performance/accuracy tradeoffs discovered by Poseidon for a 3 x 3 eigensolver. Each A entry reports geomean /
worst-case relative error over 100,000 test cases disjoint from the 10 profiling inputs (lower is better). The first two rows are
hand-written F64 and F32 baselines. Speedups are relative to the F64 baseline. w values are gradient seeds used in the profiling
pass. X marks configurations with geomean error > 1. Bold indicates improvements over the FP64 baseline.

Speedup AN Ao Als Az Axo Axs
1.00x 1.9e-16 / 7.2e-16  1.5e-16 / 4.2e-16  1.5e-16 / 4.2e-16  2.7e-16 / 1.0e-14  2.9e-16 / 5.4e-14  2.3e-16 / 5.4e-14
1.21x 4.3e-8 / 3.6e-7 1.8e-8 / 1.2e-7 2.0e-8 / 1.8e-7 1.4e-7 / 4.9e-6 1.7e-7 / 4.2e-5 1.3e-7 / 4.2e-5
w=1 w=1 w=1 w=1 w=1 w=1
0.94x 1.6e-16 / 5.6e-16  1.5e-16 / 4.4e-16  1.5e-16 / 4.4e-16  2.3e-16 / 5.8e-15  3.3e-16 / 6.5e-14  2.9e-16 / 6.5¢e-14
1.19x 1.4e-8 / 1.4e-7 2.9e-8 / 2.1e-7 3.0e-8 / 2.7e-7 1.4e-7 / 4.9¢e-6 1.6e-7 / 3.9e-5 1.3e-7 / 3.9e-5
w=1 w=10"° w=10""° w=0 w=0 w=0
1.12x 1.7e-16 / 5.6e-16  1.5e-16 / 4.4e-16  1.5e-16 / 4.4e-16 X X X
1.55x 1.7e-16 / 5.6e-16 0.052 / 0.74 0.064 / 0.95 X X X
2.11x 4.3e-8 / 3.7e-7 0.15 /7 1.56 0.15/71.76 X X X
el %'g o S S 17 y Table I show the accuracy statistics of the baseline programs.
Lomr] FORAKTHTE s g . We present a spectrum of performance/accuracy tradeoffs in
R **%* % %ﬁ, * ok kK F 15 Table 1. Poseidon delivers accuracy improvements on the first
i " ek kw * % ”;%( 14+g  eigenpair (row 3, worst-case error —33%) through context-
S B 135 sensitive term reassociations that mitigate roundoff errors,
2 g0 - .5 and a speedup comparable to the hand-written FP32 baseline
R B Rl B s il °  through selective precision lowering (row 4). Biasing gradient
10 P SR 0 SR Ok 2R b 2h S S0 b 2 4 1.1

e

% Optimized (larger is faster)
10*17
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Fig. 11: Optimized dquat programs under varying range-
scaling factors. Stars represent Pareto-optimal programs. Ver-
tically aligned stars share the same factor. Lighter hues and
larger stars indicate better runtime performance. Red dashed

lines represent aw = 0.1 and o = 10.

double t = (0.5 * J3) * pow(3.0 / J2, 1.5);
double o = acos(fmin(fmax(t, -1.0), 1.0)) / 3.0;
if (6.0 * a < )
A1 = 2.0 x sqrt(J2 / 3.0) * cos(a);
else
A1 = 2.0 % sqrt(Js / 3.0) % cos(ax + 2.0 x w / 3.0);

Fig. 12: Steps that compute the first eigenvalue given the
second and third invariants (J5 and J3) of a deviatoric matrix.

powers, (inverse) trigonometric functions, and square roots.
Remaining computations build on A; and consist of several
additional dot/cross products and normalizations. 3 loops and
6 branches are in the eigensolve function, including a top-level
guard on Jo and a root-selection branch on « (see Fig. 12).
This program takes a 3 x 3 symmetric matrix as input and
produces three eigenpairs (A1, 1), (A2, x2), and (A3, x3) as
outputs. We profile this eigensolver under 10 input matrices
A =13+ ST + S, where entries of S are uniformly sampled
from [—0.1,0.1], and evaluate the optimized programs under
100,000 different matrices. We compute reference outputs
using MPFR floats with 256 mantissa bits. Rows 1 and 2 in

seeds towards \; (row 5-7) further prioritizes the accuracy of
A1 and yields a 1.12x speedup from approximating eigenvec-
tor computation (row 5). Additional approximations on s and
As further improve program performance (row 6 and 7). These
tradeoffs are discovered automatically by Poseidon’s DP solver
which selectively approximates nonlinear computations, such
as vector normalization and characteristic polynomial solves,
using low-order Taylor approximations.

Subgraph Extraction. Poseidon’s subgraph extraction phase
discovers a monolithic subgraph consisting of 29 input values
and 49 output instructions with 201 intermediate FP instruc-
tions. Direct candidate generation on this monolithic subgraph
is expensive due to its computational structure. For example,
recursively expanding a "normalize — project — normalize
— cross" chain in A; evaluation until reaching input matrix
entries can result in a 5,000-character symbolic expressionz. To
reduce optimization time, Poseidon can either skip rewriting
excessively long expressions (note that they still benefit from
rewrites applied to their subexpressions), or split a monolithic
subgraph at high-fanout, sufficiently complex subexpressions
to smaller subgraphs to avoid the generation of long ex-
pressions. However, splitting substantially weakens context-
sensitive FP rewriting: splitting at o and normalization steps
into three subgraphs halves end-to-end optimization time but
eliminates the accuracy improvement (row 3) and the 1.19x
speedup (row 4). This is because splitting subgraphs reduces
numerical context visible to candidate generation phase and
introduces more non-erasable intermediates, both of which
reduce opportunities for accuracy-improving rewrites and ap-

2With the batching feature in Herbie, evaluation of common subexpressions
is simplified, but end-to-end optimization still takes 50 minutes on our setup.
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Fig. 13: Relative errors vs. number of significands used
for size-50 LULESH runs (lower is better). The blue star
marks the optimized FP64 program, stars mark MPFR
baselines, and triangles mark native baselines with float,
double, and x86_fp8@, from left to right. Annotations show
runtime ratios relative to the double baseline (lower is better).

proximations. As a key novelty, Poseidon interoperates with
pre-optimizations (described in Sec. III-A) that coalesce FP
instructions into larger FP subgraphs and thus enable rewrites
that are not available when considering smaller subgraphs in
isolation.

D. LULESH

LULESH [58] is an application from DOE’s set of proxy
exascale computing benchmarks that simulates Lagrangian
hydrodynamics over a specified time window. It consists of
approximately 5600 lines of C++ with over 200 for loops
with runtime value-dependent if statements. MPFR refer-
ence results indicate that the original FP64 implementation
gradually loses precision: for problem size 50, the computed
final origin energy deviates from the reference FP64 result
by 12 units in the last place (ULPs) after 1662 iterations.
We generate a small surrogate profile from 100 iterations on
problem size 30 (= 1.3% of tested computation) to guide
Poseidon’s optimization pass.

Poseidon recovers the lost precision through context-
sensitive FP rewrites. As shown in Fig. 13, Poseidon finds a
performance/accuracy tradeoff that matches MPFR reference
results up to the representational limits of FP64 (i.e., 0 ULP
error) without substantial runtime increase. Poseidon achieves
this with 9 rewrites that improve accuracy and 2 rewrites
that simplify computation. This optimized program is more
performant and accurate than an FP80 variant (with hardware-
accelerated x86_fp80), which is 6.79x slower than the FP64
baseline but still incurs a ULP error of 2. While MPFR floats
can produce more accurate results than our optimized program,
running an MPFR implementation requires at least 500 x more
compute time than a native FP64 implementation. This result
shows that Poseidon can recover the performance loss due
to suboptimal choices of FP expressions within the program,
achieving accuracy unachievable through precision changes at
comparable cost. Poseidon completes an end-to-end run for an

application of this scale within a reasonable amount of time: it
takes 4 hours to complete external tool invocations and a full
DP solve; subsequent compilations for the fine-tuning mode
take only 0.3 second on average.

VI. RELATED WORK
A. Mixed-Precision Tuning

ADAPT [27] offers a gradient-based error metric and
a greedy mixed-precision allocation algorithm. Precimo-
nious [18] searches for mixed-precision allocations under
certain accuracy constraints. FPTuner [17] generates mixed-
precision allocations from expression specifications and error
thresholds. Unlike these tools which require manual code
edits or DSL inputs, Poseidon fully automates the synthesis,
evaluation, and application of precision changes. One can
conveniently extend Poseidon to support more precision types
and external mixed-precision allocation tools.

B. Expression Rewrites

Herbie [21, 59] automatically discovers rewrites that im-
prove numerical accuracy of FPCore programs. Daisy [22]
searches for algebraic rewrites to optimize straight-line Scala
programs. Salsa [23] statically analyzes programs written in
a C-like DSL and applies source-to-source transformations to
improve their numerical accuracy. Unlike these tools which
require DSL inputs to provide symbolic expressions and
numerical context, Poseidon instruments programs to capture
numerical context and automatically constructs DSL inputs. To
our knowledge, Poseidon is the first framework that performs
algebraic rewrites at a full application scale.

C. Profile-Guided Optimization

Modern compilers profile user programs to collect runtime
information for advanced compiler optimizations [60]. Several
existing works use profiling techniques to collect numeri-
cal context required in FP optimization: Precimonious [18]
dynamically profiles mixed-precision configurations and Her-
bie [21] profiles algebraic expressions. Poseidon uses a profil-
ing pass within the compiler to automatically collect numerical
context needed to ensure the effectiveness of FP rewrites
through small surrogate profiling runs.

VII. CONCLUSION

We have presented an end-to-end framework, Poseidon,
that automates context-sensitive floating-point optimizations
within a production compiler. Through its PGO-like two-
phase compilations and interoperability with standard compiler
analyses and optimizations, Poseidon removes the need for
human expertise of numerical methods and understanding of
specific numerical context required to perform correct and
performant rewrites. We have evaluated Poseidon on multiple
large-scale applications with small surrogate profiling runs and
performed ablations on multiple components of its design.
Our results have demonstrated that even with small surrogate
profiling data, Poseidon automatically delivers outsized per-
formance/accuracy benefits in large-scale applications.
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DATA-AVAILABILITY STATEMENT

The reproduction artifact of this paper is available on
Zenodo [61]. The latest version of this artifact is available
on GitHub: https://github.com/PRONTOLab/Poseidon.

APPENDIX
A. Abstract

We provide an artifact to help reproduce this paper’s main
experimental results (Figures 9, 10, 13, and Table I).

B. Artifact check-list (meta-information)

o Program: Enzyme; LLVM; Herbie; Python 3; Racket (all
included in the provided Docker image).

o Docker Image: sbrantg/poseidon:latest.

o Run-time environment: x86-64 Linux; Docker.

o Hardware: x86-64 machine; at least 8 CPU cores; at least
16 GB of RAM.

« Execution: Run the provided Docker container and execute
the included scripts to reproduce three figures and one table.

o Output: Figures 9, 10, 13, and Table 1.

o How much disk space required (approximately)?: 15 GB.

« How much time is needed to prepare workflow (approxi-
mately)?: 30 minutes.

« How much time is needed to complete experiments (approx-
imately)?: 1 hour.

o Publicly available?: Yes.

o Code licenses (if publicly available)?: Apache License 2.0

o Archived (provide DOI)?: 10.5281/zenodo. 18004991

C. Description

1) How delivered: This artifact is available at https://github.
com/PRONTOLab/Poseidon and is archived at https://doi.org/10.
5281/zenodo. 18004991.

2) Hardware dependencies: No hardware dependencies.

3) Software dependencies: Docker.

D. Installation

1) Docker Image
a) Install Docker on the host machine.
b) Start the container:

sudo docker run -it sbrantq/poseidon:latest \
/bin/bash

Note: Results are hardware-dependent. The Docker image in-
cludes a cost model generated on our machine (AMD Ryzen

Threadripper PRO 7995WX). For best performance and repro-
ducibility on different hardware, we recommend building from
source and regenerating the cost model (see Sec. 2).

2) Build From Source

a) Prerequisites:

sudo apt install build-essential cmake \
ninja-build libmpfr-dev

pip install 1lit numpy matplotlib tqdm

Additionally, install Racket (https://racket-lang.org/)

and Rust (https://www.rust-lang.org/tools/install).
b) Clone and Initialize Submodules:
git clone https://github.com/PRONTOLab/Poseidon.git
cd Poseidon
git submodule update --init llvm-project Enzyme
¢) Build LLVM:
cd 1lvm-project
mkdir build && cd build
cmake -G Ninja \
-DLLVM_ENABLE_PROJECTS="clang" \
-DLLVM_ENABLE_LLD=ON \
-DLLVM_TARGETS_TO_BUILD="X86" \
-DCMAKE_BUILD_TYPE=Release \
../11lvm

ninja

cd ../..
d) Build Enzyme with Poseidon Enabled:
cd Enzyme
mkdir build && cd build
cmake -G Ninja ../enzyme/ \
-DLLVM_DIR=<...> \
-DLLVM_EXTERNAL_LIT=$(which 1lit) \
-DCMAKE_BUILD_TYPE=Release \
-DENABLE_POSEIDON=ON \
-DCMAKE_C_COMPILER=<...> \
-DCMAKE_CXX_COMPILER=<...>

ninja

cd ../..

e) Regenerating the Cost Model: The cost model (cost-
model/cm.csv) is hardware-specific. To regenerate it for your
machine:
cd $HOME/Poseidon/cost-model
python3 microbm.py
cp results.csv cm.csv

E. Experiment workflow

1) FPBench cost model ablation (Figure 9) can be reproduced
with:
cd $HOME/Poseidon/FPBench/ablations
python3 ablation.py
Output: plots/fptaylor-extra-exl11-ablation.png.

2) Quaternion differentiator results (Figure 10) can be repro-
duced with:
cd $HOME/Poseidon/dquat
python3 run_ablation.py
Qutput: dquat.png.

3) Eigensolver results (Table I) can be reproduced with:
cd $HOME/Poseidon/eig
python3 run_cases.py
Outputs: biased.txt and equal.txt (see eig/README.md for
details on how to interpret the output).

4) LULESH results (Figure 13) can be reproduced with:
cd $HOME/Poseidon/lulesh
python3 ablation.py
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Output: lulesh.png.

Note: The O-ULP result is hardware-dependent. To find the
optimal configuration for your hardware, first regenerate the
cost model, then run make && python3 run.py && python3
benchmark.py —sample-percent 10.

F. Evaluation and expected result

This artifact should reproduce the following results:

Figure 9, saved as FPBench/ablations/plots/fptaylor-
extra-exl11-ablation.png.

Figure 10, saved as dquat/dquat.png.

Figure 13, saved as lulesh/lulesh.png.

Table I entries in eig/biased. txt and eig/equal. txt.

Numerical differences can occur due to differences in the environ-
ment, but the general trends (e.g., performance/accuracy tradeoffs)
should match the results in this paper.

G. Reusing This Artifact

This section describes how to apply Poseidon to a new benchmark.

1

)

2)

3

)

4)

5

~

Set Up Paths. Configure the paths to custom builds of LLVM
and Enzyme:

export CLANG_PATH=<...>/llvm-project/build/bin

export ENZYME_PATH=\
<...>/Enzyme/build/Enzyme/ClangEnzyme-X.so

export PROFILER_PATH=<...>/Enzyme/build/Enzyme

Profiling Pass. First, compile your program with floating-point
profiling enabled to collect runtime information:

$CLANG_PATH/clang++ -03 -ffast-math -march=native \
-fplugin=$ENZYME_PATH \
-mllvm --fpprofile-generate \
-L $PROFILER_PATH -1EnzymeFPProfile \
your_program.cc -o your_program_prof

Generate Floating-Point Profiles. Run the profiled executable
with (small surrogate) inputs to generate floating-point profiles:

./your_program_prof <your_arguments>

This creates an fpprofile directory.
Optimization Pass. Compile with Poseidon’s optimization pass
enabled:

$CLANG_PATH/clang++ -03 -ffast-math -march=native \
-fplugin=$ENZYME_PATH \
-mllvm --fpprofile-use=./fpprofile \
-mllvm --fpopt-cost-model-path=\
$HOME/Poseidon/cost-model/cm.csv \
your_program.cc -0 your_program_opt

This produces an optimized program (your_program_opt) that
aims to improve accuracy while preserving performance. The
first run invokes external tools and performs a full dynamic-
programming solve, with results cached (in the cache directory
by default). Subsequent runs reuse these cached results.
(Optional) Generate and Evaluate Other Optimized Pro-
grams. The first compilation generates cache/budgets.txt
containing all achievable cost budgets from the dynamic-
programming solve. To explore other performance/accuracy
trade-offs:

a) Compile with different budgets: Recompile with varying
--fpopt-comp-cost-budget values from cache/budgets.
txt. Each budget produces a differently optimized binary.
Benchmark: Run each binary and compare outputs against
a reference (e.g., the original program) to evaluate its perfor-
mance and accuracy.

b)

See lulesh/run.py and lulesh/benchmark.py for an example
of automating this process.
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