
CodeSeer: Input-dependent Code Variants Selection Via
Machine Learning

Tao Wang
Dept. of Computer Science

North Carolina State University
twang15@ncsu.edu

Nikhil Jain
Nvidia Corporation

nikhijain@nvidia.com

David Boehme
Lawrence Livermore National

Laboratory
boehme3@llnl.gov

David Beckingsale
Lawrence Livermore National

Laboratory
beckingsale1@llnl.gov

Frank Mueller
Dept. of Computer Science

North Carolina State University
fmuelle@ncsu.edu

Todd Gamblin
Lawrence Livermore National

Laboratory
gamblin2@llnl.gov

ABSTRACT
In high performance computing (HPC), scientific simulation codes
are executed repeatedly with different inputs. The peak perfor-
mance of these programs heavily depends on various compiler
optimizations, which are often selected agnostically on program in-
put or may be selected with sensitivity to just a single input. When
subsequently executed, often with different inputs, performance
may suffer for all or all but the one input tested, and for the latter
potentially even compared to the O3 baseline.

This work proposes a new auto-tuning framework, CodeSeer, to
assess and improve existing input-agnostic or single-input centric
rigid application tuning methods. Aided by CodeSeer, it is observed
that modern HPC programs expose different types of input sensi-
tivities, which present a significant challenge for prior work. To
tackle this problem, CodeSeer proceeds with several machine learn-
ing models to predict the best per-input code variant on-the-fly.
Our evaluation shows that CodeSeer incurs less than 0.01 second
overhead, predicts the best code variant with a geometric mean
precision 92% of the time and is capable of improving per-input
peak performance to unprecedented levels.

CCS CONCEPTS
• Software and its engineering → Incremental compilers; •
Computing methodologies → Massively parallel and high-
performance simulations.
KEYWORDS
Iterative compilation, Auto-tuning, HPC, OpenMP, Code variant,
NP-complete, Machine-learning
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1 INTRODUCTION
In high performance computing (HPC) environments, scientists
tend to test their hypotheses by running large-scale simulation
codes repeatedly with different inputs. These applications occupies
computing resources for a significant amount of time consuming
an equally significant amount of power time and again when exe-
cuted. Even a 1% performance improvement could translate into
significant energy savings in such HPC production runs [16]. To
extract program peak performance, various compiler-based auto-
tuning technologies have been developed. These techniques are
either search-based [3, 15, 33, 34, 39, 43, 45] or machine learning-
based [4, 7, 18, 31]. They generally are constrained to tuning with
a single input, which produces a single optimized executable eval-
uated on a small set of test inputs to report any performance im-
provements. As a result, their effectiveness may be limited by the
tuning input and any performance tends to be localized to this input
instead of generalizing to a larger set of inputs in production.

If an improper input is selected as the tuning input, these opti-
mization techniques may fail to result in executables realizing any
performance improvements whatsoever. Consider Fig. 1 with the
relative performance (y-axis) normalized to O3 over 1,000 differ-
ent code variants for Kripke [21], a discrete-ordinates solver (see
Section 3). The results indicate that auto-tuning Kripke with per-
program random search [43] generates 1,000 code variants with
different compiler flags for Intel C++ compiler. Yet, none of them
achieve any performance improvement over the O3 baseline with
the selected tuning input. We call this type-I input sensitivity
(tuning sensitivity): The performance benefit of auto-tuning may
depend on the tuning input. Type-I sensitivity suggests that the
tuning input has to be selected carefully, but prior work tends make
selections ad-hoc. In contrast, this work CodeSeer (see Fig.2) begins
with many tuning inputs, allows multiple functionally equivalent
code variants, and thus eliminates the concerns of type-I sensitivity
completely.

https://doi.org/10.1145/3392717.3392741
https://doi.org/10.1145/3392717.3392741
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Fig. 1: Normalized speedups of 1000Kripke code variants for
a singular, identical tuning input: No performance improve-
ment for any under O3.

Fig. 3 shows the normalized speedups for two code variants of
Kripke across 1,000 inputs. Code variant 1 (cv1) and code variant 2
(cv2) are generated by choosing different compiler flags of the Intel
C++ compiler. The results indicate 1○ type-II input sensitivity:
The significance of a code variant’s performance for different inputs
can vastly differs. For instance, cv1 achieves a 49% speedup for input
1,000 but causes a ≈20% slowdown for input 1. Type-II sensitivity
suggests that we should not rely on a small number (1-5) of test in-
puts to assess and report performance improvement for auto-tuning
in practice. 2○ type-III input sensitivity: The best performing code
variants may differ for diverse test inputs. For example, between cv1
and cv2, neither outperforms the other for all inputs. In fact, there
are many cases where one performs more than 10% better than the
other, e.g., cv1 is 45.7% better than cv2 for input 998, while cv2 is
28.4% better than cv1 for input 2. Type-III input sensitivity sug-
gests that different code variants are necessary to realize the best
per-input program performance. If a single code variant performs
the best for just a subset of inputs, as shown in Fig. 3, then the
optimized executable is sub-optimal and some performance is left
on table. To account for type-III input sensitivity, modern optimiz-
ing compilers (e.g., Intel’s compilers) feature built-in profile-guided
optimization (PGO) [17]. PGO utilizes program runtime profiling
information to generate optimized code for multiple characteristic
inputs. However, a recent study with FuncyTuner [43] shows that
PGO of Intel compilers rarely improves the performance of a set
of modern scientific programs. In addition, there is little practical
guidance on how to select characteristic tuning inputs for PGO.

To summarize, type-I, type-II and type-III sensitivities expose
different inherent limitations of prior auto-tuning techniques that
yield only one executable with one tuning input. Type-I and type-II
show up at tuning and testing stages of prior techniques, respec-
tively, while type-III challenges their fundamental assumption that
only one program-level code variant is allowed. They also open
up different opportunities for further improvements (see respec-
tive suggestions above). Their relationship is further discussed in
Sec. 4.4.

This work proposes an auto-tuning framework, CodeSeer, to
evaluate the three types of program input sensitivities, to auto-tune

with many tuning/testing inputs targeting type-I/type-II sensitivi-
ties, and to perform whole-program multi-versioning for modern
HPC applications targeting type-III sensitivity, unlike any prior
function/loop-level multi-versioning [2, 25, 29, 30, 40] or other sim-
ilar techniques in traditional static/dynamic compilers. The key
insight of CodeSeer is that storage on modern supercomputers is
abundant and can be traded off for program performance with fast
and accurate machine learning-based prediction models to select
the best code variant on a per-input basis. In particular, we formu-
late type-III sensitivity as a classification problem. Given an unseen
input, CodeSeer classifies it as one of several representative classes
and chooses to execute the corresponding code variant. As shown
in Fig. 2, CodeSeer proceeds with following steps:

1○ It defines the training input datasets 𝐼 (of size 𝑁 ) of a target
program and prepares a set of code variants 𝐶 (of size𝑀) by ran-
domly sampling the compiler flag space [43]. 𝑁 and𝑀 should be
large to represent sufficient diversity in inputs and code variants.

2○ It measures end-to-end runtimes for code variants𝐶 on inputs
𝐼 to evaluate type-III sensitivity. If the same code variant performs
the best on all inputs, it will not be further processed due to absence
of type-III sensitivity; otherwise, it continues with the next step. The
overhead to evaluate𝑀 ∗ 𝑁 code variants and input combinations
can be excessively high. Overhead reduction techniques are critical,
as discussed later.

3○ It selects several representative code variants according to
certain criteria (see Sec. 2.5) and uses them as class labels. For each
training input 𝑖 , a label 𝑐 is assigned such that the corresponding
code variant performs the best for 𝑖 .

4○ It builds the classification models of CodeSeer with labeled
training inputs from 3○. These models predict the best code variant
for unseen test inputs.

5○ It evaluates the accuracy and overhead of multiple prediction
models from 4○.

To the best of our knowledge, this work is the first to investigate
the three types of input sensitivities for modern HPC codes and
to propose an ensemble of practical techniques to transparently
improve their performance in an input-sensitive manner at whole-
program granularity. In particular, the work makes the following
contributions:

• Three types of input sensitivities are evaluated for a set of
modern scientific applications, and a case study for Kripke [21]
shows that programs with type-III sensitivity need novel tun-
ing techniques to realize best performance.

• A solution to address type-III sensitivity is formulated as a
classification problem. This problem of optimally selecting
an arbitrary number of code variants to generate the training
dataset (called input coverage plan generation) is proved to
be NP-complete.

• A prototype machine learning-based framework, CodeSeer,
to predict the per-input best code variants for programs with
type-III sensitivity is created, and an ensemble of overhead
reduction techniques is developed.

• CodeSeer’s models are demonstrated to be effective and effi-
cient in predicting the per-input best code variants for the set
of targeted modern scientific applications.
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Fig. 2: Workflow of CodeSeer
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Fig. 3: Normalized speedups of two Kripke code variants
across 1,000 inputs show 1○ type-II input sensitivity: The
performance benefit of the same code variant is sensitive to
different inputs; and 2○ type-III input sensitivity: The best
performing code variants depend on sets of many inputs.
2 TACKLING TYPE-III SENSITIVITY
2.1 Problem Definition
CodeSeer addresses type-I and type-II sensitivities by using a large
number of tuning inputs and testing inputs, respectively. Given
a program 𝑃 with type-III sensitivity, the evaluation of 𝑀 code
variants on an input dataset 𝐼 (of size 𝑁 ) produces an𝑀 ×𝑁 matrix
(𝑇𝑀×𝑁 ) of speedups relative to O3. Each row number of𝑇 identifies
one code variant while each column number identifies one tuning
input. The Input Coverage Plan in step 3○ of Fig. 2) is to select
𝑅 (1 ≤ 𝑅 ≤ 𝑀) distinct rows that correspond to a set of 𝑅 code
variants (called “𝑃 ’s representative code variants”, 𝑅𝐶 for short). Let
us denote the best performing code variant in 𝑅𝐶 as 𝑐𝑙 (1 ≤ 𝑙 ≤ 𝑅)
for an input 𝑖𝑛 . Then, we assign the code label 𝑙 to 𝑖𝑛 (Data labeling
in step 3○ of Fig. 2). By labeling each input 𝑖 in 𝐼 , we obtain a
training data set to build a model that maps (classifies) any unseen
input 𝑖𝑡 (𝑖𝑡 ∉ 𝐼 ) to a code label 𝑙𝑡 . The code variant corresponding
to the label 𝑙𝑡 is chosen to execute 𝑃 on 𝑖𝑡 .

2.2 Challenges
To build the classification model, the following challenges arise in
preparing the labeled training dataset. First, 𝑅𝐶 has to be derived
with a sufficiently large set (size𝑀) of code variants and𝑁 inputs. If
an average program run takes 10 seconds, with𝑀 = 1000, 𝑁 = 1000
and 5 consecutive runs, the evaluation would take about 1.6-year
machine time per program. Such high overhead must be addressed
to make it practical (see Sec. 3.1 and Sec. 3.2). Second, since a
smaller 𝑅 implies less storage overhead (fewer code variants) and
simpler prediction models that are generally more accurate with

the same amount of training data, we are motivated to minimize
𝑅 for a given 𝑇 while maximizing the geometric mean speedups
across all 𝑁 inputs. We formalize and prove that the selection of an
optimal 𝑅𝐶 is at least as hard as NP-complete (shown in Sec. 2.3).
For computational feasibility, we design an efficient algorithm to
approximate the optimal solution (see sec. 2.4).

2.3 Proof of Complexity
𝑒1 𝑒2 ... 𝑒 |𝐸 | 𝑒1+|𝐸 | 𝑒2+|𝐸 | ... 𝑒 |𝑉 |+ |𝐸 |©­­«

ª®®¬
𝑣1 𝜃11 𝜃12 ... 𝜃1 |𝐸 | |𝐸 | − 𝜙1 0 0 0
𝑣2 𝜃21 𝜃22 ... 𝜃2 |𝐸 | 0 |𝐸 | − 𝜙2 0 0
... ... ... ... ... ... ... ... ...

𝑣 |𝑉 | 𝜃 |𝑉 |1 𝜃 |𝑉 |2 ... 𝜃 |𝑉 | |𝐸 | 0 0 0 |𝐸 | − 𝜙 |𝑉 |

Fig. 4: The Special matrix 𝑇𝐺 for a graph G
Formally, given a 𝑀 × 𝑁 (1 < 𝑀, 𝑁 ) matrix 𝑇 of non-negative

numbers, let 𝑆𝑅 = {𝑟1, 𝑟2, ..., 𝑟𝑅} be a set of distinct row numbers
of 𝑇 . Given 𝑇 and 𝑆𝑅 , a new matrix 𝑇 ′ is constructed by copying
each row 𝑟𝑖 (𝑟𝑖 ∈ 𝑆𝑅 , 1 ≤ 𝑖 ≤ 𝑅) of 𝑇 into row 𝑖 of 𝑇 ′ once. 𝑇 ′ is
a 𝑅 × 𝑁 sub-matrix of 𝑇 and is called the row-set 𝑆𝑅-projected
matrix of 𝑇 . When necessary, 𝑇 ′ is denoted as 𝑇 (𝑆𝑅) to stress
how it is constructed. Furthermore, the row-sum of a matrix T
is defined as 𝑃 (𝑇 ) = ∑𝑁

𝑗=1 max
1≤𝑖≤𝑀

𝑇𝑖, 𝑗 . Then, 𝑃 (𝑇 ′) = 𝑃 (𝑇 (𝑆𝑅)) =∑𝑁
𝑗=1 max

1≤𝑖≤𝑅
𝑇𝑟𝑖 , 𝑗 . In total, there are𝐶𝑅

𝑀
=
(𝑅
𝑀

)
ways to construct 𝑆𝑅

and 𝑇 ′ for a given 𝑅, each denoted as 𝑆𝑅
𝑖
(1 ≤ 𝑖 ≤ 𝐶𝑅

𝑀
). We want to

minimize 𝑅 given by the following objective function (1):

argmin
𝑅

(argmax
𝑆𝑅
𝑖

𝑃 (𝑇 (𝑆𝑅𝑖 ))), for1 ≤ 𝑅 ≤ 𝑀, 1 ≤ 𝑖 ≤ 𝐶𝑅
𝑀 (1)

Let 𝑆𝑅# = argmax
𝑆𝑅
𝑖

𝑃 (𝑇 (𝑆𝑅
𝑖
)). Then, minimizing 𝑅 in (1) is straight-

forward if the optimization for row-set 𝑆𝑅# can be solved for a given
𝑅. It can be shown that the graph independent set problem [20]
can be polynomially reduced to a special case of this row-sum
optimization problem’s decision form: Given a matrix 𝑇 with 𝑅
rows satisfying the aforementioned constraints, is there a row-set
𝑆𝑅 such that 𝑃 (𝑇 (𝑆𝑅)) is at least as large as an arbitrary (but given)
number 𝐶?

Given a graph𝐺 = (𝑉 , 𝐸) with vertices𝑉 and edges 𝐸, and a con-
stant𝑘 , a𝑘-independent set is a set𝑉𝑘 of𝑘 vertices {𝑣𝑛1 , 𝑣𝑛2 , ..., 𝑣𝑛𝑘 }
s.t. ∀1 ≤ 𝑖, 𝑗 ≤ 𝑘 ∧ 𝑖 ≠ 𝑗 , (𝑣𝑛𝑖 , 𝑣𝑛 𝑗

) ∉ 𝐸. Let us construct a spe-
cial matrix 𝑇𝐺 (see Fig. 4) with elements 𝜃 𝑗,𝑖 that has one row
for each vertex, in total |𝑉 | rows, and |𝑉 | + |𝐸 | columns. Each
of the first |𝐸 | columns corresponds to one edge 𝑒𝑖 = (𝑣𝑠 , 𝑣𝑡 ),
where 1 ≤ 𝑖 ≤ |𝐸 | ∧ 𝑠 ≠ 𝑡 ∧ 1 ≤ 𝑠, 𝑡 ≤ |𝑉 |, s.t. elements
𝜃𝑠,𝑖 = 𝜃𝑡,𝑖 = 1∧𝜃𝑠,𝑠+|𝐸 | = |𝐸 | −∑ |𝐸 |

𝑖=1 𝜃𝑠,𝑖 ∧𝜃 𝑗,𝑖 = 0 for 𝑗 ∉ {𝑠, 𝑡}. As a
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Algorithm 1: CodeSeer Greedy Input Coverage Plan and
Data Labeling
Input :matrix𝑇𝑀×𝑁 of𝑀 code variants for 𝑁 inputs, 𝑅 = # selected code

variants
Output : row set 𝑆𝑅 , labels 𝐿𝑁

1 𝑐𝑜𝑢𝑛𝑡𝑒𝑟 [1...𝑀 ] = 0, 𝐿 [1...𝑁 ] = −1, 𝑆 [1...𝑅 ] = {}
2 for 𝑖 = 1; 𝑖 <= 𝑁 ; 𝑖++ do
3 𝑘 = argmax𝑘 {𝑇 [𝑘 ] [𝑖 ] |1 ≤ 𝑘 ≤ 𝑀 }
4 𝑐𝑜𝑢𝑛𝑡𝑒𝑟 [𝑘 ] + +
5 //generate coverage plan in row-set 𝑆𝑅

6 for 𝑖 = 1; 𝑖 <= 𝑅; 𝑖++ do
7 𝑘 = argmax𝑘 {𝑐𝑜𝑢𝑛𝑡𝑒𝑟 [𝑘 ] |1 ≤ 𝑘 ≤ 𝑀 }
8 𝑆 [𝑖 ] = 𝑘 , 𝑐𝑜𝑢𝑛𝑡𝑒𝑟 [𝑘 ] = 0
9 //data labeling in 𝐿𝑁

10 for 𝑖 = 1; 𝑖 <= 𝑁 ; 𝑖++ do
11 𝐿 [𝑖 ] = argmin𝑘 {𝑇 [𝑘 ] [𝑖 ] |𝑘 ∈ 𝑆𝑅 = 𝑆 [1...𝑅 ] }
12 return 𝑆𝑅 , 𝐿𝑁

result, the summation of all elements in any row of𝑇𝐺 must be equal
to |𝐸 | (property 𝑝1). For a 𝑘-row set 𝑆𝑘 , let the number of ones in
the same column 𝑐 be𝑚𝑐 . Further, ∀1 ≤ 𝑐 ≤ |𝐸 |𝑚𝑐 ∈ {0, 1, 2}. We
can prove that 𝑃 (𝑇𝐺 (𝑆𝑘 )) = 𝑘 |𝐸 | ⇐⇒ ∀1≤𝑖≤ |𝐸 |𝑚𝑖 ≤ 1 (property
𝑝2).

Proof: (1)⇐=: By 𝑝1 and definition of 𝑃 (𝑇𝐺 (𝑆𝑘 )), 𝑃 (𝑇𝐺 (𝑆𝑘 )) =
𝑘 |𝐸 |. (2) =⇒ by contradiction: Given 𝑃 (𝑇𝐺 (𝑆𝑘 )) = 𝑘 |𝐸 |, assume
∃𝑖𝑚𝑖 = 2. By definition of 𝑃 (𝑇𝐺 (𝑆𝑘 )), for column 𝑖 , only one of
the two ones contributes to 𝑃 (𝑇𝐺 (𝑆𝑘 )) and thus 𝑃 (𝑇𝐺 (𝑆𝑘 )) < 𝑘 |𝐸 |,
which contradicts 𝑃 (𝑇𝐺 (𝑆𝑘 )) = 𝑘 |𝐸 |. Therefore, the assumption is
false. Therefore, 𝑝2 holds. □

A solution of 𝑘-row row-sum with 𝑃 (𝑇𝐺 (𝑆𝑘 )) = 𝑘 |𝐸 | is also a
solution for 𝐺 ’s 𝑘-vertex independent set by 𝑝2. Hence, we reduce
the NP-complete independent set problem to a special case of the
row-sum problem via the construction of𝑇𝐺 . Furthermore, one can
verify if a given solution is at least as large as any given number
𝐶 in 𝑂 (𝑘 × 𝑁 ) (polynomial) steps, so the row-sum problem in its
decision form is also in NP. Therefore, it is at least an NP-complete
problem.

To summarize, a special case of the decision form of our row-sum
optimization problem is NP-complete. Hence, the original problem
must be at least as hard. For all practical purposes, the objective is
to find an efficient algorithm to solve this problem.

2.4 Algorithm for Input Coverage Plan
For all 1 ≤ 𝑅 ≤ 𝑀 , the optimal solution 𝑆𝑅# subject to Equation (1)
can be obtained by brute-force (BF) enumeration with time com-
plexity 𝑂 (𝑅 × 𝑁 ×𝐶𝑅

𝑀
), since there are 𝐶𝑅

𝑀
ways to select 𝑅 rows

to construct 𝑇 ′, and each 𝑇 ′ needs 𝑅 − 1 comparisons to find 𝑁
column-wise maximum elements with 𝑂 (𝑁 ) time complexity to
calculate their sum. For CodeSeer to generate an input coverage
plan with objective function (1) that retains a minimal number of
code variants while achieving maximal performance benefits, we
prefer to begin with a small 𝑅 but large 𝑁 and 𝑀 values. In par-
ticular, a large𝑀 represents more diversity of code variants while
a large 𝑁 means these code variants are evaluated thoroughly; a
small 𝑅 indicates fewer class labels for CodeSeer models and less
difficulty to predict. Therefore, 𝑀, 𝑁 ≫ 𝑅 holds for our purpose,
where brute force may be very inefficient. This motivates us to de-
sign a greedy approximation algorithm (see lines 1-8 Algorithm 1)
for generating a fast input coverage plan. The intuition is to select

code variants that achieve the best performance on the most inputs
(largest coverage) first. The time complexity of such a selection is
𝑂 (𝑀 × 𝑁 ) since counting the number of inputs for which a code
variant achieves the best performance is iterated over the entire
matrix 𝑇𝑀×𝑁 once.

2.5 Data Labeling
Since we are using classification models to predict the best per-
input code variants, a labeled dataset is necessary. Note that in
Algorithm 1, each row number in 𝑆𝑅 is an identifier of a code
variant in 𝑅𝐶 . Therefore, after 𝑆𝑅 is calculated for 𝑇 , data labeling
(lines 9 − 11 in Algorithm 1) is performed such that each of the 𝑁
inputs is labeled with the identifier of its corresponding best code
variant.

3 EXPERIMENTAL DESIGN
3.1 Benchmarks and Code Variants
Our benchmark applications are ten modern HPC codes for scien-
tific simulation (see Table 1): Kripke [21], LULESH [19], Clover-
leaf [41], Optewe [38], miniFE [42], 351.bwaves, 357.bt331, 360.ilbdc,
363.swim and 370.mgrid331. The latter five applications are from
the SPEC OMP 2012 suite [28]. These benchmarks are written in
different languages, exploiting multi-core parallelism of modern
HPC architectures via OpenMP pragmas. They are designed to re-
semble the properties of large-scale applications and are widely
used in program performance/energy studies.

Tab. 1: List of benchmarks (LOC: lines of source code)

Name Language LOC Domain
Kripke C++ 7.2k Discrete-ordinates solver
Optewe C++ 2.7k Seismic wave simulation
LULESH C++ 7.2k Hydrodynamics
Cloverleaf (CL) C, Fortran 14.5k Hydrodynamics
miniFE C++ 24.5k Finite Element
351.bwaves Fortran 1.2k Computational fluid dynamics
357.bt331 Fortran 5.4k Computational fluid dynamics
360.ilbdc Fortran 1.3k Lattice Boltzmann
363.swim Fortran 0.5k Weather prediction
370.mgrid331 Fortran 1.7k multigrid solver

Code variants are generated with different compilation flags of
Intel compiler tool chain (version 17.0.4) to achieve high perfor-
mance. As suggested by Intel [9], the original build systems are
modified to use Intel’s compilers, linker (xild) and archiver (xiar).
The compilation flags are selected and combined with a classic
random algorithm, similar to prior work [8, 43]. We also enforce
strict floating-point reproducibility by always including -fp-model
source in the compilation flags. The flags for baseline code variants
are -O3 -qopenmp -fp-model source. End-to-end runtimes are mea-
sured on a HPC cluster with 16 computation nodes featuring two
Intel Broadwell Xeon E5-2620 v4@2.1GHz processor with 16 cores
(hyper-threading on) each in a two-node NUMA configuration of
64GB DRAM, running CentOS Linux release 7.5.1804. OpenMP
thread placement is set to granularity=fine,proclist=[0-15],explicit.

We used 100 code variants in all experiments tomake the runtime
overhead for our benchmarks feasible, unless otherwise specified.
Fig. 5 shows that the normalized speedup distributions for 1000 (top)
and 100 (bottom) Kripke code variants are similar. This indicates
that using 100 code variants may be sufficient to capture most of
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the performance diversities for a given input (as similar patterns
are seen for many other inputs for Kripke). Prior work [1, 4] also
suggests that the best performance of code variants for any specific
tuning input is usually found within tens to hundreds of iterations
by random search within compilation flag space.

Fig. 5: Normalized speedup distributions for 1000 (top) and
100 (bottom) code variants on a single Kripke input indicat-
ing similar performance scopes: code variants in excess of
100 contribute little in extra diversity.

3.2 Prepare Input Data Sets
Inputs for these benchmarks can be set either input files or com-
mand line options. To generate a large set of inputs, we consulted
the respective user guide of programs to select tunable input vari-
ables, since automatic input generation techniques [11, 35] known
to us either target code coverage or only generate data arrays not
appropriate for our purpose. Input variables tend to be continu-
ous integer value ranges expressed as variable_name [𝑚𝑖𝑛_𝑣𝑎𝑙𝑢𝑒 ,
𝑚𝑎𝑥_𝑣𝑎𝑙𝑢𝑒 , 𝑠𝑡𝑒𝑝_𝑠𝑖𝑧𝑒] or [formula (constraint)]. Variables and their
ranges are independent of one another unless otherwise mentioned.
Kripke [21] inputs are groups [2𝑘 (0 ≤ 𝑘 ≤ 6)], gset [2𝑘 (0 ≤ 𝑘 ≤ 5)],
legendre [0, 9, 1], quad [32𝑘 (1 ≤ 𝑘 ≤ 6)], dset [8𝑘 (1 ≤ 𝑘 ≤ 8)],
all three sub-dimensions of zones [16𝑘 (1 ≤ 𝑘 ≤ 4)], all three sub-
dimensions zset [2𝑘 (0 ≤ 𝑘 ≤ 8)], nest (𝐺𝑍𝐷). Moreover, groups and
quad should divide gset and dset, respectively. LULESH [19] inputs
are size (30, 420, 30), i (1, 100, 10), r (5, 50, 5), c (5, 60, 5), b (0, 9, 1).
Cloverleaf [41] inputs are x and y (100, 18000, 200), end_step (10,
100, 10) Optewe [38] inputs are x, y and z (32, 1000, 32), nt (1, 40, 3),
s (1, 3, 1). miniFE [42] inputs are nx, ny, nz (64, 328, 4). 351.bwaves
inputs are nx, ny, nz (10, 270, 10), method (0, 1, 1), configuration (0,
1, 1), time steps (5, 40, 5). 357.bt331 inputs are x, y, z (64, 408, 4),
steps (2, 20, 2). 360.ilbdc inputs are x, y, z (50, 550, 5), GEONME is
#𝑐ℎ𝑎𝑛𝑛𝑒𝑙 or #𝑝𝑎𝑐𝑘𝑖𝑛𝑔 or #𝑠𝑦𝑛𝑝𝑜𝑟 . 363.swim inputs are 𝑙𝑖𝑛𝑒1 (2, 20,
2), 𝑙𝑖𝑛𝑒6 (30, 1000, 50), 𝑙𝑖𝑛𝑒8, 𝑙𝑖𝑛𝑒9 (512, 7701, 256). 370.mgrid331
inputs are x, y, z (64, 1200, 14), steps (10, 100, 10).

The input space created by ranges of all input variables are ran-
domly sampled for 104 inputs without replacement. These inputs
are first evaluated with the target program’s O3 baseline compi-
lation for 5 consecutive runs. Then, 4, 000 of them are selected

according to two criteria: (1) The end-to-end runtimes need to be
within one to 200 seconds. Inputs with too short a runtime do not
contribute significantly to performance (geometric mean) and are
prone to measurement noise, while those with too long runtimes
are prohibitively expensive for the experiments due to the number
of samples taken, i.e., runs executed. (2) To reduce the overhead
for evaluation, we restrict program inputs to those with less than
1% variations under O3 so that one run is sufficiently reliable to
evaluate each code variant on these inputs.

The pre-selected 4,000 inputs are divided into three subsets, 𝐷1,
𝐷2, and 𝐷3, by random sampling without replacement. They are
used for different steps in Fig. 2.𝐷1 includes 1,000 inputs and is used
in step 2○ to evaluate program input sensitivity. The evaluation is
done on 100 program code variants. If a program exposes type-III
sensitivity, CodeSeer uses 𝐷1 to generate an input coverage plan
that identifies a subset of 100 code variants (denoted as𝐶𝑉𝑇 ) as the
prediction targets for data labeling in step 3○. Another 2,800 inputs
are evaluated on 𝐶𝑉𝑇 to generate more labeled inputs. Therefore,
𝐷2 includes 𝐷1 and these 2800 inputs. After data labeling, 𝐷2 is
used as the training dataset in step 4○ to build six machine learning
models. 𝐷3 contains the remaining 200 inputs and represents the
testing dataset in 5○ for evaluation.

3.3 Build Machine Learning Models
For each program that has type-III sensitivity, we prototype six
classification models in CodeSeer with Scikit-learn [36] since this
model collection covers different trade-offs between prediction
precision, training overhead, and online prediction speed. These
models include support vector machine (SVM), decision tree (DT),
random forest (RF), logistic regression (LR), neural network (NN)
and K-nearest neighbors (KNN). For a target program, we first
applied feature scaling to each dimension 𝑥 of the training inputs
(𝐷2) by (𝑥−𝑢)/𝑠 , where𝑢 is the mean and 𝑠 is the standard deviation
of 𝑥 . We then employ 5-fold cross-validation with 𝐷2 for each
model to avoid over-fitting and use randomized grid search to
tune their hyper-parameters with weighted F1-score as the guiding
performance metric. We evaluate these models on 𝐷3 and report
their weighted precision.

4 RESULTS ON INPUT SENSITIVITY
4.1 Type-I Sensitivity
For any input 𝑖 (1 ≤ 𝑖 ≤ 1000) in 𝐷1, there is one code variant
𝐶𝑉 𝑖

𝑜𝑝𝑡 (1 ≤ 𝑜𝑝𝑡 ≤ 100) that achieves the best speedup relative to
the O3 baseline. We calculated the geometric mean speedups (𝑆𝑖 )
over O3 for𝐶𝑉 𝑖

𝑜𝑝𝑡 across all inputs in 𝐷1 and show their probability
densities in Fig. 6. We make the following observations:

(1) All applications expose type-I sensitivity since the speedups
differ significantly for input 𝑖 in 𝐷1. Since𝐶𝑉 𝑖

𝑜𝑝𝑡 would be the final
optimized executable for any traditional approach [3, 4, 32, 43],
Fig. 6 demonstrates that their tuning input must be chosen carefully.
If a bad input is chosen, theywill not be able to find any performance
improvement.

(2) Applications have very different type-I sensitivity. For exam-
ple, all inputs for 357.bt always lead to performance improvement
while any other benchmark requires more effort to identify the best
tuning input. In contrast, CodeSeer considers input sensitivity in
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Fig. 6: All benchmarks expose type-I sensitivity: Performance benefits of a tuned program depends on the tuning input used.

Fig. 7: All benchmarks expose type-II sensitivity: Performance benefits are different for inputs in 𝐷1 with𝐶𝑉𝑜𝑝𝑡 that achieves
the best geometric mean speedup on 𝐷1.

its design by evaluating more tuning inputs, thereby avoiding a
single-input bias.

4.2 Type-II Sensitivity
For a target program, let𝐶𝑉𝑜𝑝𝑡 be the code variant that achieves the
highest geometric mean speedups across all inputs in 𝐷1. The dis-
tribution of speedups achieved by 𝐶𝑉𝑜𝑝𝑡 for inputs in 𝐷1 is shown
in Fig. 7. We observe that all applications expose type-II sensitiv-
ity: 𝐶𝑉𝑜𝑝𝑡 achieves very different speedups for inputs in 𝐷1. Prior
work [3, 4, 32, 43] evaluated performance of optimized executables
on a limited number of testing inputs resulting in performance
benefits that may not generalize to other inputs. In the worst case,
their optimized executables may lead to degradation, sometimes
as significant as miniFE and 360.ilbdc with a minimum of 0.72 and
0.82, respectively. CodeSeer avoids such limitations by evaluating
many more (200) testing inputs.

4.3 Type-III Sensitivity
The cumulative number of inputs with different speedup gaps be-
tween the 𝐶𝑉𝑜𝑝𝑡 and the best code variant (𝐶𝑉 𝑖

𝑜𝑝𝑡 ) for input 𝑖 are
shown in Fig. 8. We observe that 𝐶𝑉𝑜𝑝𝑡 is not always the per-input
best code variant (type-III sensitivity): For Cloverleaf, 𝐶𝑉𝑜𝑝𝑡 is the
best per-input code variant, but Kripke under 𝐶𝑉𝑜𝑝𝑡 only achieves
the best per-input speedups for about 52% of the inputs in 𝐷1. All
other applications fall in between these two extremes. In fact,𝐶𝑉𝑜𝑝𝑡

for Optewe, 370.mg, miniFE, 363.swim and 357.bt differs by less
than 2% (performance loss) from 𝐶𝑉 𝑖

𝑜𝑝𝑡 for around 8%, 1%, 10%,
1%, 3% and 5% of the inputs in 𝐷1, respectively; 𝐶𝑉𝑜𝑝𝑡 for Lulesh,
351.bwaves and 360.ilbdc is over 3% inferior to more than 10%
inputs, respectively.
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Results for Kripke (Fig. 3), 351.bwaves, 360.ilbdc and Lulesh
(Fig. 9) show that there are two code variants that perform best
for different subsets of 𝐷1. These two code variants happen to be
identified by our greedy algorithm (see Algorithm. 1), while the
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problem in general is at least NP-complete. We observe that type-III
sensitivity introduces an inherent limitation for prior auto-tuning
approaches that yield only one optimized executable for each target
program, e.g., 10% of 𝐷1 experience significant degradation relative
to their O3 baseline while the performance of more than 10% of
inputs for Kripke 𝐶𝑉𝑜𝑝𝑡 results in a 10% to 52.8% gap relative to
peak performance. This reinforces the need for low-overhead high-
precision predictive models.

4.4 Discussion on Type-III Sensitivity
The two extremes in Fig. 8 of Cloverleaf and Kripke demonstrate
that type-III sensitivity is a stronger version of type-II sen-
sitivity in that if type-III sensitivity holds for a program, type-II
sensitivity must hold, but not vice visa. In addition, type-III sensitiv-
ity is indicative of auto-tuning opportunities to improve program
per-input performance and thus deserves a separate classification.

Type-III sensitivity may result from two scenarios. First, many
compiler optimizations, e.g., loop unrolling and vectorization, do
not always improve performance. For this reason, they usually rely
on heuristic cost models to decide whether or not to perform the
optimizations at compile time, and/or subsequently decide whether
or not to take the optimized code paths at runtime. However, the
cost model may mispredict. For the two code variants (𝐶𝑉1,𝐶𝑉2) of
Kripke in Fig. 3, we profiled a hot loop (LTimes) with Caliper [6]
and Likwid [14] for two inputs, 𝑖1 and 𝑖2. We observed that:

(1) 𝐶𝑉1 is 41% faster than 𝐶𝑉2 on 𝑖1, but 32% slower on 𝑖2;
(2) LTimes is vectorized in 𝐶𝑉1 but unvectorized in 𝐶𝑉2.

These observations demonstrate that Intel’s C compiler has a cost
model that fails for these inputs. Second, runtime ratios of hot
loops may change due to different input sizes. Even if the rela-
tive loop speedups in different code variants stay the same, such
changes may favor another code variant for a new input. In general,
our experiences suggest that it is challenging to understand the
performance discrepancies between code variants on a per-input
basis: Differences may be subsumed by cache behavior or memory
bandwidth utilization. In contrast to past work, CodeSeer utilizes
machine learning models to capture the complex relationship be-
tween program inputs and code variants resulting from different
optimizations.

5 MODEL-BASED TUNING RESULTS
5.1 Precise Prediction
5.1.1 Deciding Target Code Variants. CodeSeer relies on its greedy
algorithm (see Algorithm. 1) to identify 𝑅 (1 ≤ 𝑅 ≤ 100) code vari-
ants as the input coverage plan for𝐷1. Fig. 10 shows that the benefit
of a model with more target classes, assuming perfect prediction,
diminishes very fast and that a model with two code variants is able
to harvest most of the performance potential. Moreover, since there
is a one-to-one mapping from these 𝑅 code variants to 𝑅 target
classes, when the training set size is fixed, having more classes
means that there will be fewer samples in each class and may pro-
duce less precise models. These observations were the motivation
to use only two target classes (𝐶𝑉𝑇 ) for CodeSeer models in our
work .
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Fig. 9: 360.ilbdc, 351.bwaves, and Lulesh expose type-III sen-
sitivity: CV1 and CV2 are the two code variants selected by
CodeSeer’s greedy coverage plan.
5.1.2 Precision Results. Inputs in 𝐷2 (excluding those in 𝐷1), are
evaluated on the two code variants in 𝐷1’s coverage plan. After
data labeling (see Algorithm. 1), 𝐷2 is used for training CodeSeer’s
models and 𝐷3 (see 3.2) is used as the test set. 𝐷3 approximates
the class imbalance in 𝐷2 and is an unbalanced test set. In contrast,
a balanced test set has the same number of inputs in each target
class, which is useful to evaluate how well CodeSeer’s models can
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Fig. 10: Ratios (for Kripke only) to the per-input best
speedup: higher is better. The per-input best speedup is the
maximum speedup achieved by 100 code variants for inputs
in 𝐷1; top-𝐾 (1, 2, 5, 10) indicates the best per-input speedup
achieved by 𝐾 code variants identified by CodeSeer’s greedy
algorithm.
generalize to other datasets. To this end, we upsampled the input
space for a few more inputs to enlarge the smaller class up to 100
inputs, and conversely downsampled 𝐷3 to reduce the larger class
down to 100 inputs. Fig. 11 shows CodeSeer’s prediction results.
We make the following observations:
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Fig. 11: Prediction precision of six different models for the
unbalanced (a) and balanced (b) testing datasets: Random-
Forest (RF) achieves 92% and 90% geometric mean precision,
respectively.

(1) Random forest (RF) achieves the best geometric mean pre-
cision, 92% and 90% on the unbalanced and balanced datasets, re-
spectively. Such high precision shows that RF is able to generalize
well.

(2) Precision varies for different applications. 351.bwaves expe-
riences 97% precision on both test sets; precisions for Kripke and
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Fig. 12: Performance benefits of CodeSeer’s RF model for
Kripke. Figures for 351.bwaves, 360.ilbdc and Lulesh are sim-
ilar (omitted due to space).
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Fig. 13: Speedups normalized to O3 for Kripke 𝐶𝑉1, 𝐶𝑉2, and
the RF model. The results for the balanced test set are simi-
lar (omitted).
360.ilbdc are around 95%; Lulesh’s precision is about 80%, which
results from mispredicting the best code variant in absolute terms,
but only to choose another code variant that is only 1% less perfor-
mant for these inputs, i.e., results are nearly indistinguishable. If
precision was redefined to allow variations of up to 1%, prediction
precision for RF would increase to 95% in the figure.
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Fig. 14: CodeSeer model training overhead for all models on
𝐷2: training RandomForest (RF) takes less than 4 minutes
for all applications.
5.1.3 Performance Benefits. Asmentioned in Section. 4.1, CodeSeer
first handles type-I sensitivity by tuning with many more inputs
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and identifies 𝐶𝑉𝑜𝑝𝑡 with its greedy algorithm. CodeSeer’s high-
precision prediction model, random forest (RF), then improves the
per-input performance to an unprecedented level. This is illustrated
by Fig. 12, which plots the difference in performance between RF
and the respective code variants (balanced/unbalanced CVs) for all
inputs. RF outperforms any CV a positive gap, which is the case for
almost all inputs, sometimes by as much as 43% (Speedup gaps are
sorted independently in monotonically increasing order for each
data set). Fig. 13 shows that the RF model provides the best result
in terms of its speedup factor over O3, up to a 45% improvement
with benefits for 93% of the input. In contrast, among the code
variants 𝐶𝑉1 and 𝐶𝑉2, one may provide higher performance for
some inputs while the inverse is the case for other inputs. Again
data sets are sorted independently. For unsorted (same input) plots,
scatter graphs would be similar to Fig. 1), i.e., the RF model has to
compensate for complex input sensitivities. Overall, we observed
that:

(1) CodeSeer’s correct RF predictions translate into a perfor-
mance benefit for all applications on both unbalanced and balanced
test sets exceeding those of𝐶𝑉𝑜𝑝𝑡 . For Kripke, around 20% and 25%
of the inputs benefit from more than 5% more speedups (relative to
the O3 baseline) compared to 𝐶𝑉1 and 𝐶𝑉2, respectively.

(2) CodeSeer’s RF mispredictions have limited negative impacts,
since the rate is low (Kripke, 351.bwaves) or the speedup differences
for mispredicted inputs are small (mostly within 1% for Lulesh). For
360.ilbdc, the training set is highly unbalanced against 𝐶𝑉2, so the
misprediction rate for 𝐶𝑉2 is higher than 𝐶𝑉1 on the balanced test
set.

5.2 Overhead Analysis
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Fig. 15: RF precision converges with 1000 training inputs for
an unbalanced test set of 200 samples.

On our 16 node Broadwell cluster, it takes about one week per
program to evaluate their input sensitivity with several optimiza-
tions, e.g., using 100 code variants (see Sec. 3.1). Evaluation of 3,000
more inputs in𝐶𝑉𝑜𝑝𝑡 takes less than one day, which may be further
reduced. In Fig. 15, we observed that random forest converges with
about 1,000 training inputs for an unbalanced test set (with similar
results for a balanced test set). CodeSeer’s model training overhead,
shown in Fig. 14, amounts to less than 4 minutes to train RF for each
application. Since CodeSeer’s model is designed to perform online
prediction at the time that the target program is being launched, fast

inference is critical. We observed that inference overhead is around
0.01 second for CodeSeer’s RF models after being translated from a
𝑝𝑦𝑡ℎ𝑜𝑛 implementation in Scikit-learn [36] to a 𝐶 implementation
with a model translator [37]. Such a low overhead makes Code-
Seer’s RF model viable for per-input code variant selection in HPC
environments where programs run for hours or days. Although
CodeSeer with two code variants roughly doubles the code size
(several extra MBs), it is still a reasonable trade-off since a modern
HPC node has several Peta-byte storage capacity.

6 RELATEDWORK
The most closely related work to ours focuses on program perfor-
mance with iterative compiling techniques. These approaches are
either search-based [3, 8, 15, 33, 34, 39, 45] or machine learning-
based [4, 7, 18, 23, 31]. FuncyTuner [43] is the state-of-art approach
for optimizing modern scientific applications with caliper-guided
[6] fine-grained random search. FuncyTuner optimizes multiple hot
loops simultaneously, while others [15, 23, 45] focus on a single
loop at a time. Machine learning-based approaches [4, 7, 18, 31] aim
to reduce the tuning overhead of search-based approaches while
striving to achieve similar performance. However, these techniques
usually evaluate the impact of program input sensitivity either for
non-HPC codes or with few inputs, which differs significantly from
our work. Moreover, Yang Chen et al. [8] studied program input
sensitivity to determine a single code variant for a given embedded
application. They observed that a program-specific compiler flag
combination can achieve most of the best performance in their
experiments. However, our evaluation shows that modern HPC
codes may experience type-III input sensitivity and CodeSeer’s
predictive models (search-based approaches are not feasible due
to whole-program code variants) are critical to achieve the best
per-input performance.

Prior work also focuses on mapping program inputs to the best
algorithmic variants or program configurations at runtime. Jae-
Seung Yeom et al. [44], Jiajia Li et al. [22], JunHong Liu et al. [24]
and Yufei Ding et al. [10] used machine learning models to learn
such mappings from features of matrices to characterize solvers or
algorithmic kernels. Frigo [12] showed that a special-purpose com-
piler can generate specialized DFT kernels for a given input. These
techniques are tied to a specific algorithm while CodeSeer has no
assumption on the tuning target and is much more general. Other
research [2, 25, 27, 29, 30, 40, 47] focuses on auto-tuning HPC ker-
nels for modern GPUs or optimal runtime configurations [46]. For
example, Magni et al. [25] propose to choose the best parameters
for transforming sequential OpenACC loops into parallel threaded
codes while considering program input sizes. Tillet et al. [40] build a
multi-layered perceptron model to predict the performance of code
variants with different tuning parameters. The model incorporates
the impact of inputs and is able to guide the construction of the
per-input best code variant at runtime. Muralidharan et al. [29, 30]
expose tunable parameters to programmers for code variant gener-
ation and construct a machine learning model for per-input code
variant selection. These works focus on single GPU kernel selection
at runtime while CodeSeer tackles type-III sensitivity for programs
with multiple kernels at launch-time and whole-program granu-
larity. Zhang et al. [27, 47] propose an auto-tuner for 3D stencil
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code generation on several heterogeneous GPUs. They exhaus-
tively search a space composed of GPU thread block dimensions
and memory placements but do not consider the per-input optimal
code variant selection.

As we approach exascale computing systems in HPC, power
efficiency becomes more desirable due to high peak power con-
sumption [16]. Gholkar et al. [13] proposed techniques to improve
HPC power efficiency at both the machine level and the job level.
Bari et al. [5] developed a framework called ARCS to automatically
select the best runtime configurations for each OpenMP parallel
region at a given power level. Marathe et al. [26] modeled the in-
teractions between an application’s input parameters and system
constraints such as power usage with deep transfer learning so
that the best performing configuration can be identified quickly.
Sourouri [38] enforced fine-grained dynamic voltage and frequency
scaling (DVFS) and OpenMP configurations to reduce energy con-
sumption. These techniques emphasize the importance of runtime
configurations to program performance and power efficiency, which
are orthogonal to CodeSeer’s compilation-time approach.

7 CONCLUSION
We proposed a novel auto-tuning framework, CodeSeer, that dis-
covers program input sensitivity for modern HPC applications and
performs per-input code variant selection via fast and precise ma-
chine learning models. With CodeSeer, we identified three types of
program sensitivities. We showed that (1) the optimized executable
produced for a target program by prior auto-tuning techniques is
sensitive to the tuning input (type-I sensitivity); (2) the performance
benefit of the optimized executable reported by prior techniques
may not generalize to many unseen inputs in practice (type-II sensi-
tivity); and (3) the per-input best speedup may depend on different
code variants (type-III sensitivity).

In contrast to prior auto-tuning techniques, CodeSeer address
the fundamental challenges of program input sensitivity by opti-
mizing programs for many more inputs than prior work and by
generating machine learning models to automatically perform per-
input code variant selection at program launch-time. Evaluations
show that CodeSeer’s models achieved 90% and 92% precision (geo-
metric mean) on balanced and unbalanced testing sets, respectively,
while the prediction overhead is around 0.01 seconds. CodeSeer
contributes a novel, computationally viable technique for improv-
ing performance for HPC programs with type-III sensitivity to an
unprecedented level.
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