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Abstract
Most compilers convert all iterations of a vectorizable loop

into vector operations to decrease processing time. This pa-
per proposes Scalar Interpolation, a technique that inserts
scalar operations into vectorized loops to increase the utiliza-
tion of execution units in processors with distinct pipelines
for scalar and vector processing. Scalar interpolation inserts
scalar operations for an entire iteration of the sequential
loop to avoid data movements between vector and scalar
registers. A challenge to introducing scalar interpolation is
creating a static cost model to guide the compiler’s decision
to interpolate scalar operations in a loop. An alternative to a
static cost model is to perform auto-tuning in a loop to dy-
namically discover a sweet spot for the scalar interpolation
factor. A performance study on an LLVM-based prototype
reveals speedups of up to 30% on Intel Xeon (x86) with a
static analysis of the cost model, and 43% on Kunpeng-920
(AArch64) with auto-tuning.

CCS Concepts: • Software and its engineering→ Com-
pilers.
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1 Balancing Scalar and Vector Pipelines
Applications may exhibit data-level parallelism (DLP) and

instruction-level parallelism (ILP). DLP, Single-Instruction
Multiple-Data (SIMD) in Flynn’s taxonomy, consists of exe-
cuting a single operation on multiple data simultaneously,
and ILP occurs when multiple independent instructions are
executed concurrently. Vector instructions target DLP by pro-
cessing many data elements with a single vector instruction.
Conventional processors also exploit ILP and DLP by im-
plementing multiple execution pipelines to handle multiple
vector instructions per cycle.

Compilers can utilize these vector processing units by
automatically generating vector code from scalar code. Com-
mercial compilers use two general vectorization techniques:
loop vectorization and Superword-Level Parallelization (SLP)
[16]. Both use a cost model to determine whether or not ap-
plying vectorization yields performance improvement. The
primary metric in such cost-model heuristics is instruction
latency. Loop vectorization applies vectorization if the es-
timated latency of one iteration of a vectorized loop with
vector width N is lower than the time required to execute N
iteration of the scalar version of the loop. SLP applies vec-
torization to straight-line code if its cost model predicts that
the additional estimated latency of packing/unpacking data
to conform to vector code is less than the execution of the
original scalar code. However, conventional compiler vector-
ization techniques fail to consider the utilization balance of
hardware execution units. Most contemporary superscalar
processors feature distinct pipelines for scalar and vector
processing. The code generated by vectorization optimiza-
tions contains long dense sequences of vector instructions
that put high pressure on the vector processing elements.
Few scalar instructions are seen in the vectorized blocks of
code, leaving the scalar units mostly idle while executing the
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77

https://orcid.org/0009-0006-9659-8482
https://orcid.org/0009-0002-6897-4218
https://orcid.org/0000-0002-3476-184X
https://orcid.org/0009-0007-1502-5170
https://orcid.org/0000-0002-9943-1809
https://doi.org/10.1145/3696443.3708950
https://doi.org/10.1145/3696443.3708950
https://doi.org/10.1145/3696443.3708950
https://www.acm.org/publications/policies/artifact-review-and-badging-current
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3696443.3708950&domain=pdf&date_stamp=2025-03-01


CGO ’25, March 01–05, 2025, Las Vegas, NV, USA Reza Ghanbari, Henry Kao, João P. L. De Carvalho, Ehsan Amiri, and J. Nelson Amaral

vectorized code. Thus, there is an opportunity to use these
idle scalar units to extract more ILP and DLP.
Partial vectorization is a proposed solution to tackle the

scalar and vector resource-utilization imbalance by sched-
uling a subset of instructions to the scalar units within a
loop iteration. However, partial vectorization requires extra
data movement between scalar and vector registers where
data use, such as a def-use dependence, crosses a boundary
between scalar and vector instructions [5]. Extra data move-
ments increase the pressure on memory and registers and
reduce the cases in which partial vectorization is beneficial.

This paper proposes scalar interpolation, a new approach
for loop vectorization that exploits the separate vector and
scalar pipelines in out-of-order superscalar processors by
selecting some of the iterations of a vectorized loop to be
executed in the scalar pipeline. Scalar interpolation can more
effectively use the execution units without imposing addi-
tional pressure on memory and registers. Scalar interpola-
tion is always legal for vectorized loops because it does not
change any data dependencies in the loop. However, a le-
gality check is still needed because the vectorization pass
may introduce loop-carried dependencies into the vectorized
loop through reuse of vector registers. A scalar-interpolation
code transformation requires a strategy to decide how many
scalar iterations to interpolate (i.e., interleave) into a vector-
izable loop. This paper presents two ways of determining the
scalar-interpolation factor for a given loop: (i) an analytical
cost model that is based on a simulation of a list-scheduling
algorithm and the characteristics of the target processor ar-
chitecture; and (ii) an auto-tuning approach that explores
various scalar-interpolation factors to select the most benefi-
cial one. The main contributions of this work are:
• Scalar Interpolation, a new vectorization technique that
interpolates scalar iterations in a vectorized loop.
• A cost model for scalar interpolation based on a simulation
of the scheduling of the loop execution and on processor
specification.
• A prototype implementation of scalar interpolation and
the cost model in LLVM.
• An experimental evaluation that determines that scalar
interpolation leads to performance improvement in Poly-
Bench [22].

2 Stalls Caused by Saturated Issue Queues
Conventional compiler vectorization aims to extract max-

imum ILP from vectorized code by saturating the available
vector-processing resources. For instance, the current im-
plementation of loop vectorization in LLVM vectorizes and
interleaves loops: instructions from different loop iterations
are interleaved to schedule the same instruction from differ-
ent loop iterations in the same cycle. The number of inter-
leaved loop iterations depends on the processor resources
available for simultaneous use.

1 for (k = 0; k < _PB_M; k++)

2 C[i][j] += alpha * A[i][k] * A[j][k];

Listing 1. The loop in line 88 of syrk kernel in PolyBench
benchmark after performing loop interchange

Benchmark syrk from the PolyBench suite [22] after per-
forming a loop interchange will contain a vectorizable loop
shown in Listing 1 that exemplifies vectorization with inter-
leaving. First LLVM determines that the vectorization of this
loop is legal and beneficial, and then it transforms the scalar
loop to a vectorized version. Loop interleaving is applied
to saturate the processor’s vector units. Listing 2 shows the
transformed pseudo-code after compilation for the TSV110
microarchitecture. The loop-vectorization cost model selects
a vector width of four and an interleave factor of two. Ta-
ble 1 shows the top-down analysis [31] of vectorized syrk
performed on a Kunpeng 920 machine (TSV110 microarchi-
tecture). Top-down is a performance analysis technique that
identifies bottlenecks in CPUs by sampling various perfor-
mance counters. Predefined formulas based on the available
performance counters calculate what fraction of cycles are
spent in different stages of the processor pipeline. Bottle-
necks are identified by starting at the top-most and broadest
level of categories (i.e., front-end and back-end bound) and
narrowing down to more specific categories. syrk is mostly
back-end bound. The CPU backend consists of the Core (i.e.,
execution units) and Memory (i.e., data accesses to memory)
components.

1 vc1[0:3] = {0, 0, 0, 0};

2 vc2[0:3] = {0, 0, 0, 0};

3 for (k = 0; k < ⌊_PB_M/8⌋ * 8; k += 8) {

4 vc1[0:3] += alpha * A[i][k: k + 3]

5 * A[j][k: k + 3];

6 vc2[0:3] += alpha * A[i][k + 4: k + 7]

7 * A[j][k + 4: k + 7];

8 }

9 c[i][j] += sum_lanes(vc1 + vc2)

10 for (; k < _PB_M; k++)

11 C[i][j] += alpha * A[i][k] * A[j][k];

Listing 2. syrk kernel pseudo code after vectorization. The
vectorized loop has an epilogue loop that is responsible for
the remaining computations if the trip count is not a multiple
of the vectorization factor.

The dominance of the Core Bound sub-category under
Backend Bound, indicates that in syrk most of the stall cy-
cles are due to execution units, and not cache misses. The
high percentage of Exec. Port Full in Core Bound reveals
that the processor stalls because the issue queues in the exe-
cution ports are full: instructions fill the queues faster than
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Table 1. Top-Down Analysis of syrk.

Category Value
Frontend Bound 19.7%
Bad Speculation 11.0%
Retiring 34.8%
Backend Bound 34.5%

Resource Bound 4.4%
Core Bound 62.0%

Divider Stall 0.0%
FSU Stall 0.3%
Exec. Port Full 61.7%

ALU/BRU Issue Q. Full 0.1%
LSU Issue Q. Full 2.6%
FSU Issue Q. Full 17%

Memory Bound 26.4%

they are drained. Thus, instructions that are ready to execute
must wait for a slot to be freed in the issue queues. Exec.
Port Full can further be dissected into three sources of
issue-queue stalls, from: (1) the scalar integer and branch
issue queues (ALU/BRU Issue Q.); (2) the floating-point and
SIMD (i.e., vector) issue queues (FSU Issue Q.); (3) the load
and store unit issue queues (LSU Issue Q.). These stalls are
reported in the top-down analysis as a fraction of issue queue
full stall cycles normalized to total CPU cycles. Full-vector
issue queues contribute 17% of the stall cycles while the
scalar integer and load-store execution units are mostly idle.
This top-down analysis shows a utilization imbalance in the
vectorized syrk: vector resources are over-utilized leading
to issue-queue stalls while the scalar units are underutilized.

Scalar Interpolation addresses the utilization imbalance of
CPU execution units imposed by conventional vectorization
optimizations (e.g., loop vectorization). Scalar Interpolation
interleaves scalar iterations of a loop to (i) reduce pressure
on the vector processing units, and (ii) offload work to the
underutilized scalar resources.

3 Scalar Interpolation
The main idea is to offload some of the computation to

scalar units to reduce the pressure on vector unit by interpo-
lating scalar iterations into vectorized loops. The number of
interpolated scalar iterations is the scalar interpolation factor
(SIF ), determined by either a cost model or an auto-tuning
process.

Listing 3 shows an example of a scalar-interpolation trans-
formation applied to the loop in Listing 2. Adding scalar
iterations to the vectorized loop reduces pressure on vector
function units and increases ILP. Conventional vectorization
causes stalls because it uses exclusively vector instructions
thus saturating the vector units while leaving available scalar
units unused. Scalar interpolation reduces this pressure in

processors where the front-end dispatcher can forward the
interpolated scalar operations to the scalar units while con-
tinuing to dispatch the vector operations without degrading
the performance of the vector units.

1 vc1[0:3] = {0, 0, 0, 0};

2 vc2[0:3] = {0, 0, 0, 0};

3 vcs = 0; 4

4 for (k = 0; k < ⌊_PB_M / 9⌋ * 9 2 ; k += 9 2 ) {

5 vc1[0:3] += alpha * A[i][k: k + 3]

6 * A[j][k: k + 3];

7 vc2[0:3] += alpha * A[i][k + 4: k + 7]

8 * A[j][k + 4: k + 7];

9 vcs += alpha * A[i][k + 8] * A[j][k + 8]; 1

10 }

11 c[i][j] += sum_lanes(vc1 + vc2) + vcs 3 4 ;

12 for (; k < _PB_M; k++)

13 C[i][j] += alpha * A[i][k] * A[j][k];

Listing 3. syrk benchmark pseudo code when scalar
interpolation is applied with SIF=1. Highlighted code are
modifications that scalar interpolation make

3.1 Legality Check
Vectorization is applied to loops free of loop-carried depen-

dencies or when the dependence distance is larger than the
vectorization factor. However, the vectorized loop may have
loop-carried dependencies introduced by the vectorizer. For
instance, when generating code for a loop with a first-order
recurrence, LLVM reuses the vector registers containing the
loaded values of the recurrence from the previous iterations
to avoid memory operations, leading to loop-carried depen-
dencies in the vectorized loop.
Thus, the scalar-interpolation legality check ensures no

dependency between the instructions scheduled to the scalar
unit and vector instructions. This constraint: (i) avoids the
significant overhead associated with data transfers between
vector and scalar registers and related memory interactions;
and (ii) exposes ILP opportunities for subsequent scheduling
passes, such as software pipelining.
The legality-check pass avoids loops with control flow

because the scalar interpolation algorithm does not support
it. Some compilers support vectorization of control flow in
loops by flattening the control-flow graph using predicated
instructions for processors that support predicates. The algo-
rithm can be extended to handle if-converted control flow for
such processors. The modified algorithm would determine
when interpolated masked instructions are needed.

Finally, the legality check excludes loops having floating-
point operations. Scalar interpolation is limited to integer
instructions for now because, in many architectures, vector
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and floating-point units share the same ports or pipelines.
Consequently, replacing vector floating-point instructions
with scalar ones would not improve performance. The al-
gorithm is independent of the instruction types and can be
extended to support floating-point types.

3.2 Scalar-Interpolation Transformation
This description of a scalar-interpolation transformation

assumes that it is a pass in a compiler intermediate repre-
sentation that uses Static-Single Assignment (SSA) where
variables have been renamed to ensure the SSA property and
distinct values are merged by 𝜙 instructions at join points.

As demonstrated in Listing 3, to preserve program seman-
tics, the scalar-interpolation transformation must: (1) inter-
polate scalar instructions using the SIF derived from the cost
model; (2) adjust the step and termination condition of the
loop induction variable to reflect the modified loop itera-
tions; (3) handle live-out values correctly; and (4) manage
reduction operations.
Algorithm 1 shows the scalar-interpolation transforma-

tion algorithm with the vectorized loop body and the SIF as
inputs. The algorithm goes through each vector instruction
in the loop and inserts SIF equivalent scalar instruction as
shown in lines 19 to 26.

To preserve loop-independent dependencies, Algorithm 1
updates InstrMap — which maps a vector instruction to its
corresponding interpolated instructions — whenever an in-
struction is interpolated. Interpolated-instruction operands
are selected from the interpolated instructions stored in this
mapping. Algorithm 1 processes the loop instructions in re-
verse post order to ensure that it visits all the dependencies
of an instruction before visiting the instruction itself. This
way, InstrMap always contains all the dependencies of an
instruction being interpolated.
The Scalar Interpolation Factor (SIF) is the number of it-

erations of the original loop that are interpolated. To adjust
the step and termination condition, as illustrated in Listing 3,
the induction-variable update operation is extracted from
the original instruction, and 𝑆𝐼𝐹 instructions are inserted,
each updating the induction variable by 1. SIF update instruc-
tions are required because, to preserve dependencies, each
interpolated iteration accesses its own update instruction.
This is done in line 18 of Algorithm 1. After vectorization
and scalar interpolation with factor 𝑆𝐼𝐹 , the loop step is
𝑆 × (𝑈𝐹 × 𝑉𝐹 + 𝑆𝐼𝐹 ), where 𝑆 is the original step and 𝑈𝐹
and 𝑉𝐹 are unrolling and vectorization factors respectively.

The ℎ𝑎𝑛𝑑𝑙𝑒𝐿𝑖𝑣𝑒𝑂𝑢𝑡𝑠 function collects all def-use relations
where the definition occurs inside the loop and the use is
outside. For def-use pairs, it updates the definition to refer to
the last equivalent interpolated instructions for the definition
using the InstrMap. This last instruction produces the final
live-out value for the definition. If the loop trip count is not
known at compile time or if it is not amultiple of𝑈𝐹 .𝑉 𝐹+𝑆𝐼𝐹 ,

Algorithm 1 Scalar Interpolation Transformation
1: procedure Transform(𝑆𝐼𝐹, 𝐿𝑜𝑜𝑝)
2: 𝐼𝑃 ← NULL ⊲ insertion point for new instructions
3: 𝐼𝑛𝑠𝑡𝑟𝑀𝑎𝑝 ← {}
4: 𝑃ℎ𝑖𝑠𝑇𝑜𝐹𝑖𝑥 ← []
5: 𝐼𝑉𝑠 ← 𝐿𝑜𝑜𝑝 .getInductionVariables()
6: for 𝐵𝐵 in reversePostOrder(𝐿𝑜𝑜𝑝) do
7: for 𝐼𝑛𝑠𝑡𝑟 in 𝐵𝐵 do
8: if 𝐼𝑛𝑠𝑡𝑟 instanceof 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑃ℎ𝑖 then
9: 𝑃ℎ𝑖𝑠𝑇𝑜𝐹𝑖𝑥 .append(𝐼𝑛𝑠𝑡𝑟 )
10: 𝐼𝑃 ← 𝐼𝑛𝑠𝑡𝑟

11: for 𝑖 = 0 to 𝑆𝐼𝐹 − 1 do
12: 𝑆𝑐𝑎𝑙𝑎𝑟𝐼𝑛𝑠𝑡𝑟 ← cloneScalar(𝐼𝑛𝑠𝑡𝑟 )
13: 𝑆𝑐𝑎𝑙𝑎𝑟𝐼𝑛𝑠𝑡𝑟 .insertAfter(𝐼𝑃 )
14: 𝐼𝑃 ← 𝑆𝑐𝑎𝑙𝑎𝑟𝐼𝑛𝑠𝑡𝑟

15: 𝐼𝑛𝑠𝑡𝑟𝑀𝑎𝑝 [𝐼𝑛𝑠𝑡𝑟 ].append(
𝑆𝑐𝑎𝑙𝑎𝑟𝐼𝑛𝑠𝑡𝑟 )

16: end for
17: end if
18: 𝐼𝑃 ← insertUpdateInstrsForIV(

𝐼𝑛𝑠𝑡𝑟 , 𝐼𝑛𝑠𝑡𝑟𝑀𝑎𝑝 , 𝑆𝐼𝐹 , 𝐼𝑃 , 𝐼𝑉𝑠)
19: for 𝑖 = 0 to 𝑆𝐼𝐹 − 1 do
20: 𝑂𝑝𝑒𝑟𝑎𝑛𝑑𝑠 ← 𝐼𝑛𝑠𝑡𝑟𝑀𝑎𝑝 .get(

𝐼𝑛𝑠𝑡𝑟 .𝑜𝑝𝑒𝑟𝑎𝑛𝑑𝑠 (), 𝑖)
21: 𝑆𝑐𝑎𝑙𝑎𝑟𝐼𝑛𝑠𝑡𝑟 ← cloneScalar(𝐼𝑛𝑠𝑡𝑟 )
22: 𝑆𝑐𝑎𝑙𝑎𝑟𝐼𝑛𝑠𝑡𝑟 .setOperands(𝑂𝑝𝑒𝑟𝑎𝑛𝑑𝑠)
23: 𝑆𝑐𝑎𝑙𝑎𝑟𝐼𝑛𝑠𝑡𝑟 .insertAfter(𝐼𝑃 )
24: 𝐼𝑃 ← 𝑆𝑐𝑎𝑙𝑎𝑟𝐼𝑛𝑠𝑡𝑟

25: 𝐼𝑛𝑠𝑡𝑟𝑀𝑎𝑝 [𝐼𝑛𝑠𝑡𝑟 ].append(𝑆𝑐𝑎𝑙𝑎𝑟𝐼𝑛𝑠𝑡𝑟 )
26: end for
27: end for
28: end for
29: FixPhis(𝑃ℎ𝑖𝑠𝑇𝑜𝐹𝑖𝑥, 𝐿𝑜𝑜𝑝, 𝐼𝑛𝑠𝑡𝑟𝑀𝑎𝑝, 𝑆𝐼𝐹 )
30: handleLiveOuts(𝐿𝑜𝑜𝑝, 𝐼𝑛𝑠𝑡𝑟𝑀𝑎𝑝, 𝑆𝐼𝐹 )
31: end procedure

the live-out values are computed by the epilogue loop and
are not a concern for scalar interpolation.

A reduction operation contains a𝜙 instruction that merges
an initialization value and a reinitialization value from the
loop body. The vectorized loop contains such a 𝜙 instruction
that received the updated value from a vector instruction.
Interpolated scalar iterations have a similar 𝜙 instruction
with the same initialization (lines 8 to 17 of Algorithm 1)
but the source of the values are scalar instructions. Thus, for
correct code generation, the scalar-interpolation instructions
for the loop body must be generated before the edges for
this 𝜙 instruction are completed by the 𝐹𝑖𝑥𝑃ℎ𝑖𝑠 function.

At the end of the transformation, the algorithm aggregates
the scalar reductions with the reduced value of vector ones
in the loop exit block to generate the final reduction value.
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3.3 Cost Model
The cost model seeks to predict a Scalar Interpolation Fac-

tor (SIF) that balances the workload distribution between
scalar and vector units and increases overall execution unit
utilization. The goal is to interpolate as many scalar itera-
tions as possible without increasing the execution latency of
the original vector loop. The cost model uses a critical-path-
first greedy list scheduling algorithm [14] for instruction
sequencing to estimate the schedule length of the loop as
a proxy for execution latency. This scheduling algorithm is
widely adopted as the main instruction scheduler by produc-
tion compilers [1, 2].

Algorithm 2 first estimates 𝐿vec, the schedule length of the
original vectorized loop using the Data Dependence Graph
of the loop body. Then, it keeps increasing the SIF, starting
from 1, to select the highest SIF that does not increase the
schedule length beyond 𝐿vec.

A processor execution engine consists of different execu-
tion ports, each supporting a subset of instruction types. The
SIF estimation must take port utilization into account. The
solution is to assign a versatility score𝑉𝑖 for each port 𝑖 based
on the support of its instruction types by other ports. Let 𝑁
be the number of ports in the architecture, 𝑁 𝑗 be the number
of ports that support instructions of type 𝑗 , and 𝐾𝑖 be the
number of instruction types supported by port 𝑖 . Equation 1
calculates 𝑉𝑖 by summing the number of ports that do not
support instruction types that are supported by port 𝑖 .

𝑉𝑖 =

𝐾𝑖∑︁
𝑗

(𝑁 − 𝑁 𝑗 ) (1)

When there is a choice of ports to assign to a given in-
struction, the strategy for the list-scheduling algorithm in
the cost model is to aim to keep more versatile ports free
for later scheduling. Thus, a port with lower 𝑉𝑖 has a higher
priority for scheduling.

Applying the cost model algorithm to the loop in Listing 4
with the port mapping in Table 2 yields a initial vector-loop
schedule with 14 cycles as shown in the darker operations
in Figure 1a.

Figure 1a shows a schedule with SIF=1 that follows Equa-
tion 1 for port assignment. This schedule increases the exe-
cution latency of the loop from 14 to 17 cycles leading the
cost model to reject any SIF ≥ 1. However, SIF=1 can be
achieved within the 14 cycles of the original vector schedule
by changing port assignments as shown in Figure 1b.

To discover better schedules with alternative port assign-
ments, the applyListScheduling procedure attempts alterna-
tive schedules that use a randomized scheduling priority 𝑅𝑖
for each port given by Equation 2 where 0 ≤ 𝑢 ≤ 1 is a ran-
dom variable with uniform distribution, and 𝑐 is a counter
starting from 1 and increasing for each trial until a fixed
limit (80 in the prototype). The procedure returns the best
schedule found.

Algorithm 2 Scalar Interpolation Cost Model
1: procedure SelectBestSIF(𝐿𝑜𝑜𝑝 , 𝑆𝑝𝑒𝑐 , 𝐶𝑀 , 𝐵𝑢𝑑𝑔𝑒𝑡 ,
𝑆𝑡𝑎𝑏𝑙𝑖𝑙𝑖𝑡𝑦𝐿𝑖𝑚𝑖𝑡 )

2: 𝑆𝐼𝐹 ← 0
3: 𝐵𝑒𝑠𝑡𝑆𝑐ℎ𝑒𝑑𝑢𝑙𝑒𝐿𝑒𝑛 ←∞
4: while 𝑇𝑟𝑢𝑒 do
5: 𝐷𝐴𝐺 ←constructDAG(𝐿𝑜𝑜𝑝 , 𝑆𝐼𝐹 )
6: 𝐺𝑟𝑒𝑒𝑑𝑦𝑆𝑐ℎ𝑒𝑑 ← 𝑎𝑝𝑝𝑙𝑦𝐿𝑖𝑠𝑡𝑆𝑐ℎ𝑒𝑑𝑢𝑙𝑖𝑛𝑔(

𝐷𝐴𝐺 , 𝑆𝑝𝑒𝑐 , 𝐵𝑢𝑑𝑔𝑒𝑡 , 𝑆𝑡𝑎𝑏𝑙𝑖𝑙𝑖𝑡𝑦𝐿𝑖𝑚𝑖𝑡 )
7: if 𝐵𝑒𝑠𝑡𝑆𝑐ℎ𝑒𝑑𝐿𝑒𝑛 < 𝐺𝑟𝑒𝑒𝑑𝑦𝑆𝑐ℎ𝑒𝑑.𝑙𝑒𝑛𝑔𝑡ℎ then
8: return 𝑆𝐼𝐹 − 1
9: end if
10: if SIF = 0 then
11: 𝐵𝑒𝑠𝑡𝑆𝑐ℎ𝑒𝑑𝐿𝑒𝑛 ← 𝐺𝑟𝑒𝑒𝑑𝑦𝑆𝑐ℎ𝑒𝑑.𝑙𝑒𝑛𝑔𝑡ℎ

12: end if
13: 𝑆𝐼𝐹 ← 𝑆𝐼𝐹 + 1
14: end while
15: end procedure

Table 2. The execution engine details of the architecture on
which the example code is running.

Port 0 1 2 3 4 5

Units

Int ALU Int ALU LD LD Int ALU Int ALU
Vec ALU Vec ALU ST Vec ALU
Vec MUL Vec MUL
Int DIV Int MUL
Branch

𝑉𝑖 19 14 9 4 2 5

𝑅𝑖 =
𝑐 − 1
𝑐𝑉𝑖
+ 𝑢
𝑐

(2)

The rationale for Equation 2 is to create a strategy similar
to simulated annealing [15]. For early trials, there is signifi-
cant randomization in the priority of each port and, as the
algorithm advances, the priorities stabilize around the value
of 1

𝑉𝑖
. The scheduling algorithm selects the candidate port

with higher 𝑅𝑖 . To prevent the algorithm from spending too
much time attempting to improve a good schedule, a stabi-
lization threshold (set to 10 in the prototype) is used. If a
better schedule is not found in the number of consecutive
trials within this threshold, the algorithm returns the best
schedule found.
For Listing 4, the improved schedule, found using the

Equation 2 strategy, is shown in Figure 1b. It maintains the
same execution latency of the original vector loop, while
utilizing scalar units to reduce the total execution time of
the loop.

1 for (int i = 0; i < N; i++)

2 f[i] = (3 * a[i]) + (5 * b[i]) + (7 * c[i]);

Listing 4. A vectorizable loop amenable for Scalar
Interpolation.
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(a) A naive schedule generated following the versatility score
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(b) One of the suggested schedules of the cost model

Figure 1. Schedules for Listing 4 with SIF of 1. Vector instruction are denoted with a "v" superscript in dark-grey boxes.
Subscripts denote which source code the instruction is derived from (e.g., ldva – a vector load from array a). Scalar instructions
are in light-grey boxes (e.g., mul3 – a scalar multiply by 3).

3.4 Auto-Tuner
Currently scalar interpolation is only applied to loops

without control flow. Thus, even though the iteration count
for each loop may depend on the program’s input, the best
scalar interpolation factor (SIF) is independent of a pro-
gram’s input and can be determined empirically using an
auto-tuning strategy.
The auto-tuner takes a set of pre-defined SIF values as

input. The program is compiled with each of the given SIF
values and also without scalar interpolation. Each variant is
executed and the loop-execution time is measured – loops
that run for a very short amount of time can be placed in an
external loop to allow more precise time measurement. To
account for variations in execution time because of external
variables, the measurement is repeated a fix number of times.
The auto-tuner returns the value of SIF for the most perfor-
mant version. For the experimental evaluation in Section 5.4,
each experiment is repeated ten times and the set of values
of SIF tested by the auto-tuner is 1, 2, 4, 8.

4 A Prototype Integration of Scalar
Interpolation in a Vectorization Plan

We implement scalar interpolation in LLVM 17 within
the loop-vectorization pass — a target-agnostic pass in the
mid-end of the optimization pipeline that operates on LLVM
Intermediate Representation (IR). The decision to implement
Scalar Interpolation as a feature of loop vectorization is based

on several design points: (i) Scalar Interpolation is only use-
ful when applied on the vectorized code, thus the cost model
should have information about the vector loop readily avail-
able. (ii) There is a trivial mapping between each IR instruc-
tion (or a group of IR instructions) in the original loop and
their vectorized counterparts in the planning step (available
through Vectorization Plan Recipes [4]). (iii) Scalar Interpo-
lation should be a target-agnostic transformation, thus it
should be implemented in a target agnostic mid-end pass.
A mid-end implementation lacks precise target-machine

information (e.g., instruction latency and available execution
ports). Scalar Interpolation could also be implemented after
instruction selection where the LLVM IR is lowered to Ma-
chine IR (MIR). Themore precise target information available
at the MIR level would improve the scalar-interpolation cost-
model predictions. However, the engineering effort would
be significant because scalar instructions and vector instruc-
tions no longer have a trivial mapping to one another. Thus,
the mid-end prototype of Scalar Interpolation uses an esti-
mated latency for each LLVM IR instruction from LLVM’s
Target Transform Info (TTI) [3]. The cost model combines
these latencies with resource availability from processor-
architecture documentation to generate the expected sched-
ule needed to predict SIF.
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5 Experimental Evaluation
This experimental evaluation using the LLVM-based pro-

totype aims to address the following research questions: 1
Is the proposed cost model effective in predicting an interpo-
lation factor? 2 Does scalar interpolation result in perfor-
mance improvements? 3 Does scalar interpolation increase
functional-unit utilization?

5.1 Computers, Compilers, and Benchmarks
The experimental evaluation used two machines: (i) an

x86_64 machine running Ubuntu18.04.3 LTS (kernel version
4.15.0) on Intel Xeon E5-2698 v4 locked at 2.2GHz; and (ii) an
AArch64 machine running OpenEuler 22.03 (kernel version
4.19.90) on Kunpeng-920 locked at 2.6GHz.

This evaluation uses the PolyBench/C benchmark suite [22]
that contains numerical computations such as linear algebra
kernels and operations that expose many vectorization op-
portunities. The preprocessor macros of PolyBench are used
to set the data type to int and set the dataset size to extra
large. Some benchmarks are adapted for integer computation
while preserving semantics. For instance, a multiplication
by 0.125 is replaced by a shift right in heat-3d. The array
initialization process is modified to adapt to integer compu-
tation. Originally, array elements were set using a modulus
operation with the array size followed by a division by the ar-
ray size, resulting in zero values when compiled for integers.
To prevent the execution-time distortion created by zero
propagation, the division was removed to ensure non-zero
initial values for the arrays.
The experimental evaluation measures the elapsed CPU

time using the clock() function. Time measurement for
loops that run for very short run times is imprecise. This
study does not report results for individual loops that run
for less than 10 milliseconds and benchmarks that run for
less than 100 milliseconds. Each benchmark is compiled with
Clang version 17.0.0with the flags -O3 -fno-slp-vectorize.
The second flag disables SLP vectorization to prevent the
SLP vectorizer from undoing the changes made by scalar
interpolation.

5.2 Experimental Methodology
Two configurations are tested in all the experiments in

this section: (i) Baseline: The benchmark is compiled with
Clang version 17.0.0 using LLD as the linker, and the flags
mentioned in the Section 5.1. (ii) Scalar Interpolation: For
the prototype implementation of the scalar interpolation
transformation, detailed in Section 3, we created two new
clang pragmas, one to enable/disable interpolation and the
other to specify the value of SIF.

Section 5.4 contains two types of experiments: (i) innermost-
loop evaluation; and (ii) whole-benchmark evaluation applies
scalar interpolation to all eligible loops. In both cases, an
average of ten repetitions of the measurement is reported.

Section 5.5 reports a study, using the perf tool, of the best-
performing benchmark on each target. This study reports
the average number of cycles from ten executions of each of
these benchmarks. In Section 5.3, the cost model prediction
is compared to the auto-tuning approach.

5.3 The Cost Model Effectiveness Is Limited
For question 1 , the evaluation contains investigating

93 scalar-interpolation candidate loops in the Intel Xeon
target. In 25 loops the costmodel predicts the best performing
SIF. In 53 loops, either the execution time is too short or
the performance of the cost-model-based transformation is
within 1% of the performance of the auto-tuned version. The
auto-tuner outperforms the cost model for the remaining
fifteen loops shown in Figure 2b.
The cost model overestimates the SIF in eleven loops. In

choleski-49, lu-50, 3mm-105, trmm-87, 2mm-100, ludcmp,
and doitgen-77 a dot-product computation is performed
with column-major access to at least one of the involved
tensors.1 The compiler uses scalar loads to fetch the values
of the column-major tensor and then uses vector-packing
instructions to create a vector from the loaded elements.
Applying scalar interpolation with high SIF in these cases
puts even more pressure on the load/store units of the target.

In addtion to that, in gemm-93 a vector is multiplied with
the constant value 3. The later code generation lowers this
multiplication into two additions. However, the cost model,
computed from the LLVM IR representation, accounts for
multiplications thus overestimating the cost of each itera-
tion. In an experiment designed to confirm this hypothesis,
When the constant is changed to 13 to prevent this back-end
optimization, the cost model predicts the best-performing
SIF. Future implementations may improve the cost model by
modeling later optimizations.
The cost model conservatively avoids scalar interpola-

tion if the schedule length increases. However, for some
loops such increases may be beneficial. For instance, in
jacobi-2d-76 and jacobi-2d-79 the initial vector sched-
ule length is 12 cycles, and a single-iteration interpolation
one extends it to 13 cycles but results in better performance
with a vectorization factor of four.

In the prototype, the cost model relies on the LLVM target-
specific cost estimate for each statement. For the Kunpeng
target, the higher latency of vector load/store instructions,
relative to scalar ones, is not reflected in the LLVM cost esti-
mates. Thus, the cost model predicts a SIF of zero for all loops
that run for more than ten milliseconds. However, scalar in-
terpolation increases performance in 15 loops for this target
as discovered by the auto-tuner and shown in Figure 2a. For

1 A loop is designated by the benchmark name followed by the loop line
number in the code.
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(a) Kunpeng target. The performance axis starting point is 0.5.

(b) Intel Xeon target. The performance axis starting point is 0.6.

Figure 2. Cost model performance compared to the auto-tuner. Each bar is annotated with the suggested SIF of the approach
plus the performance over the baseline in form of SIF-performance.

Jacobi-2d-76, Jacobi-2d-79, and fdtd-2d-113, the auto-
tuner discovers that an increase of two cycles to the length
of the schedule — avoided by the cost model — is beneficial.

5.4 Scalar Interpolation Improves Performance
Two experiments that compare the performance of scalar

interpolation to the baseline address question 2 : (i) loop-
level execution time; and (ii) whole-benchmark execution
time. Given the limited effectiveness of the cost model for
the Kunpeng target, this section reports the results from
the cost model for the Xeon target and the results from the
auto-tuner for the Kunpeng target.

On the Intel Xeon target, the transformation is applied on
92 loops of PolyBench. For 72 loops either the execution time
is very short or the performance effects of scalar interpola-
tion are negligible. The remaining 20 loops are represented
on Figure 3. On the Kunpeng target, 43 candidates are found
for scalar interpolation, and among them, the auto-tuner dis-
covers a SIF that results in performance gains for the eight
loops shown in Figure 4.
The number of loops in which scalar interpolation is ap-

plied are different in two targets and the loops in the charts
are not the same in most cases, because loop vectorizer and

scalar interpolation heavily depend on target-specific infor-
mation for their cost model. Therefore, some vectorizable
loops that are deemed beneficial in one target might not be
considered beneficial in another target. Same can happen
for scalar interpolation given that the cost model uses the
LLVM target-specific cost model to access the estimation of
latency of instructions. Moreover, the charts only show the
results for the loop with a performance difference, which
could be a different set of loops in different targets depend-
ing on the computation and the target capabilities. Another
important point is that more than one scalar iteration can
be executed while a vector iteration executes. Therefore, for
the experiments shown in Figures 2, 3, and 4, the theoretical
maximum speedup is 𝑆𝐼𝐹

𝑉 𝐹
× 100%.

An in-depth analysis of the results of this experimental
evaluation indicates that there are two main causes for per-
formance improvement due to scalar interpolation: loops
with low memory interaction, and loops with costly vector
operations.
Low memory interaction. In both targets, scalar inter-

polation is not beneficial for memory-bound loops because
vector and scalar memory instructions use the same exe-
cution port. Thus, interpolating scalar iterations does not
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Figure 3. Performance results on the Intel Xeon. The performance axis starting point is 0.6 and the error bars show 95%
confidence interval

Figure 4. Performance results on Kunpeng. The performance
axis starting point is 0.5.

affect the memory-unit utilization. The integer and the vec-
tor ALU units use separate ports on the architecture leading
to benefits from interpolation for arithmetic-intensive loops.
For instance, syrk-88, which gains the most benefit from
scalar interpolation, is a reduction operation that computes
a dot product of two rows of a matrix scaled by a constant
factor. With an interleave count of two, the resulting loop
contains four loads, four multiplications, two additions, and
no store instructions leading to better utilization after scalar
interpolation. The same pattern is observed on the loops in
heat-3d.
Costly vector operations. Loop body contains vector

operations that take longer to execute than their scalar coun-
terpart, such as division. For instance, on Intel Xeon, the
LLVM target-specific cost of a vector division by a con-
stant is six times the scalar counterpart. In such cases scalar
interpolation leverages scalar units that would have been
idle. Of the loops in Figure 3, fdtd-2d-113, jacobi-2d-76,
jacobi-2d-79, doitgen-77, gemm-93, and 3mm-105 exhibit
this behavior. The last four loops compute matrix multi-
plication where one of the matrices is accessed in column-
major order leading the loop vectorizer to load the matrix
elements individually and then use a vector-packing instruc-
tion, which adds a noticeable overhead to the vector units.

Some initialization loops combine costly operations with
low memory operations where scalar interpolation is ben-
eficial, but they do not change the overall benchmark per-
formance because initialization loops are a cold code region.
These loops are composed of adds, multiplies, and costly
modulo operations. The only memory interaction is the final
store to the array element. Examples include 3mm-41, 2mm-48,
syrk-37, syr2k-43, syrk-40, 2mm-45, gsummv-40, mvt-41,
syr2k-38, gramschmidt-34, and trmm-39 on Figure 3. This
effect is more pronounced in the Intel Xeon architecture
where the LLVM cost model indicates that the cost of a
vector multiplication with VF=4 is 6× that of a the scalar
counterpart.
In derich-36 and fdtd-2d-113 on Figure 3 scalar inter-

polation results in a slow down. In derich-36 the later code
generator replaces a modulo operation by 65536 with a logi-
cal and, thus removing the costly modulo operation that led
the scalar-interpolation cost model to predict a SIF = 8. This
high SIF led to an increase in backend store-buffer stalls from
201 M/s (millions per second) to 204 M/s. In fdtd-2d-113,
the cost model predicts SIF=1. Interpolating a single itera-
tion leads to misaligned memory operation overheads. In
this case the number of misaligned micro-operations dis-
patched to the L1 cache increases from 40.76 M/s to 66.79
M/s for loads and from 13.71 M/s to 21.36 M/s for stores. A
future implementation should take memory-alignment into
account in the cost-model SIF prediction. It can be achieved
by adding another step to the cost model to apply alignment
analysis and select the largest aligned SIF that is less than
the SIF found by the current cost model.
For the whole-benchmark evaluation, the baseline SLP

vectorizer is enabled to compare scalar interpolation with
the entire LLVM vectorization pipeline. Only benchmarks
with performance differences are shown in Figure 5 with
up to 43% improvements in the performance of benchmarks.
The whole-benchmark slow down in fdtd-2d for Xeon is
because scalar interpolation causes memory misalignment
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in the only loop for which the cost model result in a non-zero
SIF (SIF-1 for the hot fdtd-2d-113 loop).

5.5 A More Balanced Utilization
Question 3 requires an in-depth analysis of benchmarks

where scalar interpolation results in speed improvement.
This section presents results obtained from performance-
counter measurements for doitgen on Xeon and heat-3d
on Kunpeng.
The doitgen benchmark has three candidates but the

cost model only predicts a non-zero SIF for two of them:
SIF=4 for the initialization doitgen-37 and SIF=8 for the
hot doitgen-77 that contains a reduction operation. Port
utilization, reported in Figure 6 and measured using PMU
counters, measures the rate at which micro-operations are
issued for each port in the processor. Port 5 experiences a
significant utilization decrease because it hosts vector pack-
ing and vector ALU units. Ports 2 and 3 are more utilized
because they contain the execution units for the load micro-
operations. Ports 0, 1, 4, and 5 are integer ALU ports. Scalar
interpolation generates a more balanced micro-instruction
distribution in this processor.
In heat-3d scalar interpolation is applied to the initial-

ization loop heat-3d-34 and the hot loops heat-3d-75 and
heat-3d-85 in the Kunpeng target. In Kunpeng the micro-
operations of scalar and vector instructions go through sep-
arate issue queues. Figure 7 shows that scalar interpola-
tion increases the rate of load/store (LSU_IssueQ) and scalar
(ALU/BRU_IssueQ) issue queue stalls because it increases
scalar arithmetic/memory instructions.With VF=4 and SIF=2
in the transformed hot loops, in each iteration, four array
elements are processed by vector instructions, and two by
scalar instructions. Therefore, scalar interpolation decreases
the vector-issue queue stalls (FSU_IssueQ) by 74%.

6 Related Work
Partial vectorization. Larsen et al. [5] introduce an ap-

proach for partial vectorization of the loop by splitting the
computation over scalar and vector resources of a target
hardware using a min-cut partitioning approach. Their cost
function accounts for resource usage of each partition by
calculating ResMII and the cost of transferring results be-
tween vector units and scalar units as needed. The main
difference between their work and scalar interpolation is
that they partition the loop body operations into scalar and
vector sets, which causes the overhead of transferring data
between scalar and vector registers and also requires addi-
tional memory operations in architectures without support
for transferring data between scalar and vector registers.
Scalar interpolation does not create dependencies between
scalar and vector instructions, because it interpolates an
entire iteration of a loop.

Rocha et al. [23] proposed an approach to select the un-
rolling factor of loops based on Straight-Line Parallelization
(SLP) opportunities. They create a "Potential SLP Graph"
based on the def-use relation of scalar instructions of the
rolled loop, and then select the unrolling factor based on the
Potential SLP Graph to maximize the utilization of vector
units. Their approach is similar to loop unrolling to expose
ILP opportunities in scalar interpolation. However, their goal
is to find an unrolling factor that creates more vectorization
opportunities for the SLP vectorizer. In contrast, the scalar-
interpolation cost model is designed to better exploit both
scalar and vector units of the processor by adding the scalar
instructions to the vectorized loop.

SLP vectorization. Introduced by Larsen et al. [16], SLP
vectorization targets basic blocks instead of loops and packs
memory instructions with adjacent references into groups.
This vectorization technique traverses the def-use chains in
the program using the instruction groups as seeds to create
a tree of groups of independent isomorphic instructions. All
the groups in the tree are vectorized only if the benefit of
vectorization outweighs the cost of instruction packing/un-
packing. Several improvements [18–21] have been proposed
to this algorithm, including the work of Shin et al. [26] that
extends SLP to handle control flow.
Rosen et al. [24] discussed the idea of loop-aware SLP

which is a hybrid approach between loop and SLP vectoriza-
tion. Their approach is to decide whether to consider each
instruction of the loop as a part of the SLP computation tree
or to loop-vectorize them, and they discussed several factors
that impacted this decision, such as alignment considerations
and unrolling factor. Chen et al. [10] suggest SuperVector-
ization, an SLP-based vectorization that uses predicated SSA
form to flatten the code and apply the SLP vectorization. By
removing control-flow constructs they can combine loop and
straight-line vectorization.

SLP can generate partially vectorized code based on a cost
model where the benefit of a transformation is the savings
of vectorized instructions minus the cost of packing and
unpacking instructions regardless of the availability of vector
resources. In contrast, the scalar-interpolation cost model
embeds resource availability into the cost model. The SLP
can be applied to any basic block in the program while scalar
interpolation focuses only on the loops.
Unrolling. Unrolling loops by a given factor is a well-

known code transformation [8, 9, 11, 25, 29]. Determining
the unroll factor is important for performance and has been
the focus of several studies [17, 27, 28]. In most compilers,
the cost model used to select the unrolling factor computes
a trade-off between the ILP introduced by unrolling versus
code growth. In scalar interpolation, the loop is unrolled
by the Scalar-Interpolation Factor (SIF), the instructions are
reordered to expose both scalar and vector instructions to the
target hardware, and the cost model is based on a scheduling
algorithm that considers available hardware resources.
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(a) Performance results on Kunpeng target (b) Performance results on Intel Xeon target

Figure 5. Performance results for the whole benchmark. The performance axis starts from 0.5

Figure 6. Port utilization on doitgen benchmark in Xeon.
The error bars show 95% confidence interval

Figure 7. Port utilization on heat-3d in Kunpeng. The error
bars show 95% confidence interval, and the chart is log-scale
due to the significant difference of stalls between vector and
scalar units.

Instruction scheduling. Instruction scheduling is a well-
established and extensively studied problem. The general
problem of instruction scheduling is known to beNP-Complete
[29], and several heuristics have been proposed to provide
near-optimal solutions to the problem [6, 7, 12, 14, 30]. Amongst
them, different variations of list scheduling [14] have been
widely adopted in production compilers [1, 2]. Scalar inter-
polation uses list scheduling in our implementation of the
cost model to get an estimation of the schedule length.

7 Conclusion
Automatic vectorization passes in modern compilers are

almost always enabled by default to exploit inherent ILP and
DLP present within code. One such pass is loop vectorization
– a transformation of scalar loops into vector equivalents.
Although loop vectorization provides considerable perfor-
mance benefits, we observed that conventional cost models
failed to consider the balance in utilization between vector
and scalar processing resources in superscalar out-of-order
CPUs. The loop-vectorization cost model simply aimed to
saturate vector processing units on the CPU to maximize
ILP of vector instructions — potentially creating a through-
put bottleneck on the vector resources. Our insight is that
more throughput can be gained by offloading work from
over-utilized vector resources onto the under-utilized scalar
resources. Thus we propose a code transformation technique
called Scalar Interpolation to address the imbalance of utiliza-
tion between the scalar and the vector resources by interpo-
lating scalar iterations into a vectorized loop. We implement
a prototype for Scalar Interpolation in LLVM’s loop vector-
ization pass and evaluate using PolyBench on two different
CPUs with distinct ISAs. Scalar Interpolation effectively bal-
ances utilization of scalar and vector resources providing
additional work throughput, resulting in speedups of up to
43% on Kunpeng-920 (AArch64) and 30% on Intel Xeon (x86)
architecture.

A Artifact Appendix
A.1 Abstract
This artifact is a Docker image that contains all the re-

quirements and scripts to replicate the experiments of the
sections 5.3 and 5.4 of the paper. The image includes the
implementation of scalar interpolation algorithm, the Poly-
Bench benchmark suite, and the scripts to run the bench-
marks using auto-tuner and the cost model.

A.2 Artifact Check-List (Meta-Information)
• Algorithm:A loop transformation to add scalar instructions
into the vectorized code.
• Program: PolyBenchC-4.2.1 benchmark.
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• Compilation: Includes LLVM 17.0.0.
• Run-time environment: Tested on Ubuntu 22.04 (6.8.0-48-
generic) with Docker version 27.3.1.
• Hardware: Tested on Intel Xeon E5-2698 v4 CPUs.
• Metrics: Execution time.
• Output: Execution times in form of CSV files and the corre-
sponding graphs for each experiment.
• Experiments: Cost model effectiveness (Section 5.3) and
Scalar Interpolation performance (Section 5.4)
• How much disk space required (approximately)?: 1.9
GB for the docker image.
• How much time is needed to complete experiments
(approximately)?: About 8 hours for a single run. It takes
about 80 hours to run the experiments 10 times and replicate
the paper experiments
• Publicly available?: Yes.
• Code licenses (if publicly available)?: Ohio State Univer-
sity Software Distribution License, Apache License v2.0 with
LLVM Exceptions.
• Archived (provide DOI)?: 10.5281/zenodo.14090974

A.3 Description

A.3.1 How toAccess. The artifact is archived: 10.5281/zen-
odo.14090974 [13].

A.3.2 Hardware Dependencies. An Intel Xeon E5-2698
v4 CPU, because the cost model for the algorithm depends
on specific hardware characteristics. The transformation still
performs on other architectures, however the results may
differ from the paper.

A.3.3 Software Dependencies. A working Docker instal-
lation.

A.4 Installation

A.4.1 CPU Frequency Scaling. To have consistent re-
sults, we need to lock the CPU frequency. In the experiments
shown in the paper, it was locked at 2.2 GHz.

1 $ sudo cpupower frequency-set -g performance

2 $ sudo cpupower frequency-set -u 2.2GHz

3 $ sudo cpupower frequency-set -d 2.2GHz

A.4.2 Docker Setup. After downloading the compressed
docker image file, load the image via the following command,
and run the container:

1 $ docker load --input scalar-interpolation.tar.gz

2 $ docker run -it si:v1

A.5 Experiment Workflow
After running the container, you can set up the config.json

file to change the experiment setting. The parameters of this
file are explained in more detail in A.7.

1 $ nano config.json

The following commands run the experiments and gener-
ate the results.

1 $ python3 main.py

2 $ python3 main.py -a

The first command runs the experiments whose results
are shown in Figures 2 and 3 of the paper, and the second
command runs the experiment whose results are illustrated
in Figure 5. An important note to replicate the results is that
before running any of the above commands, the results from
the previous runs must be removed from root/results_file
path, which is where the results of the previous runs are
stored. root and results_file are two keys in the config.json
file that are used to set up the output path. The results of
these experiments are stored in the figures and tables folders,
to retrieve them, one should run the following commands:

1 $ ID=$(docker ps -q --filter 'ancestor=si:v1')

2 $ docker cp $ID:/home/si/figures/ .

3 $ docker cp $ID:/home/si/tables/ .

A.6 Evaluation and Expected Results
Using a similar environment and setup, the results should

follow the same trend as shown in the paper. Yet, changing
different factors, such as using a different CPU, or changing
the number of repetitions may affect the final results.

A.7 Experiment Customization
After running the container, the experiment scripts can be

set up using the config.json file. This file contains some
file paths required to run the scripts and some parameters
that can change the experiments, including:
• repeat: If it is set to N (N > 1), the experiments will
be repeated N times and the scripts report average
execution time.
• si_factors: list of candidate SIFs for the auto-tuner.
• results_file: a path to a file to save execution time
and standard deviation results for the experiments.
• measurement_retrials: If it is set to N, it retries each
measurement up to N times when the measurement
fails for any reason.

A.8 Notes
• On the Experiment Workflow instructions, after run-
ning each command, the average execution time of
each benchmark and the standard deviation are stored
in a file whose path is set by results_file in config.json.
This file must be removed before running each experi-
ment replication command because it also serves as a
caching mechanism in cases where the running exper-
iment crashes.
• You may need sudo privileges when running docker
depending on the host’s configuration.
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