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Abstract—Quantifying the marginal impact of individual op-
timization passes underpins phase ordering, pass selection, opti-
mization design, and analysis of pass/hardware interactions. In
LLVM—the standard backend for C/C++, Rust, and ML stacks
via MLIR—interactions among optimization passes, measure-
ment noise, and pipeline scale make this difficult. We present
a systematic, empirical study of the LLVM -03 optimization
pipeline. We decompose the pipeline into cumulative per-pass
prefixes. We then measure execution time, compile time, binary
size, hardware counters, and RAPL energy across 84,750 mea-
surements covering 113 cumulative prefixes of the -03 pipeline
evaluated on 30 PolyBench/C kernels under rigorous noise
mitigation. On these compute-bound affine kernels, the pipeline
is non-monotone (6.6-9.7% of transitions regress) and strongly
back-loaded (the median non-regressing kernel needs 84.8% of
the pipeline for 80% of its speedup). Most gains are driven
by a small Pareto-dominant core of passes, while the final -03
configuration is Pareto-dominated on (size, speedup) for 29 of
30 kernels. We further show that IR instruction count is an
unreliable predictor of runtime, that runtime-targeted passes
are de facto energy-targeted (30-60% savings), and that the
search-free idealized-additive upper bound on losses due to phase
interference is 46.35%. These findings enable more informed pass
pruning, cost-model calibration, and autotuning.

Index Terms—Compiler optimizations, Optimizing Compilers,
LLVM, Multi-dimensional Empirical study

I. INTRODUCTION

Since the dawn of computing, compiler optimizations have
long bridged high-level abstractions and efficient machine
code [1]-[6]. Optimizing compilers [7], [8] use analysis passes
to guide transformations [9]-[11] that enhance performance
without altering observable behavior [12]-[14]. Modern ar-
chitectures make this a delicate interplay of interdependent
passes [9]. LLVM [15] exemplifies this complexity, serving
as the standard backend for C/C++, Rust [16], Julia [17],
and—via MLIR [18]—for machine learning (ML) and deep
learning (DL) stacks [19], [20] that rely on ML/DL optimiz-
ing compilers [21]-[24] (e.g., OpenXLAl, TVM [25]) and
automotive pipelines.> Quantifying individual pass impact is
therefore critical across these domains.

The Phase-Ordering Problem. The optimal sequence of
optimizations is known to be program-specific [26]-[28].
However, the phase-ordering problem [29]-[31]—finding the

lopenxla.org

Walter Cazzola
Universita degli Studi di Milano
Computer Science Department, Milan, IT
cazzola@di.unimi.it

optimal pass order, which is undecidable in general [32]-
[34]—and the complexity of optimization selection [35]-[37]
continue to hinder the identification of such ideal config-
urations. Compiler autotuning [38]-[44] searches this large
space [45]-[47], but effectiveness depends on accurately esti-
mating pass impact—complicated by inter-pass dependencies,
noisy measurements, and scale [48]. Some transformations
even degrade performance [49], [50]. Despite this, both in-
dustry practice and academic research still rely on predefined,
one-size-fits-all pipelines (e.g., -03) due to efficiency and
limited user knowledge of the optimization process [51]-[53].
Motivation. Quantifying the impact of individual optimiza-
tion passes is critical for compiler engineers and end
users [54]-[56] as it enables: (i) more effective phase ordering,
(i1) improved pass-selection heuristics, (iii) informed optimiza-
tion design, and (iv) analysis of optimization-pass interactions
with hardware [33]. However, existing work evaluates LLVM
optimizations in isolation or focuses mainly on execution
time [57], overlooking trade-offs across optimization objec-
tives: a pass that improves runtime may increase binary size
or degrade cache locality, effects rarely captured in a unified
framework. Quantifying pass contributions is also important
because the effectiveness of modern optimization pipelines
remains under scrutiny. In particular, the debate over hand-
written versus compiler-optimized kernels remains open [58].3
Our Study. Despite LLVM’s widespread adoption, contribu-
tion of individual optimization passes to overall optimization
outcomes remains poorly understood [57]. We address this
gap with a systematic empirical study of the LLVM -03
pipeline, quantifying the effect of individual passes across
multiple metrics. Beyond runtime, we measure compile time,
binary size, and a broad set of hardware performance counters*
following a methodology similar to that of Chen et al. [62].
We formulate the following research questions (RQs):

RQ;. What is the marginal impact of individual optimiza-
tion passes within the LLVM -03 pipeline?

3octoml-optimizes-apache-tvm-for-apples-ml-beats-core-ml-4-by-29

4E.g., x86 MSR counters for cache misses and cycles/instruction,
plus energy measurements via running average power limit (RAPL) [59]-

2Tesla Full Self-Driving v14.3: stats.tessie.com/versions/2026.2.9.6[61].
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r .
RQs. To what extent do optimization passes trade off exe-
Lcution speed, compilation overhead, and binary footprint?

r .
RQ3. How do optimization passes affect hardware-level
\behavior as reflected by performance counters?

r . . :

RQg4. What fraction of achievable speedup is lost to phase
interference within the pipeline, and which passes con-
 tribute most to that loss?

To support this study, we built an infrastructure that decom-
poses an optimization pipeline into its constituent passes and
builds a sequence of cumulative prefixes, each extending the
previous one by a single pass. For every prefix, we measure
the marginal impact of the newly added pass relative to both
the preceding prefix (delta) and the -00 baseline. This enables
both a differential analysis of per-pass deltas and a cumulative
analysis of the progressive evolution of the pipeline. The in-
frastructure is platform-independent and configuration-driven.
Contributions. The paper contributions are:

e a systematic empirical characterization of the LLVM
-03 pipeline, jointly quantifying the per-pass impacts
of optimization passes on intermediate representation
(IR) transformations, runtime, microarchitectural behav-
ior, and RAPL energy, extending prior studies focused
primarily on runtime [57], [62];

¢ a quantitative analysis of pass interactions and optimiza-
tion dynamics, revealing key performance patterns and
pitfalls, introducing an idealized-additive upper bound on
phase-interference loss, and showing that IR instruction
count is an unreliable predictor of runtime; and

e a reusable and extensible infrastructure for automatic
pipeline decomposition and multi-metric measurement
across optimization pipelines.

The rest of the paper is organized as follows. §II provides
background, §III describes the methodology, §IV presents the
results, §V discusses their implications, §VI addresses threats
to validity, §VII reviews related work, and §VIII concludes.

II. THE LLVM OPTIMIZATION PIPELINE

LLVM is a modular SSA-based compilation frame-
work [63]-[65]. Its opt tool applies sequences of analysis
and transformation passes that constitute the optimization
pipeline. The new pass manager’ organizes the pipeline hi-
erarchically through nested pass managers operating at dif-
ferent IR granularities: module, function, cgscc, loop,
and loop-mssa. Passes may therefore appear multiple times
within the pipeline at different levels of the hierarchy. At the
top level, the module manager coordinates module-wide op-
timizations (e.g., called-value-propagation [66], [67])
and invokes nested managers. The remaining managers apply
passes that operate respectively on (i) individual functions
(e.g., mem2reg which promotes stack allocations to virtual
registers [68], [69], and sroa which performs scalar replace-
ment of aggregates [70], [71]), (ii) strongly connected com-
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ponents of the call graph (e.g., interprocedural inline [72]),
(iii) loops (e.g., Loop-unroll [73], [74]), and (iv) loops in
memory SSA form (e.g., Licm which performs loop-invariant
code motion [75], [76]). Passes execute sequentially over
an evolving IR. Consequently, the effect of a pass depends
on the transformations that precede it, making optimization
pipelines inherently order-dependent, non-commutative, and
non-additive.

III. EXPERIMENTAL METHODOLOGY

We develop an infrastructure that decomposes LLVM
pipelines into passes and measures their marginal impacts. The
four RQs introduced in §I are operationalized as follows.
(RQ;. We quantify the marginal impact of each optimization
pass by measuring the delta of its performance relative to both
the preceding pipeline state and the -00 baseline.

(RQZ. We quantify pass-level trade-offs across execution
time, compile time, and binary size.

(RQ3. We characterize the effect of optimization passes on
hardware behavior by tracking the evolution of performance
counters across the pipeline.

(RQ4. We estimate bounded phase-interference loss L from
the sequence of per-pass speedup deltas, quantifying the
fraction of achievable speedup lost to pipeline interference and
identifying the pass positions that contribute most to the loss.
Evaluation Infrastructure. An orchestrator coordinates
pipeline construction, execution, and metric collection. Bench-
marks, metrics, and experimental parameters are specified in
TOML, allowing new studies without modifying the core
implementation. Although pipeline-agnostic, in this study the
infrastructure targets LLVM’s -03 pipeline. It first extracts
and flattens the pipeline into an ordered sequence of passes
Do, P1, - - - » Pn, then constructs cumulative prefixes P; = pg —

- — p;, preserving the original execution order and pass
dependencies. Each prefix is applied independently to the
same unoptimized IR Iy, producing an optimized IR I; and
executable binary B;. Comparing consecutive binaries B; and
B;_ yields the marginal impact of pass p; within its execution
context.

Benchmark Selection. We use the 30 kernels of PolyBench/C
4.2.1° in default mode. To keep the 95% confidence interval
below 1% of the mean, benchmarks must be self-contained
(single translation unit, libm only), deterministic (single-
threaded), and execution-time tractable. PolyBench satisfies
these requirements, whereas larger suites (e.g., SPEC or
MultiSource) would either mask single-pass effects or exceed
our repetition budget. Despite its modest size, PolyBench
covers a heterogeneous set of workloads [77]. Its six cate-
gories span the computation patterns most targeted by -03,
including loop nests, affine accesses, reductions, stencils, and
triangular solvers. PolyBench is also the de facto benchmark
suite for autotuning and ML-based pass-selection studies [40],
facilitating comparison with prior work. We use the default
dataset configuration, which maximizes level-1 cache (L1)
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utilization while keeping working sets within the last-level
cache (LLC), thereby exposing optimization effects without
being dominated by memory bottlenecks. PolyBench is also
relevant to the MLIR-based argument of §1. Modern ML stacks
lower tensor operations to LLVM IR through MLIR, where
code generation is ultimately driven by the same - 03 pipeline
studied here. Many MLIR-generated kernels are structurally
similar to PolyBench kernels: matrix multiplications and con-
volutions map naturally to gemm, 2mm, and 3mm; attention
and reduction patterns resemble atax, bicg, gesummv, and
mvt; normalization workloads resemble correlation and
covariance; and iterative PDE-style computations resem-
ble jacobi-1ld, jacobi-2d, heat-3d, seidel-2d, and
fdtd-2d. These structural correspondences suggest that our
findings may transfer to MLIR-based ML pipelines, although
direct validation remains future work.
Metric Collection. For each pipeline variant, we measure
execution time, binary size, and end-to-end compilation time
(wall-clock time for clang+opt+1lc, excluding linking).
Hardware behavior is characterized using perf stat and
nine validated events [78], including L1 data-cache (D1), L1
instruction-cache (L1-I), and last-level cache (LLC) misses,
cycles, instructions, branch misses, and package energy mea-
sured via RAPL (power/energy-pkg/, DRAM/GPU ex-
cluded). Cache references, peak RSS, page faults, and context
switches are collected as confound checks.
Experimental Setup. All experiments ran on Intel Core i9-
12900KF (Alder Lake, 8P+8E cores, 5.2 GHz max), 128 GB
RAM, Fedora Linux 43 (kernel 6.19), with cache hierarchy:
640KiB D1, 768 KiB L1-I, 14 MiB L2, 30 MiB L3. We used
LLVM 21.1.8 (release, no assertions, no PGO). The -03 pass
sequence was extracted via opt -print-pipeline-passes
-03 and flattened. The pipeline has 113 distinct invoca-
tions (including repeats of instcombine, simplifycfg,
early-cse). Our protocol entails 84,750 measurements
(50,850 runtime, 33,900 hardware-counter runs). Runtime
measurements use hyperfine (3 warmup, 15 timed runs),
while hardware counters are collected with perf stat (2
warmup, 10 timed runs) in a separate batch. Ten runs are
sufficient to keep the 95% confidence interval below 1% of
the mean for all counter metrics.
Noise Mitigation. To reduce measurement variability, bench-
marks are pinned to a dedicated P-core using taskset,
executed under real-time FIFO scheduling (chrt), run with
the CPU governor set to performance (cpupower), and
evaluated with address-space layout randomization (ASLR)
disabled (setarch -R). Hardware performance counters are
collected in separate runs to avoid instrumentation overhead.
Artifacts, including the enumerated pass sequences, are
available on GitHub’.

IV. RESULTS

We report median statistics as recommended in [79], [80],
and mean statistics with a 95% confidence interval. All multi-
benchmark figures use the following legend (unique color,
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Fig. 1: Runtime evolution and optimization saturation.
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A. RQ;: Marginal Performance Impact

Fig. 1a plots execution time against the pipeline prefix index
i € [0,112] (z = —1 denotes unoptimized -00). Measurement
uncertainty is negligible: 95% confidence intervals remain
below 1% of the mean throughout. Three findings emerge.
First, the pipeline is strongly non-monotone: 159/1643 infor-
mative transitions (9.7%, mean) and 108/1633 (6.6%, median)
degrade performance, providing direct evidence of phase-
ordering interference within a single optimization pipeline.
Second, speedup is strongly back-loaded. For each benchmark,
the normalized gain G = (S;—1)/(S; —1) € [0, 1] measures
the fraction of the final speedup achieved at prefix 7. Across
the 27 non-regressing benchmarks, the median prefix required
to reach 80% of the final speedup contains 84.8% of the
passes (middle 50% range: 77.7%—84.8%). Thus, removing
the final ~ 15% of the pipeline sacrifices roughly 20% of
the attainable speedup, contradicting the intuition that most
gains occur early. Third, Fig. 1b reveals a characteristic
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Fig. 2: Marginal impact analysis and top-20 passes ranking.

S-shaped profile: an initial canonicalization phase, a steep
growth region dominated by loop vectorization, and a fi-
nal asymptote. Several curves temporarily exceed G, = 1,
indicating intermediate pipeline states that outperform the
final variant. These overshoots coincide with the regressions
observed in Fig. la, confirming that phase interference is
systematic. The largest gains concentrate on dense-matrix and
stencil kernels: gemm (3.86 ), jacobi-2d (3.72x), heat-3d
(3.37x), fdtd-2d (3.02x%), syrk (2.51x), floyd-warshall
(2.29%), nussinov (2.18x). Three finish slower than -00:
correlation (0.96x), covariance (0.98x), seidel-2d
(0.98x); -03 generates opportunities mid-pipeline that sub-
sequent passes undo (§IV-D). At ~25% of the pipeline almost
all benchmarks remain at S = 1; by ~50%, 70% have crossed
1.2x; at the end, 80% reach 1.5x or higher.

Decomposing the cumulative trajectory into per-pass deltas
AT, = T,y — T; (Fig. 2a) reveals most lines clus-
ter on zero, with outsize spikes in two bursts (pass in-
dices 8-18 and 41-48)—direct evidence for an “80/20”
Pareto-dominated regime. Simultaneous spikes across many
lines identify universal optimizations, whereas isolated devi-
ations identify program-specific ones. Aggregating marginal
contributions across benchmarks yields a cross-benchmark
mean-absolute-impact ranking (Fig. 2b). The distribution
is severely Pareto-skewed: the top decile accounts for
the majority of impact, while the bottom half is in-
distinguishable from zero. The ranking is dominated by

licm, instcombine, loop-vectorize, loop-rotate,
loop-unroll, simplifycfg, sroa, indvars. Top spot
is occupied by early-cse (27 out of 30 benchmarks),
which canonically eliminates common sub-expressions [81],
[82]. loop-vectorize ranks 4th despite large impact
on only ~6 benchmarks, confirming the ranking captures
both universal and program-specific passes. Some passes
(licm, instcombine, simplifycfg, early-cse) appear
at multiple pipeline positions, reflecting LLVM’s interleaved
scheduling. The ranking is per-occurrence: each position of
instcombine receives its own entry, preserving position-
specific context.

We complement the impact ranking with a per-benchmark,
per-pass Cohen’s d analysis (Fig. 3, clipped to [—3,+3]; 1:
|d| > 3, x: Wilcoxon p < 0.05). The heatmap is dominated
by 1 cells, requiring careful reading: extreme d arises from
genuinely large mean deltas and, more frequently, from near-
zero variance that mechanically inflates the formula; I signals
out of scale, not large absolute effect. Cells with negligible
effect (|d| < 0.2) appear for lower-ranked passes, consistent
with the long-tail picture of Fig. 2b. The defensible core,
simultaneously large and reliable effects, is identified by joint
I (or high |d|) and *, whereas practical magnitude should be
read jointly from Figs. 2a and 2b.

Across categories the speedup spread is substantial: blas
and stencils see dramatic late-pipeline gains (medi-
ans crossing 1.5x and 2.0x), while datamining remains
near 1.0x (memory-bound reductions are vulnerable to ill-
timed transformations). Solvers and medley improve near-
monotonically.

[ Finding 1 (RQ;)

The -03 pipeline is empirically non-monotone: 6.6% (me-
dian estimator) to 9.7% (mean) of pass-to-pass transi-
tions induce runtime regressions. A small subset of passes
(early-cse, licm, instcombine, loop-vectorize,
and loop-rotate) accounts for the dominant share of
realized speedup, while the long tail produces near-zero
marginal impact. Contrary to the common “front-loaded”
intuition, the realized gain is in fact back-loaded: across
the 27 non-regressing kernels, 24 cross G,=0.8 at one
of two specific late-pipeline transitions—immediately after
loop-vectorize (pass 87, 10 kernels) or Loop-unroll
(pass 95, 14 kernels)—driving the median crossing to
L84.8% of the pipeline.

B. RQ;: Multi-Dimensional Trade-offs

RQ;, asks whether runtime improvements are bought at
the price of compile-time or footprint regressions. Fig. 4
shows compile time (near-monotonic, accelerating where
loop/inlining passes fire) and binary size (non-monotone: early
passes shrink it, late inlining/unrolling inflate it), foreshad-
owing dominated configurations. Fig. 5 unifies the trade-off
picture. The compile-time-vs-speedup frontier is L-shaped:
most speedup is attained at the pipeline tail (~variant 80) for



Fig. 3: Cohen’s d between consecutive variants for the top-10 passes, clipped to [—3,+3]. I: |d| > 3. *: Wilcoxon p < 0.05.
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Fig. 5: Pareto views of the multi-objective trade-off, each point
aggregating all benchmarks at one variant index.

modest additional compile cost. The binary-size-vs-speedup
frontier is two-step: an initial wave of speedups is essentially
free in size, while final jumps coincide with abrupt size
increases. In 29 out of 30 benchmarks, the -03 endpoint is
dominated: an earlier checkpoint achieves higher speedup at
no larger binary size. The mechanism differs by kernel class:
for BLAS/linear-algebra kernels (~29% binary expansion vs.
-00), regressions arrive after size has plateaued, while for
stencils, the pattern is pure speedup regression at constant size.
Stopping at peak speedup yields a point that is simultaneously
no larger and strictly faster—a per-benchmark signature of
phase-ordering interference.

Fig. 6 shows that static IR-instruction count cannot serve
as a proxy for dynamic runtime. The left panel (IR count
vs. median runtime, one fitted trend per benchmark) yields a
cross-benchmark Spearman p = 0.31, only a weak aggregate
relationship. The right panel makes the within-benchmark
picture explicit: 27 out of 30 benchmarks exhibit negative p
(more IR implies faster runtime), reflecting that passes which
expand the IR (i.e., loop unrolling, vectorization) simulta-
neously reduce execution time. Only nussinov, bicg, and
floyd-warshall show positive p. The majority of bars fall

Runtime (median, seconds)

050 075 1.00

01 02 03 04 -1.00 -0.75
it vs. runtime)

05 0. -050 -025 000 0,
IR instruction count (x10%) Within-benchmark §

Spearman p (IR count

Fig. 6: Left: IR instruction vs. median runtime by bench-
mark; cross-benchmark Spearman p = 0.31. Right: within-
benchmark Spearman p for all 30 benchmarks.

within the |p| < 0.5 unreliable zone regardless of sign.

[ Finding 2 (RQ))

Compile time grows near-monotonically; binary size is non-
monotone—early passes shrink it via dead-code elimina-
tion, late inlining and unrolling inflate it. In 29 out of 30
benchmarks the final - 03 configuration is Pareto-dominated
on (binary size, speedup) by an earlier pipeline checkpoint.
The opt stage accounts for less than half of total compile
time and its share is essentially benchmark-independent:
pass-budget decisions can be made per pipeline, not per
program. Static IR-instruction count is not a reliable proxy
Lfo1r dynamic runtime under pipeline-prefix variations.

C. RQj;: Hardware-Level Insights

RQj3 asks how IR-level transformations propagate to hard-
ware behavior. Fig. 7 reports the percentage change relative
to -00 across nine counters for the top-10 pass indices,
faceted by benchmark. The colormap is anchored at the
95th-percentile magnitude to prevent outliers from flattening
remaining cells; blue encodes improvement, and red encodes
regression. The top-10 positions cluster into three groups.
Scalar-canonicalization (16 instcombine, 17 simplifycfg,
8 sroa, 9 early-cse) produces the most uniform in-
structions per cycle (IPC) gain (median +11-14%, 26—
28/30 benchmarks) at the cost of transient instruction in-
flation (+5-13%), whereas cycles nonetheless fall —3-4%,
confirming net throughput gain. Propagation (12 ipsccp)
reduces instructions (—6-7%), cycles (—5%), and energy
(—4-6%) consistently (19-28/30 benchmarks). The LLC cell
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Fig. 7: Per-benchmark 5x 6 grid of hardware-counter signatures at the top-10 most impactful pass positions.

at pass 9 is the most heterogeneous in the early pipeline
(—56% to +262%), reflecting program-specific working-
set changes induced by redundancy elimination. Loop-
transformation/vectorization (41 licm, 42 loop-rotate,
48 indvars, 87 loop-vectorize, 95 loop-unroll) span
the widest range: pass 41 is the most variable (cycles —47%
to +70%; LLC +295%), while passes 42 and 48 are uni-
formly beneficial (instructions —7-11%, energy —8-9%, 25—
28 benchmarks). Branch misses at passes 17 (simplifycfg),
41, 42, and 48 show isolated —98% cells for several bench-
marks, as loop transforms virtually eliminate loop-closing
mispredictions for statically predictable loops. Pass 95 yields

the deepest suite-wide reductions (instructions —37% median,
29/30; cycles —33%; L1-I misses —11%; energy —29%) but
splits the LLC column: deep blue for most benchmarks,
deep red for the Lu/ludcmp/cholesky triad due to working-
set expansion from aggressive unrolling on dense triangular
kernels—the same pass producing qualitatively different mi-
croarchitectural signatures across benchmarks.

Fig. 8 presents per-pass A-trajectories for six metrics. All
six panels share the same structure: for the vast majority of
passes every benchmark sits on a flat baseline (median A ~ 0),
and activity concentrates in a few vertical bands at passes 8-
9, 16-17, 41-42, 87, 90, and 95. Most peaks are transients—
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Fig. 8: Per-pass A-trajectories for runtime, IPC, D1 misses, LLC misses, CPU cycles, and energy along the full -03 pipeline

(median estimator).

a spike at pass p is largely undone at pass p+1—yielding
near-symmetric + distributions (~49/51%), while each band
is driven by a handful of benchmarks. D1 is dominated by the
dense linear-algebra solvers: cholesky spikes +4.6 x 107 at
pass 72 and reverses (—4.8 x 107) at pass 73, while ludcmp
adds +4.2x 107 at pass 87. L1-I (<0.17x107) is dominated by
floyd_warshall, with deepest reductions at passes 9 and 17.
LLC is almost entirely driven by cholesky/ludcmp/lu, peak-
ing at pass 87 (+16.0-17.0 x 105), partially reversing at
pass 90 (—8.8 to —10.1 x 10°). IPC and cycles per instruction
(CPI) move in anti-phase and oscillate almost suite-wide
across consecutive passes; it goes up at pass 8 (28/30), down
at pass 9 (27/30), up at pass 16 (27/30), down at pass 41
(25/30). The largest IPC gains are at pass 95 (doitgen,
+1.69) and pass 8 (syrk, +1.33), and the deepest degradation
at pass 87 (cholesky, —1.86; jacobi_2d, —1.82)—pass 87
is uniquely multi-dimensionally disruptive (simultaneously de-
grades IPC, inflates LLC, increases D1). Energy is dominated
by floyd_warshall (—44017J at pass 17, —3541] at pass 9)
and seidel_2d (symmetric £2707J at passes 2-3, negligible
end-to-end).

Fig. 9 presents a unified 2 x 3 view of microarchitectural
co-evolution. In the cache and energy panels, the cross-
benchmark spread dwarfs the median—the -00 interquartile
range (IQR) spans nearly two orders of magnitude (D1: 0.89-
48.9 x 105)—so0 a near-flat median hugs the floor while the
solver kernels (cholesky/lu/ludcmp) and floyd_warshall
float far above. The first pass (-00—pass 0) is inert in all
six panels, and each median advances as a plateau broken
only by steps at the recurring hot passes 8-9, 16, 4142,
87, 95, and 106 (simplifycfg) and 112 (globaldce). D1

median is nearly flat (2.78-3.18 x 10%, +2.6% end-to-end);
the spread is dominated by cholesky/lu/ludcmp, peaking at
327-366 x 10°. L1-I declines —36.8% (7.22 — 4.56 x 10°)
through two drops at passes 9 (—18%) and 87 (—25%).
LLC rises +35.6% (3.86 — 5.23 x 10°), with the dominant
inflection at pass 87 (+41%); the lu triad forms an outlier
cluster at ~2 x 107. IPC/CPI open at 2.96/0.338, peak at
3.50/0.286 (pass 8), collapse to 2.55/0.393 at pass 41, recover
partially, then end at 2.44/0.409—a —17.4% IPC degradation
consistent with large wall-clock speedups, since single instruc-
tion multiple data (SIMD) reduces instruction count far more
than latency increases penalize throughput. Energy (RAPL
power/energy-pkg/) decreases —40.9% (92.2 — 54.51]),
with the dominant step at pass 87 (—35%, —30.7J)—to our
knowledge the first per-pass energy profile of the LLVM
pipeline. L1-I and energy are the only metrics that genuinely
converge: their IQRs contract end-to-end (1.44 — 0.87 x 106
and 221 — 1137J), whereas the D1 spread stays essentially
fixed. The cross-cutting insight: the binary-bloat trade-off
(§IV-B) does not translate into instruction-cache pressure—
L1-I misses fall with the instruction count—and its only
microarchitectural cost is data-side: late-pipeline unrolling
inflates LLC misses on the dense solvers, while the suite-wide
speedup comes from fewer instructions rather than from higher
IPC.

Finding 3 (RQ3)

Runtime gains come from large reductions in instruction
count and cycles—not from higher throughput: IPC falls
(—=17.4%) as vectorization trades many cheap instructions
for fewer, longer-latency SIMD operations, while the D1
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Fig. 9: Per-pass evolution of D1, LLC, and L1-I miss rates, IPC, CPI, and energy.

[ ‘miss rate stays essentially flat. Energy savings track run-
time savings (30-60% suite-wide median): runtime-targeted
passes are de facto energy-targeted for compute-bound
kernels. Conversely, Loop-vectorize and loop-unroll
lower L1-1 misses (fewer instructions fetched); the binary-
bloat trade-off of §IV-B surfaces instead as data working-
set expansion, inflating LLC misses on the dense solvers
(Lu/ludcmp/cholesky). Branch-misprediction behavior is
essentially flat: control-flow optimization is not on the

Lcritical path for PolyBench.

D. RQy: Phase-Interference Loss

The non-monotonic trajectories raise the question of how
much speedup is lost to phase interference. We define the
optimistic additive bound:

Sopt
Sopt - [Sactual]oop
)
Sopt

Sopt = Y _max(AS;,0), L=

where [a:](f‘“’t = min(max(z,0),Sopt) and Sactual =

Sanal — 1. Fig. 10 reports L: mean 46.35% (median 39.3%,
IQR [30.4%, 54.2%]); L measures the gap from the ide-
alized additive ceiling Sop, not from a recoverable tar-
get. Three benchmarks finish below -00: correlation
(0.96x), covariance, seidel-2d (0.98x). The worst
case is correlation (L=100%, Sopt=46.9% neutered to
Sactuar=—3.9%), with the dominant regression pinned to
pass 41 (licm, AS=-25.98%, +173,637 L1-I misses), most
of which is recovered in situ by the immediately-following
pass 42 (loop-rotate, AS=+24.59%). Critically, L is
cumulative: |[AS;| of order 0.2-0.3% across 113 passes can
accumulate Sop~9% while erasing 6%, yielding L~67%
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Fig. 10: Bounded phase-interference loss L per benchmark.

with no single catastrophic pass—the waterfall localizes the
regression, L quantifies the discarded opportunity. Unlike
prior phase-ordering work, which measures loss relative to
an alternative ordering discovered by search [32], [49], [83],
[84], L is—to our knowledge—the first search-free, per-pass-
attributed quantification of the speedup lost to destructive
phase interactions [37], [85] within the default -03 pipeline
of a production compiler.
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[ Finding 4 (RQy)

The mean idealized-additive upper bound on phase-
interference loss is L=46.35% (median 39.3%, IQR
[30.4%, 54.2%]); L ceilings the speedup that could be
recovered from intra-pipeline interference, but the non-
commutative composition of passes (§II) makes the ad-
ditive ceiling itself unrealizable. Three benchmarks fin-
ish below -00 (correlation 0.96x, covariance and
seidel-2d 0.98x); on correlation (L=100%), the
worst transition is pass 41 (Loop-rotate, AS=—25.98%,
+173,637 L1-I misses) and the immediately-following
pass 42 (Licm(allowspeculation), AS=+24.59%) re-
| covers most of it: the pipeline self-corrects in situ (§V).

V. DISCUSSION & IMPLICATIONS

Pipeline Surgery. The bounded phase-interference loss
L = 46.35% (§IV-D) is, to our knowledge, the first search-
free, reproducible bound on speedup lost to intra-pipeline in-
terference, complementing prior search-based phase-ordering
estimates [83], [85]. We stress that St 1S an idealized additive
ceiling: because passes are non-commutative and non-additive
(§8II), L upper-bounds, rather than estimates, the recoverable
speedup. The attainable fraction is likely much smaller, and
closing it is a search problem, not a free subtraction. In the
worst case correlation (L = 100%, §IV-D), the dominant
regression at pass 41 is largely repaired in situ by the imme-
diately following pass 42 rather than by an external guard,
suggesting that the residual —3.9% accumulates across later
non-canonical interactions rather than at this single transition.
Three concrete edits are suggested by the data:

1) the Pareto plots of Fig. 5 show that the final -03 variant
is dominated by an earlier checkpoint in 29 of 30 bench-
marks, while a “stop at trajectory-best” flag removes late-
pipeline binary bloat with no runtime regression;

2) near-zero in-context marginal impact (measured in the
canonical order) does not imply global dispensability: a
pass that is inert at its current position may create IR

structures exploited by later passes or be critical in a
reordered pipeline. Pruning decisions should therefore be
validated by re-running the modified pipeline end-to-end,
not by marginal impact alone;

3) phase-interference data (Fig. 10) localize the responsible
pass at single-index resolution, enabling targeted “do not
run p; on IR matching signature X guards, which are
strictly less invasive than full phase-ordering search.

The unsupervised top-10 ranking recovers exactly the ex-
isting hand-tuned core (early-cse, licm, instcombine,
loop-vectorize, loop-rotate,...) that any pruning effort
must treat as load-bearing.

Implications for Cost Models and MLIR. Fig. 6 high-
lights the sharpest negative result of our study: IR-instruction
count and dynamic runtime are essentially uncorrelated both
cross-benchmark and within-benchmark. Any cost model that
uses IR count as a dominant runtime proxy will system-
atically misrank pipeline variants and must be augmented
with dynamic or microarchitectural signals (cycles, IPC, D1
misses) [40], [56]. The pass-impact ranking is robust to
estimator choice at the top (mid-rank passes re-order under the
median), making the median-based ranking the conservative
baseline for pass-pruning heuristics. Conversely, the near-
determinism of counters such as instructions-retired
and cycles is an autotuning-useful signal: per-pass IR-
transformation deltas on PolyBench are reproducible well
below measurement noise, so Bayesian-optimization priors
built over these counters can treat per-pass effects as es-
sentially deterministic. For compute-bound numerical ker-
nels, passes reducing runtime also reduce energy 30-60%
(Fig. 9); -03 is a free-lunch energy intervention for this
class, though transfer to memory-bound/batched/accelerator-
hosted ML requires validation (§ VI). On the dense solvers late-
pipeline loop-vectorize and loop-unroll expand the
data working set, inflating LLC misses (L1-I misses fall with
instruction count); an MLIR lowering pipeline gating these
behind a working-set/LLC-capacity predicate would exploit
this mechanism.

Methodology Recommendations and Limits. Reporting
mean and median jointly caught estimator-driven artifacts at
negligible cost—we recommend it as a default for pass-level
studies. The robustness diagnostics (Fig. 11) were specified
a priori, making per-pass confidence-interval widths a core
component of the experimental design. All recommendations
are conditioned on PolyBench (default-dataset), LLVM 21.1.8,
-03, single-threaded, Intel Alder Lake. The energy co-benefit
and the working-set/LLC mechanism depend on the host’s
RAPL domain and cache hierarchy. The pass-impact ranking
is version-locked to LLVM 21.1.8, though the dominance
of instcombine, licm, and early-cse is expected to be
stable across versions and optimization levels, as they are the
core of the hand-tuned pipeline. Re-validation on SPEC CPU,
-0s/-0z, or different platforms is required before generaliz-
ing.



VI. THREATS TO VALIDITY

The discussion follows the Wohlin ef al.’s taxonomy [86].
Conclusion Validity. We keep the 95% confidence interval
under 1% of the mean for every metric (Fig. 11) and report
median and mean jointly [79], [80], so estimator-driven arti-
facts surface rather than hide. The Cohen’s d heatmap (Fig. 3)
is dominated by near-deterministic counters whose vanishing
variance mechanically inflates |d|; we therefore read effect
size with Wilcoxon significance and the magnitude views of
Figs. 2a and 2b, never promoting a pass on d alone. We apply
no family-wise correction across the 113 x 30 grid: our claims
rest on consistent cross-benchmark patterns, not isolated p-
values. Finally, L is an idealized additive upper bound (§IV-D),
not an estimate of recoverable speedup.

Internal Validity. The differential design ascribes the B; 1 —
B; delta to p;, but this delta is context- and order-dependent: a
pass inert in the canonical -03 order may be load-bearing for
later passes or in a reordered pipeline. We thus refrain from
inferring global dispensability and require end-to-end revali-
dation before pruning (§V). System confounds are controlled
as in §III (core pinning, RT-FIFO scheduling, performance
governor, disabled ASLR), with cache references, RSS, page
faults, and context switches as checks. Runtime and counters
are collected separatly to avoid instrumentation overhead.
Construct Validity. “Marginal pass impact” is operational-
ized as the in-context prefix delta, measuring contribu-
tion within the canonical order—aligned with how -03 de-
ploys passes, not a standalone-effect measurement. Runtime,
clang+opt+11lc compile time, and binary size are direct mea-
sures; RAPL package energy excludes the DRAM and GPU
domains, under-capturing full-system energy for memory-
bound workloads. IR-instruction count is treated as a candidate
runtime proxy and found inadequate (Fig. 6)—a reported
negative result, not an unaddressed threat. Flattening the hi-
erarchical pass managers abstracts away nesting but preserves
execution order and dependencies, so each prefix is a faithful,
replayable -03 sub-pipeline.

External Validity. The findings are conditioned on Poly-
Bench/C 4.2.1 (default dataset), LLVM 21.1.8, -03, single-
threaded, on one Intel Alder Lake host. PolyBench’s regular
affine loop nests isolate single-pass effects but do not represent
irregular, pointer-heavy, or multi-threaded code; larger suites
would mask those effects or exceed our repetition budget
(§II), so cross-suite replication is required before general-
izing. The ranking is version-locked, though the dominance
of instcombine, licm, and early-cse—the hand-tuned
core—is expected to be stable; the energy and LLC/working-
set effects depend on the host’s RAPL domain and cache
hierarchy. The MLIR transfer argument rests on structural iso-
morphism (§11I) and is an unvalidated hypothesis; direct MLIR
measurement, -0s/-0z, and memory-bound or accelerator are
future work.

VII. RELATED WORK

We are not aware of any systematic study quantifying
individual LLVM pass impact across multiple performance

dimensions; we review the relevant strands below.

Search-Based and Learning-Based Optimization. Iterative
compilation [26], [27], [87] explores the optimization space by
evaluating compiler configurations: small search budgets can
outperform -03 [26], [49] with program-dependent optimal
configurations [45], [47], [88], while heuristic [42]-[44] and
ML [36], [46], [89] approaches, collaborative filtering [90],
and graph-based models [35] address the combinatorial space.
Autotuning [40] adds Bayesian optimization [91], neural pre-
dictors [32], [46], and reinforcement learning (AutoPhase [84],
CompilerGym [92]), with recent work reducing search cost
via multi-phase learning [39], sub-sequence modeling [38],
and proxy metrics [31]; a recurring limitation is reliance on
expensive or inaccurate performance signals. More broadly,
ML links hardware counters to optimization decisions [56]
or uses deep learning for vectorization [93] and phase order-
ing [84], yet surveys [40] highlight the lack of fine-grained
training data and difficulty isolating pass-level effects. Our
work is orthogonal and complementary: we quantify each
pass’s marginal contribution across runtime, binary size, and
counters, producing fine-grained data for supervision, surro-
gate targets, or priors while filling this pass-level data gap.

Compiler Fuzzing and Testing. Csmith [94], EMI [95],
YARPGen [96], and CLsmith [97] target correctness, not
performance. Our work is complementary: correctness enables
reliable measurement, while performance characterization can
guide fuzzing toward less understood optimizations.

Performance Analysis of Compiler Optimizations. De La
Torre et al. [57] study LLVM passes but only execution
time on a limited set. Chen er al. [62] quantify per-pass
contributions in GCC/ICC, showing Pareto-skewed impact
consistent with our findings—suggesting this is a property of
optimization structure rather than a compiler-specific artifact.
Cavazos et al. [56] use counters to predict benefits; Demertzi et
al. [55] analyze reliability; Popescu and Lopes [54] study un-
defined behavior; Tan et al. [53] identify missed optimizations.
None provides a systematic, cumulative, multi-dimensional
evaluation of the full LLVM -03 pipeline.

Superoptimization and Peephole Verification. Our ranking,
dominated by instcombine and early-cse, is consistent
with superoptimization [98], [99]: peephole algebraic simpli-
fications account for a disproportionate share of achievable
optimizations. Our empirical ranking provides data-driven
corroboration that these rewrites are load-bearing in LLVM
-03.

Profile-Guided Optimization. Finding 2 (§IV-B) concludes
that pass-budget decisions can be made per pipeline based on
the benchmark-independence of the opt/total compile-time ra-
tio. This is in tension with PGO/FDO literature [100] showing
per-program profiling is essential for optimal pass selection,
but the tension is not a contradiction: our finding concerns
compile-time budget allocation, while PGO concerns which
transformations to apply—both can simultaneously hold.



VIII. CONCLUSION

We presented a systematic, multi-dimensional study of the
LLVM -03 pipeline, decomposing it into cumulative per-
pass prefixes across 84,750 measurements over 113 variants
of 30 PolyBench/C kernels. The pipeline is non-monotone
(6.6-9.7% of transitions regress) and back-loaded, with a
small Pareto-dominant core driving the gains. The final -03
variant is Pareto-dominated on (size, speedup) in 29/30 ker-
nels. IR-instruction count is an unreliable runtime proxys;
runtime-targeted passes are de facto energy-targeted (30—
60%). The search-free, idealized-additive upper bound on
phase-interference loss is L = 46.35% (a ceiling, not a recov-
erable target). With our infrastructure, these results inform pass
pruning, cost-model calibration, and autotuning. Future work
targets SPEC CPU, -0s/-0z, more platforms, and MLIR-
lowered ML kernels.
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