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Abstract—Hardware instruction fusion combines multiple ar-
chitectural instructions into a single operation, improving per-
formance by freeing up resources. While fusion typically in-
volves consecutive instructions, there are proposals to fuse non-
consecutive instructions to maximize potential. However, such
approaches require complex and costly hardware to predict and
either validate fusion or unfuse, which significantly increases
the cost of fusion. In this work, we propose a compiler tech-
nique, CAIF - Compiler Assisted Instruction Fusion, for fusion-
aware instruction scheduling. CAIF identifies fusible but non-
consecutive memory operations and reorders eligible pairs of
instructions such that they appear consecutively in the instruction
stream.

Our experiments demonstrate that for neural network work-
loads, a hardware that only fuses consecutive instructions obtains
1.2% average performance improvements over a no-fusion base-
line when applications are compiled with a standard compiler
and 19.6% when compiled with CAIF. In addition, when non-
consecutive hardware fusion (Helios) is enabled, CAIF boosts per-
formance from 6.6% to 20.3%. Moreover, CAIF can effectively
handle the statically challenging general-purpose application
and boost performance on SPEC CPU 2017 from 2.4% to
6.4%, and from 14.4% to 17.7%, respectively, on the hardware
configurations mentioned above.

Index Terms—Compiler optimization, instruction fusion, neu-
ral networks

I. INTRODUCTION

Bringing Al to the edge, IoT, and wearable devices is a key
goal in the field nowadays. Deep learning is executed directly
on mobile phones, edge nodes, and even highly resource-
constrained microcontrollers (MCUs) [30]. On one hand, en-
abling Al capabilities on these devices greatly enhances cost-
efficiency, scalability, and user privacy by performing data
processing locally, thus eliminating the need to constantly
send sensitive information to the cloud. This not only reduces
latency and energy spent sending data wirelessly, but also
improves reliability and supports offline operation in environ-
ments with limited connectivity.

On the other hand, these devices often face severe resource
constraints, lacking the full hardware acceleration or vectoriza-
tion support necessary for high-performance AI computations.
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This gap poses a critical challenge: how to deliver efficient Al
inference without increasing hardware complexity or power
consumption. In contrast, even on systems with advanced
hardware acceleration or vectorization support, performance
is often limited by inherent application characteristics—such
as dependencies and complex control flow—which prevent
software from fully utilizing available hardware capabilities.

Instruction fusion emerges as a compelling solution—a
lightweight microarchitectural technique that combines multi-
ple instructions into fused operations, boosting execution effi-
ciency with limited additional hardware overhead. By enabling
more efficient use of limited compute resources, instruction
fusion (i) significantly improves Al inference performance on
constrained edge devices and (ii) squeezes the performance of
otherwise hard-to-optimize general-purpose applications.

Instruction fusion (IF) is a hardware optimization technique
used in many modern microarchitectures [1 |5, |16]. Typically,
an architectural instruction is translated into one or more inter-
nal micro-operations (u-ops). IF merges a pair of consecutive
micro-operations into a single one during decoding. The fused
p-ops typically remain combined in the pipeline, representing
more work with fewer bits, freeing resources such as registers,
scheduler entries, and execution units. It also reduces tracking
overhead, saves pipeline bandwidth, and decreases cycles and
energy [55]]. A common example is fusing a comparison with a
conditional branch (cmp+br), saving 10% (assuming 1 branch
every 10 instructions) of scheduler entries and reducing branch
latency by one cycle [5} |16].

Some fusion approaches require ISA extensions [3[], while
others compact multiple instructions into one using hardware
support [58] |64] (see Section [).

More recently, an increasing number of proposals have
analyzed the impact of fusion for various combinations of
instruction types on RISC-V platforms [6| |10} 57} |58]. These
works emphasize that (i) fusing memory operations yields
higher benefits than arithmetic operations [[10, 58], and (ii)
fusing both consecutive and non-consecutive instructions is
essential for fully exploiting fusion potential [|5].



Problem: While consecutive fusion requires minimum hard-
ware support [36]], state of the art fusion of non-consecutive
instructions entails prediction, runtime monitoring and valida-
tion, and support for unfusion upon a misprediction. Therefore,
non-consecutive fusion is significantly more costly [58 [64].

Insight: To increase fusion potential without adding hard-
ware complexity, one requires a code layout in which
fusible instructions are placed together, thus converting non-
consecutive into consecutive pairs.

Solution: We propose compiler support to identify fusible
pairs and reorder instructions to bring fusible non-consecutive
memory operations together. Our Compiler-Assisted Instruc-
tion Fusion (CAIF) replaces the hardware complexity for
prediction and verification. Based on the compile-time guar-
antees, no support for misspeculation detection and rollback
is necessary. Moreover, CAIF is entirely automatic.

CAIF is implemented in the widely used LLVM compiler
framework [26]], which offers a flexible and modular infras-
tructure for developing custom compiler analyses. Yet, LLVM
does not provide passes dedicated to instruction reordering
that maintain fine-grain order throughout the middle-end to
final binary generation. Existing passes (e.g. LICM[31]]) and
prior work [[67, 21]] reorder instructions at LLVM IR (Inter-
mediate representation) without maintaining instruction-level
granularity order throughout code generation. CAIF introduces
a novel fusion-friendly instruction ordering preserved across
all compilation phases. This requires identifying a suitable
method to pack instructions early enough such that the IR
order is maintained without disturbing critical back-end opti-
mizations such as redundant load elimination (using pseudo-
instructions), and to capture potential fusible instructions
past scheduling (late enough) to maximize fusion opportunity
(DAG-mutations)(see [subsection IV-B)).

We demonstrate these techniques on neural networks (NNs),
a class of applications amenable to precise static analysis. NNs
are widely used and rapidly evolving across various domains
such as machine learning, image and speech recognition, and
natural language processing. NNs run on diverse types of
hardware, including accelerators like GPUs, TPUs (Tensor
Processing Units), NPUs (neural processing units), as well as
specialized accelerators. They also operate on edge devices,
which are smaller, resource-constrained devices such as IoT
devices and other (embedded) systems. Many of these emerg-
ing platforms implement an underlying RISC-V ISA [13} 22}
331152, [70]I.

Our proposed compiler pass enhances neural network infer-
ence performance on edge-class general-purpose microarchi-
tectures, particularly benefiting low-cost and low-power sys-
tems, such as an Intel Atom-class core (Gracemont). Moreover,
while we demonstrate the CAIF with the RISC-V ISA, its
compiler-based approach is universally applicable to microar-
chitectures capable of fusing consecutive memory accesses
within a memory region (e.g., cacheline or half-cacheline),
even when accesses are non-contiguous within the region.
In practice, CAIF increases memory bandwidth without the
complexity or expense of a dedicated accelerator or a vector

engine, turning it into an ideal choice for resource-constrained
systems. Nonetheless, at the other end of the performance
spectrum, CAIF offers a cost-effective alternative to hardware-
only non-consecutive fusion techniques that would be worth
the silicon investment only in high-performance systems, such
as Helios [58].

In particular, this work offers the following contributions.

o A compiler technique to identify non-consecutive fusible
memory operations and their dependencies and place
them consecutively through instruction reordering.

¢ A back-end compiler technique to maintain the order of
fusible instructions across O3 optimizations.

o Implemented these techniques in LLVM and applied them
on the most common neural networks operations.

e Through simulation, we evaluated the benefits of
compiler-assisted instruction fusion on various hard-
ware configurations, including Helios [58]], a state-of-the-
art microarchitecture that enables hardware fusion, and
demonstrated performance improvements.

Our experiments on NNs demonstrate that CAIF boosts
the fusion of consecutive memory operations from 1.94%
(without compile-time reordering) to 61.67%. Compared to
a no-fusion baseline, CAIF achieves a 19.6% performance
improvement by fusing only consecutive instructions non-
speculatively, outperforming the baseline compiler’s 1.2%
improvement and surpassing advanced hardware supporting
non-consecutive fusion (Helios), which achieves a 6.6% gain.
Furthermore, combining CAIF with Helios further boosts per-
formance, achieving on average 20.3% reduction in execution
time over the no-fusion baseline. On SPEC, CAIF increases
the fraction of consecutively fused memory operations from
20% (without compile-time reordering) to 30%. By fusing
only consecutive instructions non-speculatively, CAIF delivers
a 6.6% performance improvement, surpassing the baseline
compiler’s 2.6% gain.

II. BACKGROUND

This section describes the hardware support for instruction
fusion and instruction scheduling in a mainstream compiler.
We will leverage the compiler support to enforce an instruction
schedule that favors simple hardware instruction fusion.

A. Fusion Mechanisms for Memory Instructions

Multiple hardware fusion approaches exist, each balancing
complexity and performance [53} |59]]. Typically, fusing mem-
ory operations reduces latency only when both accesses map
to the same cache line; otherwise, performance is similar to
unfused instructions [/1]].

1) ISA-Level Fusion: ISAs like ARMvS [3| provide fused
instructions, such as load/store pairs, which do not need to be
identified by hardware but require accesses to be contiguous in
memory and use the same base register. This approach is not
compatible with ISAs like RISC-V that restrict instructions to
one destination register [[10], as load pair has two.



2) Microarchitectural-Level Fusion: At the decode stage,
hardware can pair valid memory instructions (same base
register and suitable offsets) and emit a fused p-op to optimize
throughput [53]]. Extensions allow fusion for any instructions
accessing data within a 64-bytes region. This method intro-
duces limited logic beyond standard cache design [58| 64].

3) Speculative Fusion: Predictive microarchitectures like
Helios [58]] fuse non-consecutive instructions based on runtime
patterns, boosting fusion rates (e.g., from 1.94% to 27.12%
in NNs). However, they incur significant hardware costs,
including predictors, history buffers ( 9KB), and rename/issue
validation to recover from misspeculation, avoid deadlocks,
and ensure memory consistency. These mechanisms limit
fusion depth to hardware queue sizes and delay retirement,
as fused instructions spanning others can commit only after
all in-between instructions do.

B. Compile-Time Instruction Scheduling

Instruction scheduling is a back-end compiler optimization
that reorders instructions to avoid pipeline stalls and maxi-
mize parallelism [25]. LLVM’s modular design allows easy
customization of scheduling strategies tailored for fusion.

1) The SelectionDAG: In LLVM, the SelectionDAG [33] is
a data structure representing data and instruction dependencies
as a directed acyclic graph (DAG). It facilitates transforming
intermediate representation (IR) into target-specific machine
code through phases including construction, legalization, op-
timization, instruction selection, and scheduling.

2) DAG Mutations: Default heuristics may miss hardware-
specific optimizations. By adding weak edges in the DAG,
target-specific scheduling constraints can be introduced prior
to scheduling. Although constraints reduce flexibility, the gains
justify the cost, as some architectures run certain instructions
faster when scheduled consecutively (e.g. AESE/AESMC [4]).

3) Memory Operations Clustering: LLVM’s
BaseMemOpClusterMutation [34]] clusters memory
operations within basic blocks using DAG mutations. It groups
operations based on control dependencies while ensuring
data dependencies are preserved, applying target-specific
conditions such as alignment and offset ranges.

4) Pseudo-Instructions: LLVM uses pseudo instructions to
represent complex patterns that do not correspond to real
machine instructions [25]. These placeholders are expanded
later, enabling alignment between IR and target-specific opti-
mizations such as hardware instruction fusion.

III. MOTIVATION

In this section, we characterize a hardware fusion approach
for non-consecutive instructions, taking Helios as a state-
of-the-art implementation. We conduct our analysis on a
Gracemont-like processor [15]], representative for edge com-
puting, particularly in scenarios requiring energy and power
efficiency.
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Fig. 1. Characterization of fused instructions in Helios

A. Characterization of Fused Pairs

Current solutions employ hardware prediction mechanisms
to fuse both non same-base-register (SBR) and nonconsecutive
memory operations. illustrates the characterization of
fused instructions in Helios, applied on the most common neu-
ral network operations (see [section V). For each application,
the percentage of memory instructions fused at run-time is
displayed on the y-axis. We categorize fusion pairs into one
of the following four groups, listed by increasing hardware
complexity, as detailed in [section TIt

o Consecutive-SBR-contiguous instruction pairs represent
the simplest hardware fusion mechanism. Both instruc-
tions are consecutive, they use the same base register
(SBR) to compute the address, and their memory lo-
cations are contiguous. These pairs are detected non-
speculatively in the decode stage.

e Consecutive-SBR-64bytes The previous but
contiguous access within a cacheline (64B) is allowed.
This requires modifications in the LQ(Load queue) and
the SQ(Store queue), but is also a non-speculative fusion
mechanism.

e Consecutive-DBR The previous but the base register
may differ. This requires the addition of a prediction
mechanism and support for partially squashing fused
instructions e.g., when the accesses span more than 64
bytes, as it is a speculative approach.

e Non-consecutive instruction pairs represent all pairs fol-
lowing any of the previous restrictions that are non-
consecutive in the instruction stream. This requires extra
logic at the Rename stage and more support for partially
squashing fused instructions (e.g., a branch misprediction
in the catalyst).

non-

In NNs, Non-consecutive fusion has the potential that the
benefits outweigh the (high) hardware costs. As shown in
Figure 1) on average, 27.12% of the fused instructions are
non-consecutive, while only 1.94% fall in the Consecutive-
SBR-contiguous category which requires minimal hardware
support. For SPEC, on average, 15.86% of instructions are
fused non-consecutively, while 20% are fused as consecutive
SBR-contiguous instructions.



Opportunity. A fusion-aware compiler can reschedule
memory operations to convert non-consecutive fusible in-
structions into consecutive ones, reducing reliance on Helios’
complex hardware while maintaining fusion and performance.

B. The Limitation of the Fusion Window

To fuse non-consecutive instructions, Helios searches the
allocation queue for predicted-to-be-pairable instructions. If
these instructions are not in the allocation queue —for instance
because the processor is progressing well and has already
allocated them— the fusion opportunities decrease. Although
modern processors have large allocation queues (e.g., 192
entries in Lion Cove), these queues are often underutilized.
Our experimental results show that the average distance be-
tween two fused instructions is generally low, averaging 4.16
instructions in NNs and 3.60 in SPEC, although for some pairs
the distance can be as high as 64.

Opportunity. The compiler can potentially see a larger
instruction window than the hardware, since it is not limited
only to instructions in the allocation queue. For neural network
applications, the average number of instructions in a basic
block in LLVM Intermediate Representation (IR) is 20 to 40
instructions on average [39].

C. The Limitation of Prediction Mechanisms

Hardware fusion predictors can fail either by not predicting
a fusible pair or by predicting an incorrect pair. In the former
scenario, there is a missed opportunity, but in the latter, the
performance impact can be significant, as the pipeline needs to
be flushed. In the applications we analyzed, the number of mis-
predictions per kilo-instruction (MPKI) is generally negligible,
reaching up to 0.27 in xalancbmk and 0.099 in deepsjeng.
However, it can reach higher values in more complex applica-
tions [|58]] and potentially lead to performance degradation. In
addition, although Singh et al. [58]] did not quantify its impact,
Helios requires the bulk commit of the fused instructions and
instructions in the catalyst, for correctness. This can delay
commit if the fused instructions are far apart and stall dispatch
if the ROB becomes full as a consequence.

Opportunity. By arranging fusible instructions consecu-
tively in the generated code, the compiler eliminates the need
for hardware support for non-consecutive fusion. In addition
to reducing hardware complexity, this approach avoids per-
formance penalties caused by mispredictions and the delays
introduced to enforce correctness (such as to commit).

1V. COMPILER

We propose a compiler-based approach that (i) identi-
fies pairs of fusible memory instructions, (ii) detects inter-
instruction dependences, and (iii) reorders instructions to place
the fusible instructions consecutively, thereby eliminating the
need for a hardware predictor, runtime training, and support
for misspeculation. In short, we shift the complexity from
hardware to software.

L1: addr1 = load a[i]
# Address computation for load L2

L2: v1 = load addr1

L3: addr2 = load bli]
# Address computation for store S1

S1: store addr2, v2

L4: addr3 = load c[i]
# Address computation for store S2

L1: addr1 = load a[i]
# Address computation for load L2

L5: addr4 = load a[i+1]
# Address computation for load L6

L2: v1 = load addr1
L6: v4 = load addr4

L3: addr2 = load b[i]
# Address computation for store S1

S2: store addr3, v3 S1: store addr2, v2

L4: addr3 = load cfi]

L5: addr4 = load a[i+1
[r+11 # Address computation for store S2

# Address computation for load L6

L6: v4 = load addr4 S2: store addr3, v3

Fig. 2. Reordering instructions at LLVM IR requires complex alias analyses
between memory instructions (head, tail, and catalyst) to determine the
validity of the transformation and identifying instruction dependences (the
use-def chain) to hoist the address computation together with the tail load.

illustrates these transformations, showing the orig-
inal sequence of instructions, and highlighting how the non-
consecutive load instructions (left) are identified as fusible and
placed consecutively by our compiler (right).

Following the compilation chain described in and
detailed in [section V| we expose the compiler’s intermedi-
ate representation (IR). Our compile-time analyses and code
transformations are implemented in LLVM [25] and span the
compiler middle-end and back-end, as shown in The
middle-end is rich in high level information, such as loop
structures, memory dependences, call graphs etc, and enables
powerful static analysis and transformations (subsection TV-A).
Nevertheless, instructions in the LLVM IR do not match one-
to-one the final generated machine instructions, and their order
is not guaranteed. Therefore, we extend the back-end to ensure
that the fusible memory instructions remain paired in the final

generated code (subsection I'V-BJ.

A. Middle-End Analyses and Transformations

1) Identifying Fusible Memory Operations: In LLVM IR,
we iterate each basic block’s instructions — when a head load
or store is found, we scan ahead for a corresponding tail in
the same block. Next, we check if the head and tail operations
are fusible, i.e. they access memory locations within a 64-
byte range. For this, we compare two memory operations by
extracting their pointer operands and identifying a potential
common base pointer, using the St ripAndAccumulate of
each pointer. If they do, the offset between them is accumu-
lated and used to determine the memory distance between
the loads. If they do not share a common base, we compute
the difference using Scalar Evolution (SCEV) analysis. This
difference indicates if the two pointers fall within the 64-byte
range and can be fused. If the selected memory operations
cannot be fused, we reset the tail and continue searching for
another potential tail until the end of the basic block. We repeat
this process with each load (store) that has not been marked as
fusible, in the role of the head. This ensures we systematically
check all possible pairs of loads (or stores) within each basic
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Fig. 3. Compilation flow: CAIF passes (shown in light green) are executed after the standard O3 optimization passes at each compilation stage.

block, maximizing the chances of identifying fusible memory
operations.

If the head load (store) and tail load (store) are fusible,
then we keep the instructions between the two fusible memory
instructions in a queue named Catalyst. Next, we build Use-
Def chains to find instructions from the Catalyst that are
required for the execution of the tail instruction, such as the
computation of its target address or the value to store
section TV-A2)). Finally, using compile-time alias analysis, we
identify memory dependences between the tail instruction and
its use-def chain on one hand, and the memory instructions
from the Catalyst and the head operation on the other hand.
Intuitively, we ensure that loads and stores that are reordered
do not cross any aliasing memory instructions. Any such
memory dependence prohibits fusion (subsubsection I'V-A3).
These analyses ensure safe and correct instruction reordering.
The analysis steps are summarized below:

1) Identify fusible loads/stores pair.

2) Collect intermediate instructions in the Catalyst.

3) Build the use-def chain for the tail instruction.

4) If the use-def chain of the Tail includes the Head, no
reordering is performed.

5) Check memory dependences between the tail instruction
and its use-def chain with the Catalyst, as follows:

a) If tail is a load (Figure 4):
o Check dependences with all the stores from the
Catalyst.
« If its use-def chain contains any loads, check de-
pendences between each load and all the stores
from the Catalyst.

b) If tail is a store (Figure 3):

o Check dependences with all the loads and stores
from the Catalyst.

« If its use-def chain contains any loads, check de-
pendences between each load and all the stores
from the Catalyst and the head store.

To broaden our analysis, we integrated advanced alias
analyses, combining Andersen analysis [28]], flow-sensitive
methods [7] from SVF [62] with LLVM’s built-in analysis.
For interprocedural analysis, we used GraphAA [32]], enabling
memory operation reordering across function calls.

L1: load addr1 # Address compute
for L4
L2: temp = load addr3

S2: store addr2 Alias Analysis

(12,82) of
No
(1, 57) J conflicts

(L4, S2) ‘/

# Address compute L3:addr4 = a[temp]
for L4

L2: temp = load addr3 L1: load addr1

L3:addr4 = a[temp] L4: load addr4

L4: load addr4 S2: store addr2

Fig. 4. Memory dependency to reorder a Tail load. The fusible instructions
are L1 and L4. The use-def chain (target address computation) of L4 contains

and = . CAIF verifies for potential conflicts between the loads from the
use-def chain and other from the catalyst that preceed the use-def chain
instructions, as shown in the gray box. If no conflicts exist, reordering can
proceed (right).

S1: store addr1 # Address compute
for S3

L2: temp = load bl[i]

Alias Analysis

(2,81 o

(2,82) of o
(S3,L1) J " (conflicts
(83.52) of

L1: load addr2

S2: store addr3 S1: store addr1

S3: store a[temp],
value

L1: load addr2

# Address compute
for S3
L2: temp = load b][i]

S3: store a[temp],

S2: store addr3
value

Fig. 5. Memory dependency to reorder a Tail store. The fusible instructions
are S| and S3. The use-def chain (target address computation) of L3 contains

. Our compiler verifies for potential conflicts between the from
the use-def chain and other from the catalyst that proceed the use-
def chain instructions and any conflicts with the Head store. Also, it verifies
the Tail store (S3) does not conflict with any or from the
catalyst it is reordered with or with the Head store. The checks are shown in
the gray box. If no conflicts exist, reordering can proceed (right).

2) Identifying Required Instructions for Hoisting: Along
with the tail operation, the compiler must hoist the necessary
instructions that the tail depends on. To identify these instruc-
tions from the Catalyst, we use the use-def chain from LLVM.
The use-def chain provides a list of all values used by a user,
in this case the Tail. If the use-def chain requires a store,
we avoid reordering the tail due to the complexity involved
in instruction reordering. Identifying the instructions from the
Catalyst that belong to the use-def chain of the Tail operation,
and hoisting them before the Head operation, is essential for
preserving the correct data flow.



3) Validity of Reordering: Memory dependence analysis is
crucial for correctly reordering instructions. Specifically, for
instruction fusion, the compiler must ensure that:

1) The tail memory instruction does not conflict with other
memory instructions from the Catalyst or with Head.

2) There are no memory dependencies between the tail’s
use-def chain from the Catalyst and any other memory
instructions it is reordered with.

If no memory dependencies are detected, the compiler
reorders the Tail’s necessary instructions (use-def) to precede
the Head. It then places the Tail after the Head, converting
non-consecutive fusible operations into consecutive ones.

4) Increasing the Compiler’s Reach: The compiler conser-
vatively reorders memory operations only within the bound-
aries of a basic block, which by design keeps register pres-
sure at bay. However, to expand the window of instructions
the compiler can operate on, CAIF enables dynamic loop
unrolling, which is not included in the default O3 compiler
optimizations. Dynamic loop unrolling (DLU) unrolls loops
with statically unknown trip counts by guarding the unrolled
iterations with conditionals. DLU can increase the number of
live variables, potentially leading to register spilling. To limit
this effect, we restrict DLU to innermost loops that have not
been previously unrolled by O3, have less than 50 instructions,
and contain at least one memory operation. Moreover, the
unroll factor is 2 (and not higher).

5) Correctness: Given that our compiler checks that all
dependencies are satisfied and all CAIF transformations are
valid, correctness is preserved. Moreover, we have empirically
confirmed the correctness for all the selected benchmarks.

6) Limitations: The instruction order established in the
compiler’s middle-end might not be preserved by the LLVM
backend optimizations (llc -O3). To preserve the order, the
following changes are necessary in the LLVM backend.

B. Backend Analyses and Transformations

To preserve a fusion-friendly memory access order, we em-
ploy two mechanisms: Pseudo-Instructions and DAGMutation.

1) Pseudo Instructions: Pseudo-instructions are a power-
ful mechanism to enforce clustering of memory operations.
Through pseudo-instructions, two or more scalar memory
operations are packed into one, preventing the default sched-
uler and register allocator from breaking the desired order
of the selected memory operations. We created new custom
instructions for integer and floating-point pairs of loads and
stores, respectively. Each pseudo-instruction is associated with
a profile describing its operands and specific properties, which
determine the behavior and constraints of the corresponding
custom instruction. During compilation, the original fusible
memory instructions are replaced by these pseudo-instructions,
after which the standard back-end optimizations are applied.
However, O3 optimizations treat pseudo-instructions as single
units, which restricts per-instruction optimization and may lead
to redundant memory operations, because a pseudo-instruction
can only be removed if both of its memory operations are

Fig. 6. Schedule nodes A and B consecutively

redundant. This may hinder peephole optimization and dead
code elimination.

To mitigate this limitation, unused nodes are pruned dur-
ing instruction selection, before forming pseudo-instructions
from candidate memory-operation pairs. Next, a top-down
scheduling policy is applied to minimize register pressure
while preserving the relative order of the fused memory oper-
ations, since they are already packed into pseudo-instructions.
After instruction scheduling and register allocation, pseudo-
instructions are expanded back into their original scalar in-
structions, ensuring that the intended sequence of consecutive
memory accesses is preserved. Note that additional memory
operations (such as stack pushes and pops) are generated
in later back-end phases and cannot be packed, because
pseudo-instructions operate before register allocation. These
late memory operations are instead co-scheduled using the
DAGMutation mechanism in CAIF.

2) DAGMutation: To insert scheduling constraints in the
later backend stages for fusible memory instructions missed
by pseudo-instructions, we use DAGMutation.

The steps for DAGMutation for instruction fusion are:

o Find candidates for fusion by inspecting the predeces-
sors of each instruction. Specifically, eligible candidates
are scalar memory operations that share the same base
register and have memory offsets within a 64 byte range.

o Add a weak Cluster edge (Constraint) between A and B
(shown in dotted line, [Figure 6)). In top-down scheduling,
when node A is encountered, node B will be chosen next
over C, due to the weak edge between (A,B).

¢ Add a weak Cluster edge (Constraint) between B and C
(shown in dotted line). In bottom-up scheduling, the weak
edges ensure no instructions are scheduled between A and
B. By marking C as dependent on B, C must be processed
before B, keeping nodes B and A together.

In both scenarios, the schedule order will be A, B, C and D.

DAGMutation fusion pairs are generated using TableGen. In
this process, we specify the memory operations and constraints
such as ensuring the same base pointers and that the difference
between offsets is less than or equal to 64.

Next, we leverage the BaseMemOpClusterMutation
class to cluster memory operations that target the same
cache line. The clustering process is guided by the
shouldClusterMemOps method, which is customized for
each target architecture.

DAGMutation introduces weak dependencies that can be
disrupted by register pressure. This drawback is addressed



by complementing DAG Mutation with the use of pseudo-
instructions, that impose stricter scheduling constraints, as
mentioned above. The two approaches work in tandem to
balance the default scheduling heuristics with the order con-
straints required for fusion: pseudo-instructions pack instruc-
tions early enough such that the IR order is maintained with-
out disturbing critical back-end optimizations, while DAG-
mutations capture potential fusible instructions past register
allocation, to maximize fusion opportunities.

V. METHODOLOGY
A. Workloads and Compilation Flow

To evaluate our proposal, we selected twelve neural net-
work models: Alexnet [47], Resnetl8 [50], Resnet50 [51],
MobileNet v2 (Mobv2) [48]], MobileNet v3 (Mobv3) [49],
Mlp [45], Mnist [46], Nsnet2 [9, 40], Google Bert [8],
Roberta [54], Sparse Bert [[12} |I7] and Sparse DistilBert [|18}
69] pre-trained models. These benchmarks are amenable to
precise alias analysis. The training and testing data sets used
for these models are detailed in the corresponding references.
Due to storage space constraints caused by large trace files, we
split the neural networks into layers. We profiled each layer
by instrumenting and counting load/store instructions and total
instructions using Pin [37]]. For most models, we chose the top
2-3 representative layers; if they were identical, we used only
one, and in some cases included all layers for Mnist, Mlp.
Details can be found in the Appendix.

The steps to generate LLVM IR from a neural network
implemented with PyTorch are shown in In a nut-
shell, we convert PyTorch code to an ONNX graph [43]], and
translate the ONNX graph to the LLVM dialect of MLIR [27]].
Finally, we use clang to produce an executable optimized for
the RISCV with RISCV64G extensions. All compilation steps
use the O3 optimization level.

We also evaluate SPEC CPU 2017 [61] (int, speed) by
selecting a region of interest (ROI) based on a thorough
application analysis to delimit the amount of work rather than
a fixed number of instructions, thus providing comparable
results across compile-time transformed code. We select the
functions that are most representative of the application’s
total execution, provided they execute at least 100 million
instructions. If no single instance reaches this threshold, we
evaluate multiple invocations of that function instead.

Details are given in the Appendix.

We conduct all experiments with two compilation flows:
Base —the baseline compilation with standard O3 optimization
level and no reordering— and CAIF. We also report our findings
on the impact of dynamic loop unrolling on Helios and CAIF.

B. Simulation Model and Configurations

The produced binaries are executed on top of the RISC-
V Spike Simulator [[11] in full-system mode running a Linux
kernel [63]]. Spike has been modified to generate the stream of
instructions (and the memory locations and size they access)
executed by the program, which are used to feed the timing
simulator. Our cycle-level in-house simulator uses the GEMS

TABLE I
BASELINE CONFIGURATION

64KB TAGE-SC-L [56], minimum
branch misprediction penalty 8 cycles

Branch pred.

Front end 6-wide Fetch/Decode, 5-wide Rename/Dispatch,
64-entry decode queue

Back end 17-wide Execution (2 read ports, 2 write ports),
8-wide Commit

ROB/IQ/LQ/SB  256/221/80/50 entries

LI 64KB, 8 ways, 3-cycle hit cycles, pipelined

LID 32KB, 8 ways, 3-cycle hit cycles, pipelined,

IP-Stride prefetcher with degree 3
L2 2MB, 16 ways, 20 hit cycles
LLC 750KB per bank, 8 banks, 65 hit cycles
RAM 100-cycle latency

memory model with a three-level cache hierarchy and a
detailed out-of-order core that resembles an Intel Gracemont
architecture. The processor configuration is summarized in
We use CACTI [29] to model the energy consumption
of the LQ, SQ and L1D. The LQ and the SQ are modeled as
a CAM and use the high-performance (hp) model.

Our out-of-order core model has been extended to imple-
ment both consecutive and non-consecutive instruction fusion
as described in Helios. In particular, we are able to run several
configurations of the Helios hardware with different complex-

ity requirements (see [subsection III-A| for the description of

the fusion types):

e NoFusion: Fusion is disabled in the hardware.

e ConsSBR: This hardware is able to fuse only Consecutive-
SBR-contiguous instruction pairs. It is a non-speculative
fusion implementation.

e ConsSBR64: This hardware is able to fuse both
Consecutive-SBR-contiguous and  Consecutive-SBR-
64bytes instruction pairs. It is also a non-speculative
implementation.

e Cons: This hardware is able to fuse all consecutive
instruction pairs. It requires speculative support.

e Helios: This hardware enables all kinds of fusion, includ-
ing non-consecutive pairs. It is also a speculative solution.

VI. EVALUATION

This section evaluates the impact of compiler assistance on
instruction fusion, and investigate (1) the degree to which
CAIF shifts fusion from non-consecutive (highest hardware
complexity) to consecutive (minimum hardware complexity);
(2) the number of mispredictions in Helios after reordering;
(3) analysis of stall cycles; (4) the overall performance with
varying hardware support for fusion; (5) energy savings.

A. Characterization of Fused Pairs

To evaluate the efficiency of the compile-time reordering,
we analyzed the percentage of fused memory operations across
different hardware configurations of increasing complexity,
as detailed in and with two compiler opti-
mizations (Base and CAIF), leading to the eight combina-

tions shown in Thus, extends

(which corresponds to the bar labeled Helios-base) with all
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Fig. 7. Percentage distribution of fusion types. Bars are paired (without and with CAIF for each configuration)

the configurations tested. It shows the breakdown of fu-
sion per category: Consecutive-SBR-contiguous, Consecutive-
SBR-64bytes, Consecutive-DBR, and Non-consecutive. The
Oy axis shows the percentage of fused instructions.

Focusing on the last two bars (average bar), we can observe
that for Helios, CAIF converted Non-consecutive fusion to
consecutive fusion hence on average CAIF managed to de-
crease Non-consecutive fusion from 27.12% to 8.96% on NNs.
On SPEC, with CAIF Non-consecutive fusion reduced from
15% to 10%. In addition, on average for NNs, CAIF increases
Consecutive-SBR-contiguous from 1.94% to 61.67%. Fus-
ing consecutive memory operations requires relatively simple
hardware compared to Helios, i.e., no need for prediction and
no misprediction penalty.

For all layers in Alexnet, Resnetl8, Resnet50 and
Mobv2.clip there is no fusion when using Base, but CAIF can
fuse more than 50% of instructions in these layers, with all
cases being Consecutive-SBR-contiguous fusion. For instance,
for Mobv2_relu, CAIF fuses 100% of the memory operations.

CAIF delivers high performance particularly on layers such
as Matmul, GRU, and Relu, where dynamic unrolling and
instruction reordering bring together fusible pairs, effectively
converting a significant fraction of the non-consecutive fused
instructions from different iterations into consecutive pairs (up
to 100% in some cases).

More importantly, when focusing (Avg. NN) on a Con-
sSBR64 hardware, we can observe that the number of fused
instructions with CAIF ConsSBR64-CAIF (4th bar, 70.61%)
increases by more than 40% compared to Helios running the
code generated by the base compiler (7th bar, 29.93%). For
SPEC (Avg. Spec), CAIF with ConsSBR64 (4th bar), we see
that fused instructions have increased from 23.51% to 39.8%
when compared to ConSBR64-Base (3rd bar). ConsSBR64
CAIF (4th bar, 39.8%) is on par with Helios-Base (7th bar)
which achieves 40.69%. This shows that CAIF on NNs, even
with simple non-speculative fusion hardware, can outperform
the more complex speculative Helios hardware while achieving
comparable performance on SPEC.

B. Fusion Mispredictions

We analyzed the MPKI of non-consecutive fused pairs
across the neural network benchmarks, comparing Helios us-

O e« W s [ ros
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ConssBR64-Base-1____ 1NN
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Stall cycles per 1k instructions

Fig. 8. Average LQ/SQ/ROB stalls for the fusion types

ing the baseline compiler versus Helios using CAIF. Generally,
when using CAIF, the MPKI reduces since there are fewer
pairs to speculate on, as a consequence of turning non-
consecutive pairs into consecutive pairs. MPKI was reduced
from 0.31 to 0.29 with CAIF. MPKI of deepsjeng with CAIF
decreases from 0.099 to 0.089 and xalancbmk has the same
mpki in CAIF as Helios-base this correlates with the trends in
non-consecutive pairs as shown in

We underline that CAIF performs non-speculative fusion
(consecutive only), where no mispredictions occur.

C. Analysis of Backend Stalls

Fusing instructions leads to lower occupation of resources,
namely ROB, LQ, and SQ, as a fused pair uses a single
entry in those queues. This results in reduced stall cycles
at the allocation stage where the instructions wait for free
slots in the queues. [Fig 8| shows the average stall cycles
caused by ROB/LQ/SQ being full at the allocation stage
per 1K instructions, for the evaluated configurations. CAIF
consistently reduces stall cycles in all hardware configurations.
ConsSBR64-CAIF achieves lower allocation in LQ (-27.5% /
-6.34%), SQ (-24.14% [ -22.7%), and ROB (-9.26% / -4.25%)
when compared to ConsSBR64-Base / Helios-Base for NNs
and SPEC combined.

D. Execution Time

Reductions in stalls cycles translates to better execution

time. shows the impact of CAIF versus Base
(-03) for the different fusion configurations on execution

time (y-axis) and for the neural network kernels explored
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in this work (x-axis). The execution time is normalized
against our compiler baseline (-O3) with hardware fusion
disabled (NoFusion-Base). Since Consecutive-DBR in-
structions represent a negligible (0.12%) fraction of the fused
instructions (see [Figure 1), here we omit the Cons-DBR
hardware configuration for clarity. We discuss the execution
time by pair, with and without compiler-assisted fusion.

Applying our instruction reordering techniques without fu-
sion (NoFusion-CAIF) improves execution time (by 5% on
average in NNs), thanks to dynamic loop unrolling and in-
struction reordering, which can help increase the scope of op-
timizations and enhance memory level parallelism [68]. Clus-
tering memory instructions enhances both memory-level and
instruction-level parallelism by enabling simultaneous memory
requests and parallel execution of independent loads. This
reduces latency, improves bandwidth utilization, and keeps
the pipeline full. NoFusion-CAIF outperforms NoFusion-Base
by leveraging higher ILP and MLP, demonstrating that CAIF
enables a more efficient instruction schedule. Through careful
engineering to reduce overheads (see our compiler
introduces no register pressure: CAIF constrains DLU as
described in [subsubsection IV-A4} only reorders within a
basic block, which imposes a natural boundary and limits the
distance of reordering; and performs backend optimizations to
eliminate redundant operations, prior to packing mem-ops in
pseudo-instructions.

When employing the simplest fusion hardware (ConsSBR)
on NNs, CAIF reduces the average execution time by 19.1%
with respect to NoFusion-Base, while the baseline compiler
achieves a 1.1% reduction. CAIF also excels when both non-
speculative fusion techniques are leveraged (ConsSBR64). In
this case, CAIF reduces execution time by approximately
19.6% with respect to NoFusion-Base, while execution time
reduces by an average of 1.2% with the baseline compiler
with respect to NoFusion-Base. ConsSBR64-CAIF further
reduces execution time on SPEC, improving from 2.6% with
ConsSBR64-Base to 6.6% relative to NoFusion-Base.

The overall reduction in execution time suggests that in-
struction reordering indeed enhances the potential of consec-
utive instruction fusion even on simple hardware.

Helios on NNs, fusing all possible pairs including non-
consecutive, shows an execution time reduction of 6.6% when
using the baseline compiler. However, combining Helios with
instruction reordering (Helios-CAIF) yields the most signifi-
cant improvement, reflecting a 20.3% reduction in execution
time compared to NoFusion-Base.

While matrix multiplication (MatMul) shows consistent
performance gains, convolution workloads benefit less. This
is primarily due to a higher number of cache misses in
convolution, which causes processor stalls waiting for memory.

In SPEC, as seen in x264, CAIF reports many pairs where
the distance between the head and tail is 120 instructions,
which is not reachable in hardware. Hence, CAIF increases
fusion opportunities that were not possible with Helios with
a gracemont-like configuration. In addition, CAIF reduces the
average distance between head and tail instructions, known as
catalyst depth, as shown in[Figure T0] By lowering the average
catalyst depth from 4.16 to 1.68 in NNs and from 3.60 to 2.88
in SPEC, the commit time of instructions decreases because
the head instruction waits less for the catalyst instructions to
become ready. This alleviates pressure on the ROB, reducing
stalls and ultimately enhancing performance. In applications
with more backend stalls, fusion provides higher benefits. No-
tably, xz shows larger performance improvements than x264,
even though both benchmarks have a similar percentage of
fused pairs. This is because xz suffers from more pronounced
backend bottlenecks, making it more sensitive to increased
fusion opportunities from CAIF.

Overall, CAIF strikes an optimal balance between hardware
complexity and performance without increasing binary size.
By controlling register pressure, CAIF produces binaries of
comparable size to the baseline compiler, with the maximum
increase observed in the xalancbmk benchmark at just 0.31%.

When executing on non-speculative fusion hardware, CAIF-
generated binaries surpass the performance of baseline binaries
leveraging more intricate hardware with speculative fusion
techniques. These results underline the potential of simple
fusion mechanisms in hardware, particularly when comple-
mented by tailored compiler instruction reordering.
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E. Energy Savings

CAIF reduces energy consumption in both the L1D cache,
by minimizing accesses, and the processing core, by com-
bining two instructions into one. highlights its
impact on the energy usage of the L1D cache, as well
as the LQ and SQ—key structures affected by fusion. As
before, results are shown for four hardware configurations
and two compiler versions. CAIF proves highly effective in
lowering L1 cache accesses, with ConsSBR64-CAIF achiev-
ing a 31.28% reduction and Helios-CAIF reaching 38.17%,
compared to NoFusion-Base. Additionally, CAIF reduces LQ
and SQ energy expenditure across all setups, as fused loads
and stores only require a single search in these queues. The
highest reductions are seen with Helios-CAIF (32.41%) and
ConsSBR64-CAIF (20.17%) compared to their Base versions.

Comparing Helios-Base and ConsSBR64-CAIF, which de-
liver comparable performance, ConsSBR64-CAIF stands out
by using 18.2% less L1D energy and 3.54% less LQ/SQ
energy. This makes it not only a simpler but also a more
energy-efficient choice.

F. Analysis on High-Performance Cores

Until now, the evaluation has focused on low-power proces-
sors such as Gracemont (256 ROB entries). This section anal-
yses the performance improvements on a high-performance
core, a Golden Cove processor (512 ROB entries), modifying
the parameters shown in Table [I| accordingly [23]]. Golden
cove has larger ROB, LQ and SQ than Gracemont, leading

to fewer backend stalls, hence less performance opportunities.
We analyse it both without and with vectorization support.

1) Without Vectorization Support: Our results on SPEC
reveal that CAIF boosts performance by 2.7% with ConsSBR
and by 4.2% with ConsSBR64. Energy savings follow the
same trend as on Gracemont-like cores: on SPEC, Helios-Base
cuts energy by 21.2% vs. NoFusion-Base, while Helios-CAIF
reaches 24.14%, mainly by reducing cache accesses, in line
with its higher fraction of fused memory operations.

2) With Vectorization Support: CAIF is applied after O3
(Vectorization) and does not reorder vectorized memory oper-
ations. Vector-friendly kernels such as Relu and Conv are com-
pletely vectorized, hence fusion gains are minimal. However,
for Matmul layers, which dominate execution in Transformer
models, our analysis shows that only about 40% of the memory
operations are vectorized, leaving substantial room for fusion.

CAIF on NNs decreases non-consecutive fusion from 15.4%
to 3.1% and increases consecutive fusion from 3.3% to
26.4%. This improves performance by 4% with ConSBR64,
whereas the compiler baseline only gains 2.2% with Con-
sSBR64. CAIF with ConsSBR64 reaches a maximum of
19.6% in Sparse_distilbert_matmul and a minimum of 1.97%
in bert_matmul, whereas the compiler baseline delivers 0.4%
in Sparse_distilbert_matmul and 0.4% in bert_Matmul.

On SPEC with vectorization, CAIF reduces non-consecutive
fusion from 17.8% (baseline) to 13.5% and boosts consecutive
fusion from 26.14% to 35.79%, yielding 3.7% speedup with
ConsSBR64 (vs. baseline’s 2.5%). Across benchmarks, CAIF
with ConsSBR64 gains maximum improvement of 8.9% for
GCC versus 4.9% with the baseline compiler, and its minimum
is 2.62% on Deepsjeng versus 2.25% for the baseline.

G. Limitation of Reordering for Fusion

While compiler-driven instruction reordering enables macro
fusion by grouping memory operations into a single macro-
operation, this optimization can introduce a trade-off. It can
increase dependency lengths in the pipeline. If a short-latency
instruction (head) is fused with a long-latency one (tail), the
head may wait longer, delaying dependent operations. This can
serialize execution and reduce performance, especially under
contention for backend resources (e.g., caches, memory ports,
functional units) or in long dependency chains.

VII. RELATED WORK
A. Software Instruction Fusion

Modern processors like ARMv7/v8 offer instructions such
as Load-Pair (LDP) and Load Multiple Increment After (LD-
MIA), which can load multiple registers from consecutive
memory locations. Those can be cracked to simplify hardware
but increase latency, or executed as a unit to minimize latency
at hardware cost [10] (e.g., two register file write ports to
perform LDP as a unit). Fusion idioms are limited to what the
architectural instructions provide.

Micro-op Fusion (u-ops) is gaining traction on RISC-
V processors. Balasubramanian et. al. [6] introduced three
new instructions—Load Word and Add (LWA), Load Word



and Multiply (LWM), and Load Word and Subtract (LWS)
—which fuse these common load- arithmetic pairs into single
instructions, at the ISA level. In contrast, we target the fusion
of memory operations and opt for compiler-assisted fusion in
hardware, without modifying the ISA.

However, the availability of fused instructions at the ISA
level is useful only if the compiler is able to emit them.
Shen et al. tailor the LLVM instruction scheduler and register
allocator for instruction fusion in a manner that resembles
the initial steps of our approach [57]. They leverage existing
LLVM mechanisms — DAGMutations — to place fusible load-
add and shift-add instructions together, but DAGMutations
alone introduce weak constraints that are not guaranteed to
remain in the final generated code.

Six et al. [[60] provide a certified instruction scheduler
for fusing memory operations on AArch64 platforms (load
pair and store pair). However, the technique is limited to
contiguous memory accesses only, as required by the AArch64
instruction semantics. Moreover, as it reorders instructions
post register allocation, it is more restricted than CAIF by
register-introduced dependences.

This work focuses on memory instruction fusion as they
have been shown to provide the highest potential [[10l 58],
leveraring leveraging advanced memory aliasing analysis and
balancing the soft constraints of DAGMutations with the hard
constraints imposed through pseudo-instructions, to enable O3
back-end optimizations, but also guarantee the desired order
in the final generated code.

B. Hardware Fusion

Kim and Lipasti propose Macro-op scheduling [20] pairs
two dependent instructions in hardware and schedules them
as a unit. This is a limited form of hardware fusion that
saves scheduler entries but still performs the two instructions
distinctly, i.e., the latency is the sum of both and two functional
units are required over two cycles. It is orthogonal to our focus
on fusing independent instructions. Singh et al. propose non-
consecutive load and store fusion in hardware with the Helios
microarchitecture, which relies on speculation and several
points of validation to confirm that two instructions could
indeed be fused. CAIF targets some of the potential of Helios
without incurring hardware cost over consecutive fusion.

C. Instruction Reordering

Beyond instruction fusion, static instruction scheduling (re-
ordering) has been employed in prior work for improving
performance through various methods.

Static instruction schedulers [2} |38} 24| aim to hide memory
latency by reordering instructions to keep the processor busy
while waiting for memory operations to complete. However,
these schedulers face limitations due to register pressure
and basic block boundaries. Recent advancements in static
instruction scheduling have focused on overcoming these
limitations and improving performance. For example, through
loop pipelining and cross basic block boundary instruction
reordering, the compiler separates load instructions from their
uses to increase memory and instruction level parallelism [|66}

68, 65]]. This technique involves monitoring the latency of
load instructions in real-time. By learning their latencies,
processors can orchestrate the execution of the compiler-
predefined phases, achieving performance close to that of out-
of-order processors while maintaining energy efficiency.

Evolutionary Algorithms, such as genetic algorithms, are
used to optimize the scheduling of instructions and the al-
location of registers simultaneously. This method has shown
promise in improving the overall performance and efficiency
of processors by finding optimal schedules that traditional
techniques might miss [[14].

CAIF employs a two-level reordering to leverage the rich-
in-information middle-end and preserve the order in the back-
end, while balancing register pressure.

D. Vectorization

CAIF differs from the LLVM Loop Vectorizer[42, 41}
19], which relies on predictable loop patterns and widens
instructions [44]], and from SLP vectorization, which bundles
isomorphic operations, instead of reordering. This lightweight
mechanism for preserving instruction order from middle-end
till binary generation, currently absent in LLVM and in the
literature, is key to software-hardware co-design contracts.

VIII. CONCLUSION

Compiler reordering enhances fusion by scheduling fusible
instructions consecutively. Through static analysis, the com-
piler can identify fusible instructions, check memory and
instruction dependences, and validate the transformation. This
approach incurs no additional costs and replaces complex
hardware mechanisms that perform these predictions and val-
idations at runtime.

For NN workloads, CAIF reduces execution time by 19.6%
on average, on hardware that fuses only consecutive instruc-
tions, surpassing Helios’s 6.6% for both consecutive plus
non-consecutive fusion. Furthermore, CAIF enhances Helios,
achieving an average reduction of 20.3%. Since most pairs can
be fused with minimal hardware modifications with CAIF, the
added complexity of the predictor does not justify the limited
performance gains. For SPEC workloads, CAIF reduces execu-
tion time by 6.6% while the compiler baseline reaches 2.6%
on hardware that fuses only consecutive instructions. Thus,
CAIF improves performance on general-purpose workloads
while maintaining simple hardware.
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