
S2VEC: Compiler-Driven Stream Specialization for Linearized
Vectorization

Luís Crespo

INESC-ID, Instituto Superior Técnico,

Universidade de Lisboa

Lisbon, Portugal

luis.miguel.crespo@tecnico.ulisboa.pt

Ana Fernandes

Instituto de Telecomunicacoes, University of

Coimbra

Coimbra, Portugal

ana.fernandes@co.it.pt

Gabriel Falcao

Instituto de Telecomunicacoes, University of

Coimbra

Coimbra, Portugal

gff@co.it.pt

Pedro Tomás

INESC-ID, Instituto Superior Técnico,

Universidade de Lisboa

Lisbon, Portugal

pedro.tomas@inesc-id.pt

Nuno Roma

INESC-ID, Instituto Superior Técnico,

Universidade de Lisboa

Lisbon, Portugal

nuno.roma@inesc-id.pt

Nuno Neves

INESC-ID, Instituto Superior Tecnico,

Universidade de Lisboa

Lisbon, Portugal

nuno.neves@inesc-id.pt

Abstract
The performance benefits of vectorization are often limited by data

movement, which remains a dominant bottleneck in modern pro-

cessors. To mitigate this bottleneck, data stream-based mechanisms

have been recently proposed, allowing general-purpose architec-

tures to specialize memory accesses, leading to a reduction of load-

to-use latency and loop code optimizations. However, compiler

support for stream-based execution remains limited. Accordingly,

this paper presents S2VEC, an LLVM-based compilation toolchain

that automatically extracts, represents, and optimizes memory ac-

cess patterns as data streams to enable stream-specialized vector

execution. At its core, the Stream-Dataflow IR models computation

as a dataflow over parameterized data streams, bridging the gap be-

tween conventional compiler infrastructures and stream-oriented

architectures. By transforming complex and indirect memory ac-

cesses into linearized stream representations, S2VEC simplifies

vectorization and expands its applicability to complex memory

access patterns. When targeting a RISC-V stream-vector ISA exten-

sion, S2VEC demonstrates improved vectorization coverage and

produces code comparable to hand-optimized implementations.

Conducted evaluations on a gem5-based in-order stream-vector

model show an overall speedup of 5.9× over an equivalently provi-

sioned RVV-based in-order core and 1.5× over a wide out-of-order

processor, demonstrating the performance benefits of compiler-

driven stream specialization.

CCS Concepts
• Software and its engineering → Compilers; Source code
generation; • Computer systems organization→ Single in-
struction, multiple data; Heterogeneous (hybrid) systems.
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1 Introduction
Data movement and communication are still the dominant bottle-

necks in modern computing systems, often limiting performance

and energy efficiency despite continued growth in compute capabil-

ity [13, 14, 21, 51]. While Single-Instruction Multiple-Data (SIMD)

architectures improve computational throughput by exploiting data-

level parallelism [25, 41, 49], they frequently exacerbate thememory

bottleneck, due to the increased pressure on memory bandwidth

and latency. In fact, the effectiveness of SIMD is frequently and

strongly constrained by complex memory accesses.

From the compiler perspective, auto-vectorizers often struggle to

expose the available parallelism when memory access patterns are

complex or indirect, resulting in missed vectorization opportunities

and suboptimal performance [2, 15, 24, 54]. From the architectural

perspective, conventional SIMD execution models remain ineffi-

cient when handling irregular or dependent memory accesses, lim-

iting their applicability across data-intensive workloads [10, 18, 24].

Recent works have shown that integrating data streaming mech-

anisms into General-Purpose Processors (GPPs) enables memory

accesses to be offloaded to specialized hardware units, commonly

referred to as streaming engines [6, 9, 29, 37, 40, 46, 48]. In particular,

these engines eliminate indexing and address computation over-

head in conventional execution by decoupling address generation

and memory access from the core pipeline. This decoupling ex-

poses a more regular, linearized view of data, improving coalescing

and revealing vectorization opportunities that conventional auto-

vectorizers often struggle to capture [1, 26, 27, 43]. Consequently,

data streaming emerges as a powerful booster to SIMD execution,

offering streamlined memory handling to enhance efficiency.

Moreover, GPP stream specialization [9, 40, 46] provide two ad-

ditional and remarkable advantages. First, it enables precise, timely,

and implicit prefetching, reducing effective memory latency with-

out complex runtime prediction. Second, by removing explicit mem-

ory access instructions, address calculations, and induction-variable
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management from the loop body, it significantly reduces dynamic in-

struction count and loop overhead. Thesemechanisms allow stream-

specialized execution to outperform traditional SIMD approaches,

particularly in memory-bound and irregular workloads [9]. Despite

this progress, compiler support for data streaming remains limited

and fragmented. Existing approaches mainly focus on detecting and

encoding stream patterns, but overlook key optimization opportu-

nities required to fully exploit stream-based execution, particularly

in the context of SIMD and Vector-Length Agnostic (VLA) architec-

tures [22, 29, 40, 42, 46, 48]. As a result, the lack of a robust compiler

infrastructure remains a major barrier to the practical adoption of

stream-enabled Instruction Set Architecture (ISA) extensions.

Compiling for stream-specialized execution introduces funda-

mental challenges. Stream-based models rely on implicit memory

access and control flow, which contrasts with the explicit represen-

tation enforced by modern Static Single Assignment (SSA)-based

compiler infrastructures [6, 27]. Furthermore, conventional auto-

vectorizers are designed for regular and affine memory accesses,

and struggle with complex, multi-dimensional, and indirect pat-

terns [10, 16, 24, 31, 54], which streaming hardware can naturally

linearize [9, 27]. Simply extending existing vectorizers is insuf-

ficient, as they lack mechanisms to eliminate explicit load/store

memory operations and induction-variable-driven loop control.

These limitations motivate the need for a dedicated compilation

pipeline tailored to stream-specialized architectures. While higher-

level compilation frameworks (such as MLIR [20]) facilitate the

construction of domain-specific abstractions, general-purpose code

must ultimately be lowered to LLVM IR for optimization and code

generation. Consequently, supporting stream-specialized ISA ex-

tensions requires explicit integration with the LLVM middle-end,

rather than relying solely on high-level representations.

In this work, we address this gap by proposing a novel LLVM-

based compilation flow that automatically extracts, models, and

optimizes memory access patterns as data streams, enabling stream-

specialized SIMD execution. The implemented framework targets

the Unlimited Vector Extension (UVE) ISA extension [9], which inte-

grates vector execution with hardware data streaming and provides

a concrete platform to demonstrate the benefits of our approach.

The primary contributions of this work are:

• Definition of a novel intermediate representation, termed

Stream-Dataflow IR, that explicitly models stream-based

memory access and computation, bridging the semantic gap

between conventional compiler infrastructures and stream-

specialized architectures.

• A set of LLVMmiddle-end analysis and transformation passes

that automatically extract, represent, and optimize complex

memory access patterns, including multidimensional, depen-

dent, and indirect accesses.

• New stream-aware vectorization and loop transformation

passes, including loop collapsing, that uniquely exploit im-

plicit memory accesses and stream-driven control to reduce

loop control overhead and improve SIMD utilization.

• A backend code generator for RISC-V that targets VLA SIMD

execution with hardware data streaming.

The effectiveness of the proposed compilation flow is demon-

strated by generating stream-specialized VLA-SIMD code for the

UVE RISC-V extension [9, 11]. To evaluate the resulting perfor-

mance, we extended the gem5 [3] simulator with a model of an

in-order vector architecture with integrated data streaming sup-

port and compared it against RISC-V cores with RISC-V Vectors

(RVV). When executing a comprehensive benchmark suite, our re-

sults show that stream-specialized execution achieves an average

speedup of 5.9× over an equivalent in-order core. Furthermore,

when compared against a superscalar out-of-order (OoO) processor,

the prototype in-order stream-vector design still delivers consider-

able speedup, with an overall performance improvement of 1.5×,
highlighting the benefits of compiler-driven stream specialization.

2 Background: Data Streaming
A data stream represents a sequence of memory accesses that follow

a predictable address progression, typically derived from memory

operations within loop nests. Such accesses can be compactly de-

scribed using a parametric representation based on offset (initial
address), size (number of accesses), and step (element-wise incre-

ment between consecutive accesses) [7, 11], with step correlating
with stride through: stride = step×sizeof(element). Based on the ac-
cess pattern structure, prior work [6, 9, 30, 37, 40, 46] distinguishes

between direct and indirect data streams. Direct streams correspond

to memory accesses whose parameters are statically determined,

whereas indirect streams involve parameters that depend on values

loaded from memory and are resolved at runtime (e.g., A[B[i]]).

2.1 Pattern Representation
To construct the full address sequence of a data stream, prior work

models memory accesses as an n-dimensional pattern derived from

the loop structure [9, 40, 50]. Each dimension corresponds to a loop

induction variable and is characterized by a recurrence described

by the {offset, size, step} tuple, analogous to the initialization, bound,
and increment of a loop iterator. This formulation naturally captures

nested-loop execution and enables the representation of multi-

dimensional and dependent access patterns.

Fig. 1 depicts several examples of memory access patterns, to-

gether with their formal description as data streams. In particular,

Fig. 1.A depicts a simple memory access to variable A with two

dimensions, each associated with an induction variable (i, j). Each
dimension is described by the {offset, size, step} tuple, inferred ac-

cording to the corresponding address calculation expression and

associated induction variable recurrence. Nested loops do not al-

ways follow a perfect n-dimensional structure, instead, they fre-

quently present dependencies on other induction variables, such

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

       ... A[B[i]] ...

Base:   A
Offset: {0+    }
Step:  {0}
Size:   {N}

Base:   B, Step:  {1}
Offset: {0}, Size: {N}D

for(i=0; i < Nr ;  i++)

    for(j=0; j < Nc;  j++)

            ...  A[i*Nc + j] ...
A

B

Base:   A
Offset: {0,0}
Step:  {Nc,1}
Size:   {Nr,Nc}

for(i=0; i < Nr; i++)

    for(j=0; j < i; j++)

            ... A[i*Nc + j] ...
Offset:  {0}
Step:    {1}
Size:     {Nr}

Base:   A
Offset: {0,0}
Step:  {Nc,1}
Size:   {Nr,     }

for(i=0; i < Nr; i++)

    for(j=0; j < n[i]; i++)    

           ... A[i*Nc + j] ...

C
Base:    n,
Offset: {0},

Step: {1}
Size:  {N}

Base:   A
Offset: {0,0}
Step:  {Nc,1}
Size:   {Nr,    }

Figure 1: Examplememory access patterns and the respective
pattern description as data streams.
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as the example depicted in Fig. 1.B, where the limit of the loop

with induction variable j depends on the value of the induction

variable i. In such cases, the affected parameter (loop size) needs

to be described by a dependency on another tuple. Similarly to the

previous example, a dependency that affects the number of repe-

titions of the pattern can also originate from another data stream

(see Fig. 1.C). Hence, although the parameters may vary at runtime,

since they are loop invariant throughout the affected loop execution

(i.e., dimension), these relations can still be described [9, 29]. A last

example is present in Fig. 1.D, where indirect patterns introduce

dependencies on another data stream, where the memory access to

A considers an offset that depends on a previous access to B.

2.2 Stream Specialization
Stream specialization involves enhancing typical processors with

dedicated units to handle memory accesses in parallel with the

core. These accesses are usually described with dedicated instruc-

tions that formally define data streams with a predictable memory

access pattern (direct or indirect) configured at the preamble of

loops (see Fig. 2). In this respect, recent solutions propose dedicated

ISA extensions to configure data streams [9, 37, 38, 40, 46, 52] and

mainly adopt two stream iteration approaches: explicit [46] and

implicit [9, 40] (see Fig. 2.B and 2.C, respectively). Although both

approaches perform the address computation and memory accesses

without the direct intervention of the processor, data streams in ex-

plicit solutions require dedicated stepping instructions to advance

a data stream. On the other hand, implicit approaches consider

an automatic consumption and advancement of the data streams,

slli            a2, a2, 2
addi        a2, a2, a0

flw           fa5, 0(a1)
flw           fa4, 0(a0)
fmadd.s fa5, fa0, fa5, fa4
fsw          fa5, 0(a0)
addi       a0, a0, 4
addi       a1, a1, 4
bne        a0, a2, .LBB0_1
ret

O
v

e
rh

e
a

d

Preamble

Loop

Body

<< Loop configuration: O(1) >>

<< O(N) >>.LBB0_1:

Source Code Registers

A. Standard RV64

for(i=0; i < 100; i++)

    y[i] += a*x[i];
sx = stream register

a0  = &y

a1  = &x

a2  = 100

fa0 = a

B. Explicit Streaming

C. Implicit Streaming

C1. Stream-state

li              a3, 1
li              a4, 0
Scfg_I      s0, a4, a2, a3
Scfg_st    s1, a0, s0
Scfg_ld   s2, a0, s0
Scfg_ld   s3, a1, s0
  
fmadd.s  s1, fa0, s2, s3
step         s0
bne         s0, a2, .LBB0_1
ret

Loop

Body

Preamble

<< Loop configuration: O(1) >>

<< O(N) >>.LBB0_1:

li              a3, 1
Scfg_st    s1, a0, a2, a3
Scfg_ld   s2, a0, a2, a3
Scfg_ld   s3, a1, a2, a3

fmadd.s  s1, fa0, s2, s3
bsnc        s1, .LBB0_1
ret

Loop

Body

Preamble

<< Loop configuration: O(1) >>

<< O(N) >>.LBB0_1:

li              a3, 1
Scfg_st    s1, a0, a2, a3
Scfg_ld   s2, a0, a2, a3
Scfg_ld   s3, a1, a2, a3
hw_loop a2, 1
  
fmadd.s  s1, fa0, s2, s3
ret

Loop

Body

Preamble

<< Loop configuration: O(1) >>

<< O(N) >>.LBB0_1:

C2. Hardware loops

Configure data stream
{destination, offset, size, stride}Scfg_st/ld

Explicit Loop Control
Branch based on data stream state:
while stream not complete

Hardware loop configuration:
repeat (a2) times next (1) instructions

bsnc

hw_loop

Figure 2: Pseudo-assembly of the saxpy kernel: (A) Standard
RV64; (B) explicit and (C) implicit streaming. With induction
variables removed, loop control can be managed by stream
completion state (C1) or using hardware loops (C2).

making memory accesses completely transparent to the proces-

sor, and allowing the application code to be devoid of instructions

for indexing, load/store, and induction variable-based loop con-

trol. Nonetheless, implicit data streaming models often have slight

variations to ensure the correct loop iteration. In particular, some

solutions leverage the iteration state of the data streams to control

the loop flow [9] (see Fig. 2.C1), while others use hardware loops

to configure the number of iterations [37, 38, 40, 53] (see Fig. 2.C2).

As this work offers a new compilation flow for stream-specialized

SIMD processing, it will target the UVE [9, 11] ISA implicit stream-

ing approach shown in Fig. 2.C1, since it is the most generic exten-

sion and the only one featuring SIMD execution. Yet, the proposed

compilation toolchain could be extended to other targets.

3 Compilation Toolchain
Prior work on data streaming [27, 40, 42, 46, 50] has demonstrated

the value of compiler support for identifying and encoding stream-

able memory accesses, typically through dedicated LLVM exten-

sions. These approaches provide an important foundation by en-

abling the extraction of data streams from loop-based programs.

However, they largely focus on stream detection and encoding,

without fully addressing the broader compilation challenges re-

quired to exploit stream-specialized vector execution.

To bridge this gap, we propose a holistic compilation toolchain

that integrates stream extraction, encoding, and optimizationwithin

the LLVM middle-end. Our approach leverages standard compiler

analysis and transformation passes, including Scalar Evolution

(SCEV), loop simplification, Loop Invariant Code Motion (LICM),

Dead Code Elimination (DCE), and Instruction Combining (IC), pre-

serving canonical loop structure while exposing the information

required for stream-driven vectorization and code generation. This
integration enables stream specialization to be supported
throughout the compilation pipeline, rather than being con-
fined to a standalone stream-detection and encoding pass.

3.1 Overview
The proposed compilation toolchain is depicted in Fig. 3. It takes a

source program as input and lowers it to LLVM Intermediate Repre-

sentation (IR) through a series of standard optimizations (without

vectorization or loop unrolling). The IR is then analyzed and trans-

formed into a Stream-Dataflow IR, where memory operations are

represented as data streams and computations are organized into

computational graphs and then into stream loops.

The Stream-Dataflow IR generation process consists of a series

of custom analysis and transformation passes performed at the

loop level. It starts with the induction variables analysis that
consists of the extraction of induction variables and their pattern

(i.e., offset, size, step). Then, during the data stream description,
data streams are extracted by identifying memory accesses inside

loops and extracting the corresponding access patterns, which are

later optimized. In the compute graph extraction step, compute

graphs are obtained via a Depth-First Search (DFS), starting at store

instructions and tracing operands until finding thememory accesses

corresponding to load instructions or constants. The stream loop
description is obtained by doing a DFS through nested loops, to

identify compute graphs and other nested loops.
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Compute
Graph

Extraction

Data
Streams

Induction
Variables

Compute
Graphs

Stream-
Dataflow IR

Stream-Dataflow IR

Data Stream
Description

Induction
Variable
Analysis

Stream Loop
Description Optimization

LLVM IR
Clang + opt

o2 loop-simplify

Source
Code

C

Code
Generation

RISC-V w/ Stream
Specialized SIMD

Access
Trace

Optimize
Description

Dependencies
Update Vectorize Collapse

Loops
Merge

Compute
Graphs

Dead Code Elimination
Instruction Combining

Figure 3: Overview of the proposed compilation flow.

Finally, a series of targeted optimizations are applied to the

Stream-Dataflow IR, focusing on vectorization, compute graph

merging, and loop collapsing. Additional standard optimizations,

such as DCE and IC, are also integrated as available in LLVM. The

last stage of the flow handles the stream-specialized RISC-V source

code generation (from the Stream-Dataflow IR).

3.2 Stream-Dataflow IR
To support compilation for stream-vector architectures, we in-

troduce a custom intermediate representation called the Stream-
Dataflow IR. This IR aims to model a loop-based execution, where

memory accesses are expressed as parameterized data streams

and computation is represented as dataflow graphs evaluated over

stream iterations. The Stream-Dataflow IR is the primary output of

the set of analysis and transformations performed over the LLVM

IR. It acts as an intermediary representation between the LLVM IR

and the lower machine code, ensuring that any necessary transfor-

mations are applied to fully exploit stream-vector architectures. At

a high level, the Stream-Dataflow IR is composed of Stream Loops,
Compute Graphs, Data Streams, and Induction Variables, as
illustrated in Fig. 4. Each component is defined in more detail below.

Stream Loops: A Stream Loop is the top-level abstraction of the

Stream-Dataflow IR, representing the execution of compute graphs

over a stream-driven iteration space. It is defined as:

Stream Loop = (𝐼 , 𝑆, 𝐵),

where 𝐼 = {𝑖0, . . . , 𝑖𝑛} is the set of induction variables associated

with the loop, 𝑆 is a control stream together with a designated

dimension governing the loop termination, and 𝐵 is an ordered

sequence of loop body elements (either compute graphs or nested

stream loops). Unlike traditional loops, Stream Loops do not require

explicit induction variable updates or branch-based control. Instead,

Stream-Dataflow IR

Instruction
Base Address

Data Stream

Dimension
Induction Variable
Pattern
Vector

Dependencies
Origin
Target
Pattern

Induction Variable

Phi Node
Pattern

Dependencies
Origin
Target
Pattern

Offset
Size
Step

Pattern

Induction Variables
Control Stream

Stream Loop/

Stream Loop

Body

Compute Graph
Node Type
Data Type
Data Stream
Vector
Operands

Figure 4: Stream-Dataflow IR composition.

loop progress and termination can be driven by the state of the

control stream, enabling implicit loop control, as shown in Fig. 2.C.

Compute Graphs: A Compute Graph represents the sequence

of operations performed during each iteration of a Stream Loop. A

compute graph is organized as a Directed Acyclic Graph (DAG):

Compute Graph = (𝑉 , 𝐸),

where each node 𝑣 ∈ 𝑉 is defined as:

𝑣 = (op, 𝜏, 𝑆, vec),

with op denoting the node type (e.g., arithmetic operation, data

streams, constants), 𝜏 the data type, 𝑆 an optional associated data

stream, and vec indicating scalar or vector execution. Edges 𝐸 rep-

resent the operand relationship of the node.

Data Streams: A Data Stream allows to model a memory access

with a predictable and parameterized address sequence as a data

stream. A data stream is defined as:

𝑆 = (𝑇, 𝐴, 𝐷)

where 𝑇 is the originating memory instruction (load or store), 𝐴

is the base address, and 𝐷 = {𝐷0, . . . , 𝐷𝑘 } is the set of stream

dimensions, each corresponding to a loop nesting level, defined as:

𝐷 𝑗 = (𝑖 𝑗 , 𝑃 𝑗 , 𝑣𝑒𝑐 𝑗 , 𝑀 𝑗 )

where 𝑖 𝑗 is the associated induction variable, 𝑃 𝑗 describes the pat-

tern (offset, size, and step) for that dimension, 𝑣𝑒𝑐 𝑗 indicates whether

the dimension is vectorized, and𝑀𝑗 is a set of optional dependen-

cies affecting this dimension. While the induction variable drives

each dimension, the address sequence is given by the pattern and

its dependencies (as seen in Fig. 2).

Dependencies: Dependencies are entities in the Stream-Dataflow

IR that capture relationships between induction variables and other

induction variables or data streams. A dependency is defined as:

𝐷𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑦 = (𝑂, 𝑇𝑔, 𝑃)

where the origin (𝑂) is either an induction variable or a data stream,

and the target (𝑇𝑔) identifies the affected pattern field (offset, size,

or step). The dependencies of data streams and induction variables

inherit the pattern from the 𝑂 that produces it.

Induction Variables and Patterns: Induction Variables and
Patterns are the base structures that define the iteration behavior of

loops and data streams. An Induction Variablemodels a loop iterator

and its iteration behavior. Each induction variable is defined as:

𝑖 = (𝜙, 𝑃, 𝑀)
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where 𝜙 is the PHI node corresponding to the loop iterator, 𝑃 de-

notes the iteration pattern, and 𝑀 is a set of dependencies affect-

ing the induction variable. 𝑃 is defined as a tuple (offset, size, step),
which is the fundamental abstraction used throughout the IR. The

offset is the initial value, size is the number of iterations, and step is

the increment or decrement per iteration.

Stream-Dataflow IR Grammar. The abstract syntax of the

Stream-Dataflow IR is summarized as follows:

Kernel ::= Stream Loop+

Stream Loop ::= (𝐼 , 𝑆, 𝐵)
𝐼 ::= {𝑖0, . . . , 𝑖𝑛}
𝐵 ::= Body Elem+

Body Elem ::= Compute Graph | Stream Loop

Compute Graph ::= (𝑉 , 𝐸)
𝑣 ∈ 𝑉 ::= (op, 𝜏, 𝑆?, vec)

S ::= (𝑇, 𝐴, 𝐷)
𝐷 ::= {𝐷0, . . . , 𝐷𝑘 }
𝐷 𝑗 ::= (𝑖 𝑗 , 𝑃 𝑗 , vec𝑗 , 𝑀 𝑗 )
i ::= (𝜙, 𝑃, 𝑀)
P ::= (offset, size, step)
M ::= (𝑂, 𝑇𝑔, 𝑃)

A kernel consists of one or more stream loops, each composed of

induction variables, a control stream, and an ordered body of com-

pute graphs or nested stream loops. Computation within a stream

loop is expressed as dataflow graphs evaluated once per stream it-

eration, where vertices represent operations or stream accesses and

edges represent operands. Data streams model memory accesses as

multi-dimensional objects, whose dimensions are driven by induc-

tion variables and described by iteration patterns. Dependencies

relate induction variables and data streams, and are attached to

stream dimensions to capture complex pattern relationships.

3.3 Automatic Stream-Dataflow IR Extraction
The proposed extraction method starts by examining the LLVM

IR of the application kernel by using its built-in analysis passes to

identify the loop hierarchy. Then, each loop hierarchy is analyzed

and transformed to Stream-Dataflow IR. As mentioned above, this

process consists of identifying induction variables, data streams,

compute graphs, and stream loops in each loop hierarchy.

Induction Variable Analysis: Induction variables are identified in

the top-level loop and corresponding nested loops by analyzing

PHI instructions in the loop headers. The iteration pattern and

dependencies are obtained by tracing the IR (see Algorithm 1). The

offset (i.e., the starting value) is directly extracted from the PHI in-
struction. The size and step are derived from the loop exit condition

(in the loop latch) by tracing its operands: the step corresponds

to the increment (or decrement) value over the induction variable,

while the size is computed from the loop limit. As shown in Fig. 1,

dependencies may arise from loop limits (init or limit) of the loop,
either through another induction variable or data accesses. These

Algorithm 1 Induction Variable Analysis

1: Procedure IndVarAnalysis(𝐿) // 𝐿: loop
2: 𝜙 ← primary induction PHI in 𝐿’s header

3: offset ← initial value of 𝜙

4: step← increment operand traced from 𝜙 update

5: limit ← bound extracted from latch exit condition

6: if offset or limit depends on PHI or access then
7: record dependency (OFFSET or/and LENGTH)

8: size←
⌈
limit − offset

step

⌉
9: store IndVar {𝜙, offset, step, size, dependencies}

are identified during the trace and are translated to dependencies

over the corresponding target. Dependencies over data accesses that

are also data streams are resolved after extracting the data streams

(at dependency update, where the access pattern is known).

Data Stream Description: One of the most important aspects of the

compilation flow is the automatic identification of data streams and

their access patterns. Data streams are detected in the LLVM IR by

searching for memory access instructions inside loops. For each

access, a trace over the corresponding GetElementPtr instruction
is performed to obtain the address sequence of the data streams.

The process is described in Algorithm 2. While the base address

is directly exposed by the GetElementPtr, the address sequence is
obtained by analyzing its offset through a DFS. The operands are

recursively searched until finding the instructions corresponding to

induction variables, constants, or other memory accesses. These are

translated into several stream dimensions in the following manner:

• Induction variables are associated with the data stream and

have their pattern and dependencies copied as dimensions.

• Constants have no induction variable. They are added to an

adjacent dimension or multiplied by the step value.

• Memory accesses that are streams have their highest dimen-

sion (most nested loop) copied with offset and step values in

the pattern set to 0. This is encoded as an offset dependency

with a pointer to the respective data stream.

The identified stream dimensions are then associated with the

data stream description, according to the traced computation in-

structions. During the DFS, transformations are applied depending

on the instruction type: additions (or subtractions) append new

dimensions, while multiplications (or shifts) modify the step of

the found dimensions (as described above). With these, the ac-

cess trace is completed, and the memory accesses are represented

in data stream form. These data streams are then optimized by

collapsing offset dependencies into step values, merging constant

dimensions as offsets, and collapsing dimensions with the same in-

duction variables. The step and offset of the resulting dimension are

then adjusted accordingly. Alternatively, SCEV could be used [6]

by applying the same process to the recurrences.

Finally, the dependencies on the loop limits on other data streams

are handled (i.e., association of data stream and pattern), both in the

induction variables and the data streams that are driven by these

induction variables. The inclusion of these dependencies on the

induction variables and data streams is postponed until this step to

guarantee that all data streams are fully optimized.
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Algorithm 2 Data Stream Extraction

1: Procedure ExtractDataStreams(BLL, IndVars)
2: 𝑆𝑡𝑟𝑒𝑎𝑚𝑠 ← ∅
3: for each basic block 𝐵𝐵 in 𝐵𝐿𝐿 do
4: for each instruction 𝐼𝑛𝑠𝑡 in 𝐵𝐵 do
5: if 𝐼𝑛𝑠𝑡 is Load or Store then
6: 𝑆 ← new DataStream

7: 𝑆.𝐼 ← 𝐼𝑛𝑠𝑡

8: 𝑃𝑡𝑟 ← (𝐼𝑛𝑠𝑡 is Load ? 𝐼𝑛𝑠𝑡 .𝑂𝑝 [0] : 𝐼𝑛𝑠𝑡 .𝑂𝑝 [1])
9: 𝑆.𝐵𝑎𝑠𝑒𝐴𝑑𝑑𝑟 ← 𝑃𝑡𝑟 .𝑂𝑝 [0]
10: CreateDims(𝑆, 𝑃𝑡𝑟 .𝑂𝑝 [1], IndVars)
11: 𝑆𝑡𝑟𝑒𝑎𝑚𝑠 ← 𝑆𝑡𝑟𝑒𝑎𝑚𝑠 + 𝑆
12: return 𝑆𝑡𝑟𝑒𝑎𝑚𝑠

13: Procedure CreateDims(𝑆, offset, IndVars)
14: if offset is constant or outside loop then
15: 𝑆.𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠 + Dim(Offset= offset, Step= 0)

16: else if offset == induction variable 𝐼𝑉 then
17: 𝑆.𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠 + Dim(IndVar= 𝐼𝑉 )

18: else if offset is another stream 𝑆2 then
19: 𝑆.𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠 + Dim(Stream= 𝑆2)

20: else // recursive trace by operands
21: CreateDims(𝑆, offset .operands, IndVars)
22: if Add/Sub then append dimensions

23: else if Mul/Shl then update Step and Init

Compute Graph Extraction: Since data stream specializations decou-

ple the memory accesses from the computations, the loop bodies of

stream-specialized code are mainly composed of computations (see

Fig. 2). Accordingly, these computation sequences are extracted as

compute data-flow graphs, where nodes represent constant values,

input streams, or computations. The adopted method consists of

performing a DFS starting at each store data stream, moving back-

wards in the compute graph to obtain the respective computations

and operand dependencies until finding the input data streams or

constants. In Fig. 5.A, it is depicted an example compute graph with

computation and data stream nodes represented in a hybrid IR form.

This information, together with the respective data stream descrip-

tion, is kept in the Compute Graph within the Stream-Dataflow IR

(see Fig. 4). Additionally, during the DFS process, indirect depen-

dencies (i.e., dependencies on other data streams) are also recorded

as operands of the respective data stream for synchronization and

code generation purposes (see stream S3 in Fig. 5.A that is registered

as an operand of stream S2 to be later synchronized in Fig. 5.C).

Stream Loops Description: The process of obtaining the Stream-

Dataflow IR is concluded by defining a Stream Loop for each top-

level loop being analyzed and traversing its nested loops in a DFS

manner. This builds a structured representation of the compute

graphs at each loop level, synchronizing data streams to match

the nesting depth. An example Stream Loop is depicted in Fig. 5.B,

where induction variables, compute graphs, and nested loops are

assigned to a parent Stream Loop. Additional steps ensure loop con-

trol by assigning a data stream to control the loop whose dimension

matches the loop iteration. This way, a representation of the control

based on the stream state is achieved (see Fig. 2.C1). Finally, data

streams that are iterated within a particular loop but are invariant to

for (i = 0; i < Nr; i++)

  for (j = 0; j < Nc; j++)

      out[i*Nc+j] += val[i]*vec[i*Nc+cols[j]];

A. Compute Graph B. Stream Loop

LLVM IR

C. Synchronization

CG 1

+
out[i*Nc+j]

out[i*Nc+j]

val[i]

S1

S2 S3
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S3
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D1:{0,Nc,1},j

S3
ptr %cols
D1:{0,Nr,0},i
D2:{0,Nc,1},j

+

Pattern = {Offset, Size, Step},IV;   Dimension = Pattern, IV; 
Dependency = Origin: Pattern;   Control Stream = <Stream, Dimension>

Legend:

S1

Figure 5: Hybrid IR form of a kernel. Compute Graphs are
obtained (A) and inserted in the corresponding Stream Loop
(B). Then, the data streams within the Compute Graphs are
synchronized according to the parent Stream Loops (C).

that loop are modified to include one (or multiple) extra dimensions

to ensure a correctly synchronized stream iteration (see Fig. 5.C).

The parameters of that particular dimension follow the associated

induction variable of the loop, except for the step, which is set to 0.

3.4 Optimization Passes
The proposed compilation toolchain features dedicated optimiza-

tion passes that can be applied over to the Stream-Dataflow IR,

including vectorization, merging of compute graphs, and collapsing

of stream loops. The tool also leverages the native LLVM functional-

ities to apply the DCE and IC native passes to further optimize the

code. They are especially important to avoid redundant operations

when computing the size and steps of the data stream patterns.

Stream-based Vectorization: The first optimization pass is responsi-

ble for vectorizing the compute graphs within the extracted Stream-

Dataflow IR. To do so, each compute graph is individually analyzed,

with vectorization applied to the innermost loops. Vectorization

is functionally achieved by allowing stream data to effectively fill

in vector registers, resulting in a simplified vectorization process.

Specifically, each compute graph is checked for conditional control

paths (indicated by an IR select instruction), and the data streams

are checked for dependencies. While control is converted to mask-

ing and predication instructions, loop-carried dependencies make

the code non-vectorizable. Nonetheless, non-vectorizable code can

still be stream-specialized, albeit only in scalar form. Furthermore,

reductions in vectorizable compute graphs are identified and trans-

formed with horizontal operations to move data between vector

and scalar streams. This process involves breaking the compute

graph and inserting vector-to-scalar reduction operations.
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Merging of Compute Graphs: This functionality is essential to en-

sure vectorized code correctness with vector-to-scalar reductions,

to handle computations at the loop exit (inserted after reductions),

and to avoid loading a value that is guaranteed to be available.

Merging of compute graphs uses the following criteria: C1) when
a compute graph is split to vectorize a reduction, any compute

graph outside the loop using the reduced value needs to be updated

(merged) with the correct scalar value; C2) when there are two

consecutive store data streams to the same position, one is removed

and the compute graphs are merged; and C3) when there is a load-

after-store on the same memory address within the same stream

loop, the compute graphs are merged to avoid the redundant load.

Loop Collapse: The third pass attempts to collapse perfectly nested

loops into a single loop. This applies when there are no compute

graph nodes or other nested stream loops in the outer loop. The re-

sulting stream loop preserves all implicit induction variable details

(including those from removed loops) to ensure correct stream-state

control. Due to the decoupled execution nature of stream specializa-

tion (i.e., no induction variables and memory indexing at machine

code level), this technique reduces loop control overhead (usually

found in conventional systems [34]). Moreover, stream specializa-

tion also allows removing the overhead of modulo and division

operations otherwise required to compute array indexing functions

of typical loop collapsing optimizations [34].

3.5 Code Generation
The extracted information is used to generate RISC-V code by con-

sidering the target ISA, namely UVE [9, 11]
1
, as it currently is the

only RISC-V extension supporting stream-specialized SIMD execu-

tion. Data streams are first encoded with the corresponding stream

configuration instructions and placed in the proper loop preambles.

Each stream begins with start instruction specifying the access

type (load/store), the size of the data elements (8- to 64-bits), the

base address, and the vectorized dimension, among other optional

configurations. Then, for each dimension, an append instruction fol-

lows, specifying its (offset, size, step), until the final end instruction.

Dependencies are represented as modifiers coupled to a specific

dimension, and can be static (SM, for dependencies on other induc-

tion variables), dynamic (DM, for loop invariant dependencies on

other data streams), and scatter-gather (SG, for offset dependencies
on other data streams, i.e., indirection). Each modifier also specifies

the affected dimension, the modified pattern field, and a displace-

ment value. Dynamic and scatter-gather modifiers link another

data stream instead of a displacement to the target dimension.

The replication of inputs to vector registers is also inserted on

the stream loop preamble. Stream loops and the corresponding

bodies containing nested loops and compute graphs are then gen-

erated. This is done by generating the stream computing instruc-

tions corresponding to each operation and wrapping the loop with

stream-driven branch instructions specifying the control stream

and respective dimension. Finally, the generated code for each top-

level stream loop is linked back to the remaining application code,

eliminating the original loop code, which is compiled with the

typical compilation flow (through the LLVM backend).

1
Documentation: https://github.com/hpc-ulisboa/UVE2/blob/main/documentation.pdf

4 Toolchain Validation
The proposed compilation tool was validated and evaluated in terms

of coverage and resulting code efficiency according to the publicly

available specification UVE [11] ISA
1
.

4.1 Validation Environment
Compilation Setup: The proposed compilation flowwas implemented

in LLVM 16 as an IR-level pass, and the LLVM back-end was ex-

tended to support UVE [11]. To evaluate the impact of stream

specialization on auto-vectorization, we also used the ARM and

LLVM 21 compilers to generate vectorized code for ARM SVE [41]

and RISC-V RVV [49] with -O3 optimizations.

Benchmark Applications: The experimental setup considers 31 vec-

torizable benchmarks from the PolyBench [23] and MachSuite [35]

suites (see Table 1). Alongside each benchmark, it is specified the re-

spective number of kernels, maximum loop nesting, number of data

streams, and most complex memory access pattern. The patterns

are described with the number of dimensions (nD) plus associated

dependencies. Table 1 also presents the encoding capabilities of

XSSR [37, 38, 40] (a stream specialization solution for RISC-V with-

out vectorization support), the auto-vectorization results for the

RVV [49] and ARM SVE [41] SIMD extensions, the original UVE

compiler [27] capabilities, and the proposed compilation tool.

Functional Validation: The generated code was validated on a mod-

ified version of the Spike Instruction Set Simulator (ISS) [11]. This

simulation infrastructure allows for a functional validation of the

UVE code, outputting the dynamic instruction count metric, which

will be used for validation of the compiler-generated code.

4.2 Compilation and Vectorization Coverage
The effectiveness of the proposed approach was assessed across

the selected benchmarks by measuring the coverage at both the

compiler and vectorization levels.

Compiler level: Observing the supported benchmarks presented in

Table 1, it can be concluded that the proposed compilation flow and

the considered SIMD stream specialization abstraction significantly

broaden the coverage of supported workloads when compared to

previous stream-based approaches. In particular, the XSSR com-

piler [37, 38, 40] can only extract simple square affine patterns,

and this limitation was not considered in later works to automati-

cally extract and encode dependencies [37, 38]. Furthermore, while

the UVE compiler [27] supports the extraction of more complex

memory access patterns than XSSR [37, 38, 40] and features SIMD

operations, it still encounters challenges with benchmarks involv-

ing: multiple dependencies (e.g., Cholesky, SpMV-ind), dependencies
spanning multiple nested loops (e.g., SYMM, SYRK), or particular
operations (e.g., sqrt in Gram-Schmidt is unsupported). Moreover,

as it only defines data streams and compute graphs, it has limited

synchronization capabilities and nested loop support (e.g., DoitGen).

Vectorization level: As shown in Table 1, the proposed compilation

tool promotes the vectorization of a broader spectrum of bench-

marks when compared to ARM SVE [41] and RVV [49] compilers,

which struggle with complex memory access patterns, particularly

when handling loops with intricate dependency chains (e.g., LU )
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Table 1: Supported benchmarks and their characterization.

Vectorizes
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M
e
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. Memcpy(C) 1 (1) 1 (1D) ✓ ✓ ✓ ✓ ✓

Stream(C)
4 (2) 10 (2D) ✓ ✓ ✓ ✓ ✓

B
L
A
S

AXPY(C) 1 (1) 3 (1D) ✓ ✓ ✓ ✓ ✓

GEMM(P)
2 (3) 6 (3D) ✓ ✓ ✓ ✓ ✓

GEMM-ncubed(M)
2 (3) 6 (3D) ✓ ✓ ✓ ✓ ✓

GEMM-blocked(M)
2 (3) 6 (3D) ✓ ✓ ✓ ✓

GEMVER(P)
4 (2) 17 (2D) ✓ ✓ ✓ ✓ ✓

GESUMMV(P)
1 (2) 10 (2D) ✓ ✗ ✗ ✓ ✓

SYMM(P)
1 (3) 13 (3D+SM) ✗ ✓ ✓ ✗ ✓

SYRK(P)
1 (3) 6 (3D+SM) ✗ ✓ ✓ ✗ ✓

SYR2K(P)
1 (3) 8 (3D+SM) ✗ ✓ ✓ ✗ ✓

TRMM(P)
1 (3) 4 (3D+SM) ✗ ✓ ✗ ✗ ✓

K
e
r
n
e
l
s

ATAX(P)
1 (2) 7 (2D) ✓ ✓ ✓ ✓ ✓

2MM(P)
2 (3) 8 (3D) ✓ ✓ ✓ ✓ ✓

3MM(P)
3 (3) 9 (3D) ✓ ✓ ✓ ✓ ✓

BIGC(P)
1 (2) 8 (2D) ✓ ✗ ✓ ✓ ✓

DoitGen(P) 1 (4) 5 (4D) ✓ ✓ ✓ ✗ ✓

MVT(P)
2 (2) 8 (2D) ✓ ✓ ✓ ✓ ✓

S
o
l
v
e
r
s

Cholesky(P) 1 (3) 13 (3D+2SM) ✗ ✓ ✗ ✗ ✓

Gram-Schmidt(P) 1 (3) 13 (3D+SM) ✗ ✓ ✓ ✗ ✓

LU(P)
1 (3) 9 (3D+2SM) ✗ ✗ ✗ ✗ ✓

TriSolv(P) 1 (2) 5 (2D+SM) ✗ ✓ ✗ ✓ ✓

S
t
e
n
c
i
l

FDTD-2D(P)
1 (3) 16 (3D) ✓ ✓ ✓ ✓ ✓

Jacobi-1D(P)
2 (1) 8 (1D) ✓ ✓ ✓ ✓ ✓

Jacobi-2D(P)
2 (2) 12 (2D) ✓ ✓ ✓ ✓ ✓

Stencil-2D(M)
2 (2) 12 (2D) ✓ ✓ ✓ ✓ ✓

M
i
s
c
.

Convolution(C) 1 (1) 10 (2D) ✓ ✓ ✓ ✓ ✓

Covariance(P) 3 (3) 9 (4D+SM) ✓ ✓ ✓ ✓ ✓

KNN(M)
1 (2) 5 (2D+SG) ✓ ✗ ✓ ✓ ✓

SpMV(M)
1 (2) 5 (2D+SG) ✓ ✗ ✗ ✓ ✓

SpMV-ind(C) 1 (2) 8 (2D+SG+DM) ✓ ✗ ✗ ✗ ✓

† Maximum nested loops in the benchmark across all kernels

‡ Most complex memory access pattern (load or store) across all streams

SG – Scatter-gather (stream dependency); S/DM – Static/Dynamic Modifier (induction dependency)

(P) / (M) / (C) Benchmark from PolyBench [23], MachSuite [35] or custom, respectively

and indirections (e.g., KNN, SpMV ). All the considered benchmarks

were vectorized with stream specialization by the proposed tool.

4.3 Code Efficiency
The efficiency of the code generated by the proposed compilation

flow was measured by counting the number of executed instruc-

tions in Spike. In a first step, this metric was compared against

hand-optimized implementations available online to establish a

baseline comparison. In a second step, this metric was compared

with RVV and scalar RISC-V code to assess architecture-agnostic

advantages. Particular attention was also given to the impact of

stream specialization, studying how code efficiency scales with

different numbers of streams and varying the workload sizes.

Compiler: Fig. 6 shows the percentage reduction in executed in-

structions achieved by handwritten UVE code, LLVM-generated

RVV code [49], and auto-vectorized code produced by the pro-

posed compilation flow, all relative to scalar execution. Compared

with handwritten implementations, the compiler-generated code

attains similar instruction-count reductions in most cases, despite

minor advantages from manual optimizations. Differences arise

mainly in kernels such as 3MM and Covariance, where handwritten
code exploits Fused Multiply-Add (FMA) operations, not yet fully

supported by the compiler, which must distinguish between regis-

ter accumulations and fused operations (incompatible with store

streams). In most benchmarks, instruction counts are identical or

differ slightly due to precomputed stream parameters (offset, size,
and step) in handwritten versions. Overall, these results show that

the proposed compilation flow generates near hand-optimized code.

Vectorization: The comparison of the number of executed instruc-

tions of the auto-vectorized stream specialized code with RVV [49]

(see Fig. 6) highlights key differences. Our approach consistently

shows a notable advantage, while RVV [49] performs worse than

scalar code in some cases (e.g., 2MM, TRMM). Overall, while both

extensions surpass scalar code, joining SIMDwith stream specializa-

tion consistently allows executing fewer instructions than RVV [49]

across all benchmark scenarios, while handling more complex cases.

Scaling: As it is characteristic of vector ISAs, increasing the vector

size amortizes loop iterations and reduces the total number of exe-

cuted instructions. Fig. 7 shows this variation on a synthetic bench-

mark that scales with the problem size and number of streams, by

comparing the proposed toolchain with RVV. In particular, Fig. 7.A

shows that both RVV [49] and the code generated by the proposed

compiler yield greater instruction reduction with increasing vector

sizes and number of concurrent data streams. Nevertheless, the

introduced data stream specialization consistently executes fewer

instructions than RVV [49]. Fig. 7.B shows that as the number of in-

put streams increases for the same number of arithmetic operations

(i.e., moving from compute-bound to memory-bound), the code

generated by the proposed compiler maintains a high instruction

reduction (slightly increasing), while RVV shows a declining trend.

5 Performance Evaluation
After quantifying instruction-count reductions using the Spike

functional simulator, we evaluate the performance impact of the

proposed compilation toolchain through detailed cycle-accurate

simulation. As prior UVE compiler implementations [27] rely on

outdated ISAs and non-reproducible toolchains, direct compari-

son is not possible. Nevertheless, besides supporting a wider set of

applications, performance gains are expected from the additional

optimizations (e.g., compute-graph merging, description optimiza-

tion, loop collapsing). Due to the lack of support for the latest UVE

specifications in existing tools, we implemented a UVE-capable vec-

tor coprocessor. Then, we compared the performance of compiler-

generated code, executing under a stream-vector model, against a

closely matched in-order processor with RVV, to isolate the benefits

of data streaming. Finally, we extended this evaluation to a super-

scalar OoO core, also supporting RVV, to assess competitiveness

with modern high-performance microarchitectures.

5.1 Evaluation Environment
The devised UVE-based vector coprocessor, implemented on top of

NDPmulator [44] and illustrated in Fig. 8, adopts a simple in-order,

single-issue pipeline organized into five stages: fetch, decode, issue,
execute, and write-back. To ensure a realistic scenario, this vector
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Figure 6: Reduction of retired instructions by handcoded stream-specialization, RVV [49], and auto-vectorized code produced
by the proposed compilation flow, relative to scalar code (higher is better).
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Proposed 
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Figure 7: Instruction reduction provided by RVV [49] and
by the proposed toolchain according to (A) dataset size and
number of loop operations, and (B) number of source vec-
tors. Both setups considered a 512-bits vector length, 7 loop
operations, and a 10

4 source vector size.

coprocessor follows a long-vector execution model [25], with a

physical vector register of 4 × 512 bits, that is split into four 512-bit
slices. The engine sustains a peak execution throughput of 512 bits

per cycle, processing one 512-bit slice per cycle. Consequently, a

full 4 × 512-bit vector requires four cycles to complete. A key com-

ponent is the streaming engine, which manages the data streams

independently of the core pipeline, decoupling memory accesses

from computation. It maintains the stream state, generates memory

requests, and buffers data through dedicated FIFOs.

We compare the compiler-generated code running on the copro-

cessor prototype against a 4-wide in-order CPU with RVV support,

which closely reflects the execution model of our design and there-

fore provides the most direct and fair comparison. Table 2 (left)

characterizes the reference core. Aside from the issue width, both

architectures are provisioned with identical vector datapath width

(512-bit), memory hierarchy parameters, arithmetic functional units,

and a 64-byte cache line size. Hence, the reference CPU sustains the

same peak vector throughput of 512 bits per cycle, ensuring identi-

cal peak compute bandwidth; therefore, the observed performance

differences stem from the streaming execution model rather than

the raw vector throughput. Moreover, the in-order reference CPU

can issue 4 instructions per cycle, enabling multiple instructions to

CPU
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IO IM

FU pool
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Figure 8: Operation of the coprocessor: (1) the CPU stores the
kernel in memory; (2) the CPU writes to the programming
IO the register values, kernel address, and kernel size; (3) the
CPU triggers the coprocessor execution; (4) the coprocessor
fetches the kernel from memory hierarchy and saves it in
a local instruction memory; (5) the coprocessor exchanges
operands and results with the memory hierarchy through
the streaming engine; (6) the CPU polls the coprocessor.

be executed concurrently when targeting different functional units

(contrasting with the single-issue evaluation prototype).

We further compare against a significantly more powerful OoO

microarchitecture, modeled as an 8-wide superscalar RISC-V core

(also supporting RVV) configured to approximate an AMD Zen 5

processor (Table 2, right). Unlike the coprocessor, this design fea-

tures wider issue width, dynamic scheduling, speculative execution,

and improved latency tolerance, providing a strong performance-

oriented baseline. It also delivers twice the peak vector execution

throughput (1024 bits/cycle versus 512 bits/cycle in our design) and

incorporates a substantially more advanced load/store pipeline.

The performance evaluation described in the following subsec-

tions considers a representative subset of the benchmarks consid-

ered in Table 1, using different dataset configurations.

5.2 Comparison with Equivalent In-order Core
Fig. 9.A reports the performance relative to the 4-wide in-order

baseline processor. As expected, the speedup generally increases
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Figure 9: Speedup obtained by compiler-generated code running on the coprocessor against (A) a comparable in-order reference
and (B) an OoO CPUmodel based on a large superscalar core (AMD Zen 5). Both references have support for RVV [49]. Different
datasets are considered, and kernels not vectorized by the RVV compiler are identified. For the SpMV, it is considered a 8192x8192
matrix with different density values. The rightmost orange bars report the geometric mean values for four scenarios (from left
to right): (i) vectorized benchmarks including coprocessor setup, (ii) vectorized benchmarks only considering execution, (iii) all
benchmarks including coprocessor setup, and (iv) all benchmarks only considering execution. The setup corresponds to the
time taken to configure the coprocessor, according to the steps 1, 2, and 3 of Fig. 8.

Table 2: Reference CPUs used in the comparison with the im-
plemented evaluation prototype. The in-order core is param-
eterized to represent a fair comparison with the evaluation
prototype, while the large OoO superscalar model is based
on an AMD Zen 5, with information taken from [36].

REF. #1: In-order REF. #2: out-of-order (Zen5)
In-order CPU @ 2GHz: Out-of-order CPU @ 2GHz:
4-wide fetch/issue/commit 8-wide fetch & commit

10 IQ, 4 LSQ, 10 SB 12-wide issue/disp./writeback

32 Int RF, 32 FP RF, 630 IQ, 630 LQ, 100 SQ,

32×512-bit VRF 630 ROB entries

128 Int RF, 192 FP RF,

384×512-bit VRF
Functional Units: Functional Units:
1×Scalar LSUs, 1×Int ALU 2×Scalar LSUs, 1×Int ALU
1×Vector LSUs, 8×Vector LSUs,
1×Vector ALUs/FPUs 2×Vector ALUs/FPUs
L1-D: 32 KB, 4-way, 4-cycle latency, 8 MSHRs, 20 targets/MSHR

L2: 1 MB, 16-way, 10-cycle latency, 32 MSHRs, 12 targets/MSHR

DRAM: Dual-Channel DDR3-1600 8×8

with the dataset size, as the (fixed) setup overhead at the copro-

cessor is amortized (steps 1, 2, and 3 of Fig. 8). Naturally, for small

problem sizes, the execution time is more influenced by the setup

phase, limiting gains. As theworking set grows and the kernel phase

becomes dominant, the stream-vector code achieves substantial im-

provements, outperforming the baseline across all configurations.

When considering only the vectorized configurations, the co-

processor achieves 5.07× average speedup when including the

setup phase, and 5.58×when considering only the kernel execution.

Across all the configurations (including non-vectorized kernels by

the RVV compiler), the coprocessor achieves 5.56× average speedup
when including the setup phase, and 5.93× when considering only

the kernel execution. Notably, the latter (5.93× improvement) corre-

sponds to the expected performance if UVEwere directly integrated

into the core. The largest gains from vectorized kernels are observed

in 2MM, 3MM, SYRK, and SYR2K with speedups of up to 12.4×, 11.5×,
11.5×, and 10.8×, respectively. Naturally, kernels that the reference
RVV compiler fails to vectorize (i.e., GESUMMV, BICG, and SpMV )
exhibit even greater speedups, reaching up to 27.4×.

Hence, these results demonstrate that the data streaming code

generated by the proposed compiler effectively promotes the over-

lap of computations with memory accesses, delivering consistent

improvements relative to a comparable in-order reference.

5.3 Comparison with an 8-Wide OoO Core
Comparedwith theOoO reference, modeled using publicly available

AMD Zen 5 specifications, the generated code remains highly com-

petitive (Fig. 9.B). Across all benchmarks, the coprocessor achieves

average speedups of 1.43× with the setup phase and 1.54× for ker-

nel execution only. Restricting the analysis to kernels vectorized

by both the proposed toolchain and the RVV compiler, the speedup

is 1.29× (with setup) and 1.42× (kernel-only). Consistent with the

in-order comparison, the largest gains among commonly vectorized
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kernels occur in 2MM, 3MM, SYRK, and SYR2K, reaching up to 6.3×.
Even greater improvements are observed in kernels that the refer-

ence RVV compiler fails to vectorize, with speedups of up to 9.2×
in BICG. In a few rare cases, slowdowns occur due to inefficiencies

in UVE when handling scalar regions outside vectorized loops, as

well as the higher compute throughput of the OoO core.

These results indicate that the stream-specialized code generated

by the proposed compiler is very efficient, highlighting the effec-

tiveness of the approach. Despite relying on a significantly simpler

single-issue and in-order microarchitecture, the coprocessor per-

formance matches or surpasses the OoO reference in most cases.

This advantage stems from decoupling memory access from the

core through data streaming, reducing memory-related stalls with-

out relying on the complexity of speculative execution, dynamic

scheduling, or register renaming typical of OoO designs.

6 Related Work
The proposed compilation flow tackles the following research topics:

i) data streaming; ii) compilation for stream specialization; and iii)
vectorization. The following paragraphs provide a review of related

works in these topics, while framing the proposed toolchain.

Data streaming: To circumvent limitations imposed by traditional

caches, data streaming schemes [6] were first developed to trans-

fer large contiguous data blocks directly between global memory

and hardware accelerators [5, 8, 17]. Over time, more sophisti-

cated schemes were introduced to describe multi-dimensional pat-

terns [28, 33, 39], handle indirection [30], and data dependencies [7].

Recently, new solutions started deploying such data streaming

mechanisms in GPPs, introducing the first concepts of stream spe-

cialization. The first attempt targeted an x86 architecture [46]. After

that, and by following the same trend, the SSR RISC-V extension [40]

was proposed. Several RISC-V ISA extensions followed, such as

UVE [9], which combines data streaming and vectorization to solve

the shortcomings of VLA extensions. ISSR [37] and SSSR [38] ex-

tended SSR [40] to support indirection and sparse computations.

Meanwhile, alternative approaches emerged within this paradigm,

such as stream-based prefetching [29, 42, 48], and near-data process-

ing [45, 47]. Importantly, S2VEC could be adapted to support these

solutions through back-end extensions, even without vectorization.

Compilation for stream specialization: Most of the mentioned so-

lutions provide some compiler support, typically in the middle-

end [27, 42, 46, 50] or back-end [40]. However, details on the com-

piler implementation are often limited [40, 42, 46]. To the best of the

authors’ knowledge, there is a single compilation proof-of-concept

work for stream specialization [27], and two for accelerators with

data streaming [22, 50]. The previous UVE compiler [27] lacks sup-

port for several essential features (as seen in Section 4), including

multiple and cross-loop dependencies, data stream description and

compute graph optimization passes, data stream synchronization,

and full nested-loop support. For accelerators, Weng et al. [50] de-

scribe only a stream extraction method, which is limited in both

pattern and code support. It does not consider stream loops, multi-

ple induction dependencies, loop collapsing, and compute graph

merging. In contrast, Lopoukhine et al. [22] rely exclusively on

high-level MLIR abstractions [20], whereas our approach operates

within the conventional LLVM compilation pipeline, supporting

standard C and, more generally, any language that lowers to LLVM

IR and follows the same optimization flow.

For most stream specialization approaches, the complexity of the

compilation process is tightly coupled with the complexity of the

data streaming model, the supported patterns, and optimizations.

In fact, most existing solutions have limited support for complex

patterns (with dependencies on other induction variables) [37, 38,

40, 42], or rely on less disruptive models to maintain a simple

compilation process [46]. Moreover, they are limited to pattern

detection, not considering code optimizations, such as vectorization.

Vectorization: SIMD extensions have long been a primary mecha-

nism for exploiting data-level parallelism in HPC workloads [12].

Recent architectures, including ARM SVE [41], RISC-V Vectors [49],

and UVE [9], introduce VLA instruction sets that adapt vector

width at runtime. On the compiler side, auto-vectorization tech-

niques [10, 16, 24, 31, 54] – such as outer-loop vectorization [32]

and Superword Level Parallelism (SLP) [4, 19] – have been widely

studied and integrated into modern compilers. However, exist-

ing approaches often fail to expose vectorization opportunities,

particularly for complex memory access patterns [2, 15, 24, 54].

The proposed compilation framework facilitates and extends auto-

vectorization by leveraging the linearization and coalescing effect

of stream specialization and stream-aware loop transformations.

7 Conclusions
This paper presented a novel compilation tool that leverages stream-

based dataflow mechanisms. Developed within LLVM, it fills a

critical gap in compiler support for stream-based specialization. Key

innovations include a dedicated IR for stream-based approaches,

new compiler passes to identify and encode memory access patterns

into streams, and a complete code generation pipeline designed for

stream-vector architectures. The proposed toolchain was evaluated

on the latest UVE version, achieving code quality comparable to

hand-optimized implementations while covering and vectorizing a

broader range of loops than existing vector-length agnostic auto-

vectorizers. Furthermore, preliminary results on a single-issue, in-

order vector coprocessor with data streaming support demonstrate

speedups of 5.9× over an equivalently configured in-order core and

1.5× over a wide OoO processor, both featuring RVV.
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