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Abstract
Patternmatching based on Regular Expressions (REs) is a per-
vasive and challenging computational kernel used in several
applications to identify critical information in a data stream.
Due to the sequential data dependency of REs and the in-
creasing data volume growth, hardware acceleration is gain-
ing attention to address the limitation of general-purpose
architectures. RE-oriented Domain-Specific Architectures
(DSAs) combine the flexibility of translating REs into binary
code with the efficiency of a specialized architecture, fill-
ing the gap between frozen hardware accelerators and the
versatility of CPUs/GPUs. However, existing DSAs focus
mainly on the efficiency execution challenge while missing
the optimization opportunities that a structured compilation
infrastructure can provide. This paper proposes a RE-tailored
multi-level intermediate representation strategy embodied
by the MLIR framework at the compiler level to exploit dif-
ferent abstraction optimizations via two domain-specific
dialects, one targeting the abstract representation of REs
and the other targeting the underlying domain-specific ISA.
Moreover, this paper proposes a novel architectural organiza-
tion of an open-source state-of-the-art DSA to maximize the
parallelization capabilities. Overall, the proposed approach
significantly improves execution time by up to 2.26×, energy
efficiency by up to 2.30×, and resource usage.

CCS Concepts: • Hardware→ High-level and register-
transfer level synthesis; • Software and its engineering
→Compilers; •Computer systems organization→Mul-
ticore architectures; Embedded systems.

Keywords: Domain-Specific Architecture, Domain-Specific
Compiler, Parallel Enumeration, Regular Expressions, MLIR
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1 Introduction
Thanks to their concise and expressive patterns, Regular
Expressions (REs) are a powerful tool for many applica-
tions comprising natural language processing, genomics,
databases, and deep-packet inspection [6, 11, 12, 27, 29, 37,
46, 53, 54, 56, 61, 62]. The straightforward approach to exe-
cute REs exploits their equivalent recognizer representation
called Finite-State Automata (FSA) that can be divided into
deterministic (DFAs) and non-deterministic (NFAs), depend-
ing on how many outgoing transitions a state has with the
same input character [27]. DFAs are simple to execute since
there is only one possible choice based on the input character,
but they could quickly lead to exponentially blowing up the
number of states [2–4, 6, 10, 15, 31]. Differently, NFAs can
have a compact representation but demand higher computa-
tional capability to handle the simultaneous parallel paths
to activate [3, 17, 27, 33, 49, 50].

Existing solutions rely on different architectural paradigms
to overcome the REs execution challenges, spreading among
CPU- [23, 41, 42, 56, 63], FPGA- [36, 43, 45, 55, 58, 60, 61],
in-memory- [16, 17, 21, 45, 48], GPU- [9, 20, 33, 34, 64], and
Domain-Specific Architectures (DSAs)-based [7, 14, 18, 18,
22, 39, 59]. Notably, the DSA approach has demonstrated a
better tradeoff between flexibility and execution efficiency by
exploiting the paradigm of RE-as-programming language [15,
50], keeping high flexibility thanks to software (SW) abstrac-
tions while delivering domain specialization and high ef-
ficiency via hardware (HW) acceleration [5, 14, 18, 22, 39,
52, 59]. Specifically, DSAs leverage domain-specific compil-
ers to translate the REs into executable code following the
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RE-tailored ISA specifications. With this language abstrac-
tion, it is possible to recompile REs quickly and load them
on the execution engine, thus providing HW specialization
efficiency without paying the cost of significant overhead
for HW reprogramming [36]. In this context, Cicero [39]
is an open-source DSA for REs based on Thompson’s algo-
rithm [50], which showcased remarkable energy efficiency
improvements over embedded and mainstream CPUs.

However, although this paradigm has demonstrated inter-
esting benefits, current DSA-oriented solutions for REs [8,
14, 39, 59] lack a structured compilation flow to push the
coding efficiency behind simple translators and an advanced
degree of parallelism to fulfill the most demanding perfor-
mance requirements. Indeed, current DSA compilers suffer
from premature lowering [32, 35], which causes abstraction
removal in the first stages of the compilation flow, poten-
tially missing powerful high-level optimizations that enor-
mously improve the generated code performance. Instead,
exploiting a tight HW-SW synergy that combines multi-pass
optimizations of Multi-Level Intermediate Representation
(MLIR) [32] dialects with architectural enhancements pushes
for new high-performance RE-tailored solutions.

This work proposes a multi-dialect MLIR-based compiler
to leverage different abstraction semantics and allow multi-
pass optimizations for the RE scenario, addressing the cur-
rent limitations of the RE-based DSA compilers. We combine
the general high-level RE-tailored dialect with the proposed
low-level MLIR dialect for Cicero ISA to provide seamless in-
tegration at different abstraction levels and simplify the low-
ering process while ensuring RE efficient execution on the
final architecture. The proposed compilation flow leverages
the high-level Intermediate Representation (IR) for general
and algebraic optimizations while removing the lower-level
ones of the previous compiler. Instead, the low-level dialect
facilitates the implementation of Cicero architecture-specific
optimizations that cannot be implemented on high-level IR.
This novel multi-level abstraction improves the execution
times of the original Cicero up to 1.7×.

Then, we propose an improved architectural organization
of the Cicero engine to foster the REmatching parallelization
and further take advantage of the compiler optimizations.
Our optimized organization increases the enumeration capa-
bilities by adding more cores in the single Cicero engine. In
this way, we improve the parallelization efficiency by remov-
ing the need to distribute threads across engines to balance
the thread count among them, achieving a more streamlined
and efficient approach. This denser packing of computing
cores better exploits the HW resources and, combined with
the multi-level abstractions, addresses the code locality issue,
showcasing latency and energy efficiency improvements.

In summary, this work has a three-fold contribution:

• Anovel compilation infrastructure based onRE-centric
multi-level custom MLIR dialects, allowing for

multipass high- and low-level optimizations and
targeting the Cicero ISA as the back-end (§3).

• An enhanced multicore design of the Cicero engine
architecture by providing parallelism with mini-
mizing thread movements (§4).

• An architecture-aware approach that exploits the
benefits of multi-level compiler abstractions to im-
prove instruction layout for a higher code locality and
enhanced microarchitectural performance (§5).

Thanks to our approach1[47], we improve the execution time
up to 2.26× and energy efficiency up to 2.30× (§6).

2 Motivation
Expressing the enumeration capabilities of NFAs has been
illustrated by the Thompson construction algorithm [1, 50],
and further explored by R. Cox [15] with the Google RE2
principles [23]. Cicero’s end-to-end domain-specific frame-
work embodies these principles for the efficient execution
of REs [39] as it comprises: a compiler for translating an
RE into an executable binary, an ISA that exposes the basic
primitives, and a configurable domain-specific architecture.
Its foundations are driven by the concept of decomposing
REs in simple operations and enumerate all the possible par-
allel execution threads working in lockstep on a sequence
of characters [15]. Cicero ISA operation classes are three:
matching, control flow, and acceptance. The first one expresses
the scenarios of matching any character, a specific one, or
not matching a specific one. The control flow operations
create two execution threads with the split instruction to
express alternative paths to explore or unconditional con-
trol flow changes. The last class represents the conclusion
of an RE execution in the exact matching scenario (i.e., the
whole text is matched) or the more classical one of finding
a match at any point in the input stream. We summarize
Cicero instructions in Table 1.

Table 1. Cicero Instruction Set Architecture. PC is Program
Counter (i.e., the address of the next instruction to be exe-
cuted), cc is the pointer to the current character, and OP is
the instruction operand.

Class Instruction Operand Description

Matching
MatchAny - PC+1 and cc+1.
Match(OP) Character if OP == *cc, PC+1 and cc+1.
NoMatch(OP) Character if OP != *cc, PC+1.

Control Flow Split(OP) Target Addr. Produces two flows PC+1 and address OP.
Jump(OP) Target Addr. Unconditional jump to address OP.

Acceptance Accept - Accepts if at the end of the string.
AcceptPartial - Accepts at any point in the string.

2.1 Premature Lowering Issues
Cicero features a domain-specialized compiler that automat-
ically translates from RE to a binary compatible with its ISA.
1https://github.com/necst/cicero

https://github.com/necst/cicero
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Figure 1. Single-engine Cicero: the core emulates the enu-
meration over a window of characters through a set of FIFOs
and a time-multiplexed three-stage pipelined core.

It is completely built from scratch as its instructions are state-
less, and the operation mode differs from a general-purpose
processor, making it impossible to rely on traditional CPU-
based compiler optimizations. However, the current compila-
tion approach misses important high-level optimizations due
to prematurely lowering the REs to the target ISA. In fact,
the old compiler features a single level of IR, which specifies
the order of instructions and the control flow between basic
blocks just after parsing. Given this single layer of IR, the
old compiler performs at this point the mapping of basic
blocks to instruction memory and generation of control in-
structions, and optimizations occur on mapped IR. Although
the old compiler can, in the first instance, optimally map
basic blocks and generate control instructions, it later needs
to apply optimizations to improve the code performance,
potentially raising sub-optimal implementations due to the
required control flow restructuring as shown in §5.
Based on this observation, and given the peculiarities of

REs, a dedicated multi-level IR avoids lowering prematurely
the IR to an architecture-specific one [32, 35]. To build the
proposed RE-centric compiler infrastructure, we take advan-
tage of the MLIR [32] approach since it allows us to provide
a high-level intermediate language for REs while at the same
time abstracting the proposed hardware architecture (§3).
We introduce a high-level dialect for REs tailored for abstract
optimizations and then lower to an ISA-oriented represen-
tation where a dedicated dialect can now apply an optimal
mapping of basic blocks, devising a different compilation
infrastructure, as Figure 2 shows.

2.2 Enumeration Limitations
Cicero’s main architectural component is the engine, a unit
capable of enumerating the possible execution threads of an
NFA over a window of character in a lockstep fashion. Fig-
ure 1 illustrates the main components of an engine: the core
and the First-In-First-Out (FIFO) buffers. The FIFOs contain
the Program Counters (PCs) associated with one character
of the window (CC_ID) to enumerate execution threads. The
core is a time-multiplexed computational unit that retrieves

Table 2. Average energy (Wµs) per RE execution for a subset
of the benchmarks [39]. The virtualized enumeration via
cross-engine load balancing stops scaling after 9 engines.

Engine # PROTOMATA BRILL PROTOMATA4 BRILL4

1 39.08 72.30 147.74 102.33
4 24.62 72.24 49.52 125.19
9 24.94 68.72 40.27 94.16
16 27.23 73.25 43.58 91.73
32 39.20 105.05 61.66 110.42

the instruction, thanks to the PC, and processes it through a
three-stage pipeline. Each core features its instruction cache,
which pays the cost of reading from the central instruction
memory in the case of cache misses. Cicero’s architecture
aims to enumerate all the threads and execute them in a
lockstep fashion, flowing over a character at a time.

Moreover, the multi-engine architecture has a centralized
controller to drive the lockstep execution aiming to improve
this enumeration capability. Each novel PC is evaluated by a
distributed load-balancer component that decides at run-time
whether or not to offload the thread to the next engine. Their
design space exploration shows that this cross-engine scale-
out strategy pays back up to a certain number of engines
while matching four REs in parallel. Indeed, this architec-
tural organization achieves a virtualized enumeration, which
leaves the parallelization of RE execution as an open issue.
Table 2 illustrates how adding more engines does not imply
a performance improvement. First, the single Cicero engine
can not overlap the thread execution at a finer grain with a
single time-multiplexed core. Second, the multi-engine archi-
tecture with the centralized controller adds a non-negligible
overhead to distribute the computation across the engines.

Therefore, we design a different architecture organization
that can improve this virtualized enumeration capability for
more effective parallelization of the RE matching (§4).

3 RE-Tailored MLIR Dialects
We devised a novel MLIR-based compilation flow to provide
a combined synergic HW-SW approach to the RE matching
domain. The proposed compiler pipeline is a linear process
that transforms a textual RE into a target binary, eventually
loaded into Cicero’s architecture. Figure 2 shows the com-
plete system, comparing the old structure with the novel one.
The novel infrastructure comprises multiple stages, lowering
the RE representation towards the ISA-compliant one. The
first stage performs syntax and grammar checking, ensuring
that input REs are well-formed and employ only supported
operations. It parses the textual RE using the ANTLR4 li-
brary [38], which facilitates the creation of lexer rules and a
grammar defining the syntax of the RE. This parsing process
results in the generation of an Abstract Syntax Tree (AST)
representing the structural hierarchy of the RE pattern in an
easy-to-analyze way for the next stages.
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Figure 2. Cicero system compilation flow comparison: the
old (left-hand side) and our novel (right-hand side. The com-
piler translates the RE into an AST, then the novel RE MLIR
dialect applies algebraic and shortest-match aware optimiza-
tions, and finally, the MLIR Cicero dialect applies back-end
specific optimizations by simplifying JUMP operations.

Table 3. Regex Dialect: High-Level IR for RE Semantics.

RE Operator Operation Name Operation Arguments

...|...|..., ˆ and $ RootOp Bool: $hasPrefix, Bool: $hasSuffix
Concatenation ConcatenationOp
{a,b}, +, * QuantifierOp INT64: $min, INT64: $max
Single character MatchCharOp INT8: $targetChar
. MatchAnyCharOp
[...] and [ˆ...] GroupOp BoolArray: $targetChars
(...|...|...) SubRegexOp
$ DollarOp

Then, the AST is converted into the proposed high-level
MLIR dialect, called Regex (§3.1). At this stage, various opti-
mizations can be applied to the IR to improve performance
and efficiency without being constrained by the specifics
of the target architecture. In the next step, the Regex MLIR
dialect is lowered into a lower-level one called Cicero (§3.3).
The process maps basic blocks to instruction memory and
inserts control instructions. This last dialect is specifically tai-
lored to the Cicero architecture, allowing for optimizations
that exploit its specific features to maximize performance
without restructuring the control flow. The final stage of
the compiler pipeline involves code generation, where each
operation in the Cicero dialect is transformed into the cor-
responding instruction in the Cicero ISA. This process com-
pletes the compilation of the RE pattern into a binary format
that is ready for execution on the Cicero architecture.

3.1 Regex: The High-Level IR Dialect
This dialect introduces a set of operations that enable a flexi-
ble and expressive representation of RE patterns and their
operators. Table 3 provides an overview of these operations,
including their names, arguments, and mapping to RE oper-
ators. In particular, RootOp is the top-level operation, repre-
senting the entire RE pattern. Its boolean arguments specify
whether the RE has an implicit .∗ at the beginning or end.
This parameter is paramount in pattern matching, as we
are mainly interested in patterns anywhere within the data.
Moreover, RootOp contains a sequence of ConcatenationOp
operations, implicitly alternated by the | operator, which in
turn contains a sequence of PieceOp operations. PieceOp
acts as a wrapper for AtomOp and QuantifierOp.
QuantifierOp specifies how many times the correspond-

ing AtomOp can be repeated by indicating a minimum and
maximum amount as integer arguments. AtomOp is not a
concrete operation but can be any of the remaining ones.
MatchCharOp and MatchAnyCharOp operations are used to
match specific characters or any character in the input string,
respectively. GroupOp matches any of the characters spec-
ified by a bitmap argument, e.g., “[ac]” becomes [false, ...,
true, false, true, false, ...].

SubRegexOp matches a sub-RE within the larger RE. Fi-
nally, DollarOpmatches the end of the input string. Listing 1
shows an example IR generated from the RE (𝑎𝑏) |𝑐{3, 6}𝑑+.
hasPrefix=true indicates an implicit “.*” prefix at the begin-
ning of the RE, while hasSuffix=true indicates an implicit
“.*” suffix at the end. RE users often want to match a pattern
anywhere within the data, so both implicit prefix and suffix
parameters are enabled. However, if users need to match
from the very beginning or until the very end of the data,
they can disable the implicit prefix/suffix by using the caret
(ˆ) and dollar ($) standard operators in the RE.

Listing 1. Regex Dialect example for (𝑎𝑏) |𝑐{3, 6}𝑑+
regex.root {hasPrefix=true , hasSuffix=true} {

regex.concatenation { // (ab)
regex.piece {

regex.sub_regex {
regex.concatenation {

regex.piece { // a
regex.match_char a

}
regex.piece { // b

regex.match_char b
}

}
}

}
} // Implicit "|" between concatenations
regex.concatenation { // c{3,6}d+

regex.piece { // c{3,6}
regex.match_char c
regex.quantifier from 3 to 6

}
regex.piece { // d+

regex.match_char d
regex.quantifier from 1 to -1

}
}

}

As this dialect provides a flexible and abstract represen-
tation of the RE structure, it operates independently of the
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underlying hardware ISA runtime environment. This charac-
teristic ensures its relevance beyond the scope of the Cicero
architecture, making it applicable to any other RE-matching
engine. Specifically, this approach simplifies the implemen-
tation and application of transformations and optimizations
agnostic to specific architectures or runtimes, enhancing
their utility across various contexts.

3.2 High-Level Transformations for Regex Dialect
We implement three sets of transformations in the high-
level Regex dialect to simplify regex expressions in a more
concise and straightforward representation. Each transfor-
mation is optional and can be enabled or disabled individu-
ally by toggling different compiler options. In the first set,
we simplify sub-expressions (sub-Regex) into a more con-
cise representation, applying canonicalization2 whenever
possible to remove the unnecessary parenthesis. Notable ex-
amples are: (abc)→ abc while (abc)+ remain the same to
respect the operator precedence; (a+) and (a)+ become a+;
(a{2,3}){4,7} remains the same (note that a{8,21} would
be incorrect, as it would accept 9 a which is not accepted by
the original RE.)

The second set of transformations focuses on factorizing
alternations that contain the same prefix, applying the dis-
tribution property of the concatenation with respect to the
alternation. These optimizations are implemented for the sub-
Regex and for the root regex. For example: this|that|those
→ th(is|at|ose); a(bc|bd) → a(b(c|d))

The third transformation applies to regex engines aimed at
producing any match rather than finding the longest match,
which is a common scenario in applications requiring at
least a match to trigger a specific behavior. We can apply
this transformation to quantified operations at the pattern
boundaries. Otherwise, it would derive a new semantic. In-
deed, pattern matching has an implicit .∗ at the beginning
and the end of the pattern; thus, applying reduction to the
quantifiers is permitted only at the boundaries of the RE,
e.g., “ab+.*” becomes “ab.*”. Notably, this transformation is
not executed if the .∗ prefix or suffix are explicitly disabled
via the RE $ or ˆ operators. We can exemplify this transfor-
mation with: a{2,3}|b{4,5} → a{2}|b{4}; abcd*|efgh+
→ abc|efgh; while ab*$ remains the same. All transforma-
tions, excluding this last one, preserve the original semantics
of the RE with an equivalent behavior.

3.3 Cicero: Low-Level IR Dialect
Although the Regex dialect can effectively cover high-level
RE representations for general-purpose targets, a lower-
level IR is essential for an architecture-specific represen-
tation to encode the RE into the target ISA and to implement

2https://mlir.llvm.org/docs/Canonicalization/

Table 4. Cicero Dialect: low-level IR for Cicero.

Cicero ISA Operation Name Operation Arguments

Accept AcceptOp
Accept Partial AcceptPartialOp
Split SplitOp Symbol:$splitReturn
Jump JumpOp Symbol:$target
MatchAny MatchAnyOp
Match MatchCharOp INT8:$targetChar
NotMatch NotMatchCharOp INT8:$targetChar

architecture-oriented optimizations. Consequently, we pro-
pose the Cicero dialect, designed to represent RE computa-
tions in a one-to-one mapping to the Cicero ISA (Table 1).
This dialect is crafted to ensure a straightforward lowering
process from the Regex Dialect while simultaneously being
tailored to implement optimizations specific to the Cicero
architecture. Table 4 provides an overview of the Cicero di-
alect operations (Op), including their names, the mapping to
Cicero ISA, and arguments (Table 1). Operations are divided
into three categories: 1) Acceptance: terminate the execu-
tion by yielding a positive RE matching result; 2) Control
Flow: jump to a fixed address or split the execution flow into
two threads, handling the alternative paths enumeration; 3)
Matching: match character from the input, otherwise kill
the corresponding thread. Acceptance operations are divided
into two modalities called AcceptOp and AcceptPartialOp.
The former halts execution, signaling the RE matching only
if the execution has traversed the entire input, while the
latter potentially accepts a partial segment.

Control flow operations encompass JumpOp and SplitOp.
The former executes an unconditional jump, while the latter
spawns a thread continuing to the subsequent operation and
another one jumping to a specified operation.

Matching operations consist of MatchAnyOp, MatchCharOp,
and NotMatchCharOp. The former matches any character
in the input string, while the other two are more specific.
MatchCharOp targets a particular character, while the re-
maining one matches any character except the specified
one. NotMatchCharOp does not advance through the input
string. This design choice aims to streamline the process of
lowering negated groups. For example, [ˆab] can just be
lowered into (NotMatchCharOp(a); NotMatchCharOp(b);
MatchAnyOp). In any case, if the matching or non-matching
operation fails, the thread is terminated.The one-to-one map-
ping reduces the complexity of the code generation step, mak-
ing it fast and straightforward to implement Cicero-specific
optimizations, e.g., simplifying jumps, thus efficiently en-
hancing runtime performanc

4 Parallel Enumeration Architecture
As anticipated by §2, the existing microarchitecture relies
on virtualizing the alternatives enumeration within an NFA.

https://mlir.llvm.org/docs/Canonicalization/
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Figure 3. Our proposed new microarchitecture: we apply an
effective enumeration of threads by packing multiple cores
in a single engine that are all actively processing .

Whenever multiple active paths are present (e.g., the pres-
ence of an OR operator allows for multiple matches), the
original Cicero multi-engine can leverage this parallelism
through what we call cross-engine load balancing. The thread
count is distributed among an interconnected system of en-
gines, each housing a single core and 2𝐶𝐶_𝐼𝐷 FIFOs, one for
each character in the input window, as shown in Figure 1.
The input window is set to exactly 2𝐶𝐶_𝐼𝐷 characters wide
because it is addressed by a𝐶𝐶_𝐼𝐷-bit wide pointer. This ap-
proach maximizes the pointer’s addressing capability. Con-
sidering this network of engines, congestion is solved by
moving threads across them, which, however, is an expensive
setup in terms of resource, power, and design complexity.

To overcome these limitations, we introduce a new archi-
tectural design where the engines are packed with 2𝐶𝐶_𝐼𝐷
Cicero cores instead of one, each paired to its corresponding
FIFO, as illustrated in Figure 3. On top of this, each core is
responsible for processing the threads associated with a sin-
gle character in the input window. This approach leverages
that each core can manipulate threads in three ways: 1) Up-
date only PC (Control flow operation); 2) Match a character
and increment by 1 both PC and CC_ID; 3) Kill the thread
or terminate overall execution by yielding the matching re-
sult. As such, a thread coming from FIFO 𝑁 and processed
by the corresponding core can only end up in FIFO 𝑁 or
𝑁 + 1, as its CC_ID can remain the same or incremented
by 1. The spread of threads to different FIFOs (and conse-
quently cores) naturally facilitates load balancing without
the extensive replication of FIFOs in many engines or the
movement of threads among engines. We call this technique
in-engine load balancing, as threads only move between
FIFOs in the same engine. By eliminating the need for elab-
orate load-balancing mechanisms and redundant FIFOs in

String: a b a a b a b d

PC: 0 1 2 3 4 5 6

Code: split(3) matchany jmp(0) match(a) match(b) split(10) match(a)

Old Architecture 1x2 (1 core per engine)

ENGINE 0

FIFO0 0 1 3 → 2 0

FIFO1 2 0 1 3

CORE0

S1 0 1 2 0 1 3 2

S2 0 -> 1 1 ✓ 2 -> 0 0 -> 1 1 ✓ 3 ✗ 2 -> 0

S3 0 -> 3 0 -> 3

  Load Balancing interconnection adds a latency of minum 2 clock cycles

ENGINE 1

FIFO0 → 3 5

FIFO1 4

CORE1

S1 3 4 5

S2 3 ✓ 4 ✓
S3

New Architecture 2x1 (2 cores, 1 engine)

ENGINE 0

FIFO0 0 1 3 5 6 2, 10 10 0

CORE0

S1 0 1 3 5 2 10

S2 0 -> 1 1 ✓ 3 ✓ 5 -> 6 2 -> 0

S3 0 -> 3 5 -> 10

FIFO1 2 4 0 1 3

CORE1

S1 2 4 0 1 3

S2 2 -> 0 4 ✓ 0 -> 1 1 ✓ 3 ✗
S3 0 -> 3

Figure 4. High-level view comparison of old multi-engine
(top) and new multi-core (bottom) architectural organiza-
tions executions. Each cell contains the PC and is colored
with the equivalent character thread. ’𝑎 → 𝑏’ is a jump to-
wards 𝑏; ’𝑎✓’ successful match; ’𝑎×’ unsuccessful match,
thread killed; ’𝑎 →’ and ’→ 𝑎’ represent the thread move-
ment from/to the engine. Our organization reduces threads
movements and optimizes parallelization efficiency.

multiple engines, we create a more efficient and resource-
conscious system that improves the performance scalability.

Our new engine design is backward compatible with the
previous version, maintaining an identical ISA and microar-
chitectural interface. Indeed, the new engine can adopt the
same multi-engine approach but with a significant distinc-
tion. The former engine featured a single core where its
output threads were promptly routed to the load-balancing
infrastructure, and incoming threads were just multiplexed
to the corresponding FIFO. Instead, our new engine com-
prises multiple cores, but only one core can connect to the
existing load-balancing infrastructure. In our design, the last
core outputs threads to the load balancer, while the first
FIFO receives the incoming threads. Consequently, should
thread congestion occur in the second core (such as a chain
of split instructions), cross-engine load balancing can only
commence once threads progress to the final core of that
engine. This observation indicates that having multiple en-
gines with our design is less efficient than the original Cicero,
given the limited movement of threads between engines and,
therefore, minimal cross-engine load balancing.

To summarize, we provide an exemplification of how the
two architectural organizations execute the same RE on an
input string in Figure 4. Our novel organization can sig-
nificantly enhance the architecture’s scalability, reducing
resource and power consumption with a higher locality



Combining MLIR Dialects with Domain-Specific Architecture for Efficient Regular Expression Matching CGO ’25, March 01–05, 2025, Las Vegas, NV, USA

while keeping compatibility at the ISA and microarchitec-
tural level.

5 Architecture-Aware Optimizations
Until now, we have considered the multi-level compiler op-

timizations and the enhanced parallel architecture separately.
However, synergically combining these two approaches opens
up further improvements, surpassing single-component ben-
efits with higher performance and efficiency [26].
Each Cicero core fetches instruction from an instruction

cache, which, in the case of cache misses, pays the cost of
reading the central instruction memory (see Cicero Core in
fig. 1). For this reason, the architecture is very susceptible to
instruction cache misses, demonstrating better performance
when the code it executes exhibits a better locality (see Fig-
ures 10 and 11 in §6 for a quantitative analysis). Therefore,
we aim to improve code locality through compiler transfor-
mations by evaluating the code locality statically at compile
time through the following proxy metric. We define the total
jump offset 𝐷offset as:

𝐷offset ≜
∑︁
𝑖∈𝐼

𝑑offset (𝑖) (1)

where 𝑑offset (𝑖) is 0 for all instructions except for JumpOp and
SplitOp, for which it is the offset of the jump. These offsets
represent the distances between basic blocks. A higher value
indicates a lower code locality, as basic blocks are farther
apart. We use this metric to compare the code locality of the
old and new compilers and to evaluate our optimizations.
We start by analyzing the original Cicero compiler, fo-

cusing on the code restructuring [39] optimization. This op-
timization reorganizes the sequences of Split instructions
into a tree with minimal depth, with the goal of minimizing
the longest instruction path to execute any of the leaves in
the tree. An example is shown in Figure 5, where we can
see that the number of jump instructions is reduced and the
tree’s depth is decreased. While this appears promising in
theory, it could quickly degrade the performance in prac-
tice. To better understand the reasons behind this point, we
must consider two factors. First, split instructions produce
two threads that could end up in two different FIFOs, but in
case of congestion, they end up in a single FIFO, making the
execution serial. Second, this optimization restructures the
control flow, resulting in basic blocks that are farther apart.
To demonstrate the latter, we measure 𝐷offset before/after
applying code restructuring on a simple example. Specifically,
Figure 6 illustrates the process on the RE 𝑎𝑏 |𝑐𝑑 , preceded by
an implicit matching of ".∗". In this case, the transformation
is not effective, and furthermore, Listing 2 shows how the
code locality is negatively affected in the assembly.
Instead, our approach wants to optimize code locality

without restructuring the control flow. Thus, we introduce
a new jump simplification optimization in the low-level IR,
which performs a simplification of the jump structures and

avoids jumping to AcceptPartialOp operations by dupli-
cating them, as shown in Figure 7 for the same RE 𝑎𝑏 |𝑐𝑑 .

More in detail, jump simplification is applied to each JumpOp:
1) it is removed if it targets the next operation; 2) it is replaced
by an acceptance operation (AcceptOp or AcceptPartialOp)
if it targets one; 3) if it targets a second JumpOp, the first
JumpOp’s target is updated to the second’s one: this process
is repeated recursively.

Indeed, reducing jumps to the next instruction or chain of
jumps requires fewer instructions and reduces control flow
changes. Finally, we relax the condition of a single accep-
tance state by changing the sequence of jump-acceptance
directly into an acceptance operation. In this way, the NFA
traversal can stop as soon as possible without paying the
cost of additional jump operations.
Listing 2 shows the generated Cicero assembly code for

the running example RE 𝑎𝑏 |𝑐𝑑 without the optimization,
using the code restructuring one, or using the Jump simpli-
fication one. Listing 2 also reports 𝐷offset, showing that the
proposed optimization leads to an improved locality com-
pared to the baseline non-optimized code and especially to
the one optimized by code restructuring.

6 Evaluation Results
This section evaluates the benefits of the introduced contri-
butions. Firstly, it considers the single-IR and MLIR compiler
impacts on the generated code size, compilation time over-
head, code locality, and final REs execution times (§6.1). Then,
it evaluates the proposed enhanced parallel architecture in
terms of FPGA resource usage, power consumption, and REs
execution times (§6.2). To measure execution times, we first
count the cycles required to complete the execution of a
complete benchmark and then divide by the number of REs
executed to obtain the average cycles needed for a single
RE. Then, we divide it by the clock frequency to obtain the
execution time and multiply it by the total on-chip power
estimated by Vivado’s power analysis tool for energy usage.
We evaluate Cicero architectures and compilers on an

Ultra96-v2 board powered by an AMD Zynq Ultrascale+ MP-
SoC XCZU3EG A484. In the remainder of the text, we refer
to the previous Cicero architecture and compiler as old and
the proposed ones as new. When comparing architectures,
we consider engines in ring topology since the previous
work [39] proved it is the most efficient.

Similar to the [39] evaluation, we use Protomata and Brill
benchmarks from AutomataZoo [54] in the simple and al-
ternate strategy. The simple one takes the first 200 REs from
each benchmark. The alternate one reflects the scenarios in
which, among a set of REs, it is essential to have at least one
of them matching to trigger an acceptance behavior. For this
purpose, we randomly sample 800 REs from each benchmark
and alternate 4 at a time in a single RE using the | operator,
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Figure 5. Previous code restructur-
ing transformation applied to RE
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number of JMPs is reduced.

SPLIT

SPLIT

.

JMP

a

b

JMP

c

JMP

d

✓

SPLIT

SPLIT .

JMP
a

b

JMP

c

JMP

d

✓

Figure 6. Previous code restructuring
transformations applied to the RE 𝑎𝑏 |𝑐𝑑
with an implicit .∗ at the beginning. The
transformation has a negative impact on
the implicit term as it now executes two
SPLIT instead of one, and the amount of
JMP remains the same.
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Figure 7. Proposed jump simplification
transformations applied to the RE 𝑎𝑏 |𝑐𝑑 ,
comprising an implicit .∗ at the beginning.
The amount of JMP is reduced, while the
traversal of split remains optimal.

Listing 2. Assembly comparison and 𝐷offset (the lower, the better) for 𝑎𝑏 |𝑐𝑑 , applying different optimizations.

No optimization:

D_offset = 3+2+5+1+3 = 13

000: SPLIT {1,3}

001: MATCH_ANY

002: JMP to 0

003: SPLIT {4,8}

004: MATCH char a

005: MATCH char b

006: JMP to 7

007: ACCEPT_PARTIAL

008: MATCH char c

009: MATCH char d

010: JMP to 7

Code Restructuring opt:

D_offset = 4+4+4+9 = 21

000: SPLIT {1,4}

001: MATCH char a

002: MATCH char b

003: ACCEPT_PARTIAL

004: SPLIT {5,8}

005: MATCH char c

006: MATCH char d

007: JMP to 3

008: MATCH_ANY

009: JMP to 0

Jump Simplification opt:

D_offset = 3+2+4 = 9

000: SPLIT {1,3}

001: MATCH_ANY

002: JMP to 0

003: SPLIT {4,7}

004: MATCH char a

005: MATCH char b

006: ACCEPT_PARTIAL

007: MATCH char c

008: MATCH char d

009: ACCEPT_PARTIAL
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Figure 8. Code size comparison of the new and old compil-
ers w/ and w/o optimizations.

resulting in 200 REs, called Protomata4 and Brill4, respec-
tively. For our evaluation, we split the input data into chunks
of 500 bytes each: the first 10000 chunks for 10MB Protomata
and 4018 chunks for 2MB Brill. The alternate versions of the
benchmarks use the same inputs as their simple counterpart
since they are merely compositions of REs.
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Figure 9. Compilation time comparison (log scale) of the
new and old compilers w/ and w/o optimizations.

6.1 Compilers Comparison
We start comparing the old and new compilers measuring
static indicators: code size, compilation time, and code local-
ity (Equation (1)). We always evaluate both of them with and
without enabling the optimizations. To conclude, we demon-
strate the impact that the two compiler toolchains have on
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Figure 10. Code locality (Equation (1)) of new and old
compilers w/ and w/o optimizations (log scale). The lower,
the better.

the execution time when considering the top (unmodified)
architectures of the original Cicero paper[39].

Code Size and Compilation Time Overhead. Figures 8
and 9 showcase the averaged results of thesemetrics. Notably,
the code sizes remain similar for both compilers when opti-
mizations are enabled, highlighting that the new compiler
optimizations do not require larger instruction memories.

When optimizations are turned off, our compiler exhibits
remarkable improvement in compilation times, which are
5.11×, 4.36×, 7.10× and 5.77× faster for Protomata, Brill,
Protomata4, and Brill4, respectively. The improvement can
be derived from the choice of the more performing state-of-
the-art MLIR framework during compiler construction.
We can focus on the overhead impact that the optimiza-

tions introduce for the different compiler infrastructures. The
old one slows down by factors of 6.52×, 2.10×, 38.98×, and
2.24× for Protomata, Brill, Protomata4, and Brill4. Despite
having multi-level passes, our novel compilation infrastruc-
ture’s optimizations introduce an overhead of 1.18×, 1.14×,
1.31×, and 1.45×, respectively. The lower overhead comes
from the tailoring and efficiency of each pass, which is per-
formed at the proper level without adopting a single complex
pass, which slows down the process.

Overall, reducing compilation time is particularly benefi-
cial for scenarios requiring frequent reprogramming of the
RE being executed, such as the database scenarios [29].
Code Locality. We measure the previously introduced

proxy metric for code locality, 𝐷offset (Equation (1)), com-
puted through static analysis of the compilers’ generated
code. This metric sums the jump offsets of control flow
instructions, which represent the distances between basic
blocks. A higher value indicates a lower code locality, as ba-
sic blocks are farther apart. Figure 10 illustrates the average
𝐷offset over all the considered benchmarks, showing that the
new compiler excels in consolidating code paths and high-
lighting the effectiveness of our optimizations. Specifically,

Figure 11. Compilers impact on the old architecture with
9 and 16 cores considering the average execution times per
RE for each benchmark. The lower, the better.

the proposed compiler achieves a code locality improvement
of 10.53×, 11.27×, and 2.88× over the old compiler for Pro-
tomata, Protomata4, and Brill4, respectively, while Brill re-
mains steady. Our multi-abstraction approach avoids the
premature lowering issue and improves code locality com-
pared to the single ineffective IR.

Compilation Impact on RE Execution Time. We now
aim to evaluate the benefit of the new compiler on the old Ci-
cero architecture, isolating the sole compilation flow benefit.
Figure 11 shows that the new compiler results in 1.7× and
1.2× faster execution for Protomata(4) and Brill(4) bench-
marks than using the old one. Protomata4 has a more sig-
nificant improvement in execution time than Brill4, which
reflects the higher enhancement in code locality (Figure 10)
despite a slightly higher instruction count than before (Fig-
ure 8). As anticipated by §5, this evidence highlights the
importance of prioritizing code locality over minor theoreti-
cal optimizations, which is crucial for improving execution
time performance.

6.2 Architecture Configurations Comparison
Since our compiler already yields optimal gains for the pre-
vious architecture, we now consider only the proposed com-
piler to demonstrate that the synergy of HW and SW leads
to even further improvements. As we evaluate several Cicero
configurations, we use the concise NxM CORES wording to
represent a configuration that packs N cores in M engines.
Notably, configurations with 𝑁 > 1 are enabled by our con-
tributions and were not previously attainable in the old
one. The original Cicero manuscript [39] extensively evalu-
ates previous architecture configurations, electing the multi-
engine architecture with topology ring and 𝐶𝐶_𝐼𝐷 = 3 as
the optimal ones.
For the old architecture (i.e., 𝑁 = 1), we limit the num-

ber of engines to 𝑀 ≤ 32 due to the scalability limitations
detailed in Table 2 in §2. The new architectures taken into
account are organized into groups based on CC_ID. Thus
each group has 𝑁 = 2𝐶𝐶_𝐼𝐷 . We select 𝐶𝐶_𝐼𝐷 ≥ 3 to align
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Table 5. Average energy per RE execution (Wµs) for each
micro-benchmark and architecture configuration, and over-
all average. For each micro-benchmark, the most efficient
configurationwithin each group is highlighted in bold, while
the overall most efficient one is underlined.

Configuration PROTOMATA BRILL PROTOMATA4 BRILL4 AVG overall

OLD 1x1 CORES 39.08 72.30 147.74 102.33 90.36
OLD 1x4 CORES 24.62 72.24 49.52 125.19 67.89
OLD 1x9 CORES 24.94 68.72 40.27 94.16 57.02
OLD 1x16 CORES 27.23 73.25 43.58 91.73 58.95
OLD 1x32 CORES 39.20 105.05 61.66 110.42 79.08

NEW 8x1 CORES 22.65 61.03 35.35 76.86 48.97
NEW 8x4 CORES 26.03 69.70 39.23 85.04 55.00
NEW 8x9 CORES 30.84 82.60 45.52 100.75 64.93
NEW 8x16 CORES 38.14 102.24 55.22 124.47 80.02

NEW 16x1 CORES 24.54 64.40 28.54 73.94 47.86
NEW 16x4 CORES 32.96 86.34 37.39 97.52 63.55
NEW 16x9 CORES† 54.47 142.68 60.32 160.65 104.53

NEW 32x1 CORES 31.90 80.40 34.54 86.56 58.35
NEW 32x4 CORES† 57.98 146.07 61.83 156.81 105.67
All at 150 MHz, except † at 100 MHz as > 70% LUTs and > 90% BRAMs are used.

with the previous work [39] findings and constrain𝑀 ≤ 32
and 𝐶𝐶_𝐼𝐷 ≤ 5 (𝑁 ≤ 32), which allows a better energy-
efficiency and resource utilization, showcasing a better scal-
ing compared to the old architecture organization. Notably,
we exclude new architecture configurations with a number
of cores not equally sized to 2𝐶𝐶_𝐼𝐷 (e.g., 9x1 CORES) as they
would be underutilized by construction, and those that do
not fit the FPGA resource budget (e.g., 32x9 CORES).
Micro Benchmarking Pre-Filtering. Given the large

combination set of possible architecture configurations and
benchmarks, we aim to filter out less energy-efficient archi-
tectures with micro benchmarking by sampling a limited
number of REs and inputs from each benchmark to gain
immediate insights into discerning viable configurations.
Specifically, we select the first 100 REs and inputs from each
benchmark and execute them on the old multi-engine archi-
tectures (i.e., 1xM configurations) and the new architectural
configurations (i.e., NxM ones). Table 5 reports the average
energy required to execute a single RE, computed as the
average RE execution time multiplied by the corresponding
power consumption (see Figure 12 for the power). Our new
multi-engine configuration (i.e., NxM) is always less efficient
than the new single-engine counterpart (i.e., Nx1), as we ex-
pect from our design choice of using the in-engine balancing
(§4). Specifically, this result confirms that packing multiple
cores in a single engine is beneficial due to the removal of
complex thread distribution among the cores. Therefore, we
excluded such configurations from the following extensive
evaluation, keeping in consideration NEW 8x1, NEW 16x1, and
NEW 32x1 for our new architecture and OLD 1x9 and OLD
1x16 for the old configuration, being the best compromises.

Power Consumption and Resource Utilization. For
completeness with the micro-benchmarking, Figure 12 re-
ports the power consumption of different configurations

Total On-Chip Power (W)

OLD 1x1 CORE
OLD 1x4 CORES
OLD 1x9 CORES

OLD 1x16 CORES
OLD 1x32 CORES
NEW 8x1 CORES
NEW 8x4 CORES
NEW 8x9 CORES

NEW 8x16 CORES
NEW 16x1 CORES
NEW 16x4 CORES
NEW 16x9 CORES
NEW 32x1 CORES
NEW 32x4 CORES

0.00 1.00 2.00 3.00 4.00

Figure 12. Power consumption (static + dynamic) compari-
son for all the architecture configurations of old and new.
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Figure 13. Resource usage (%) of old and new architectures
on the XCZU3EG. NEW 8x1 is the most resource-efficient.

scaling the cores and the number of engines. Instead, Fig-
ure 13 illustrates the resource utilization for the restricted
selected configurations on the Look-Up Tables (LUTs), Flip
Flops (REGs), and Block RAMs (BRAMs) (DSPs are unused).
We observe that although the OLD 1x16 and NEW 16x1 con-
tain the same amount of Cicero cores, we have a lower power
consumption and resource utilization on the FPGA. Indeed,
our strategy of packing multiple cores is more efficient, as
the in-engine balancing avoids the usage of costly external
additional FIFOs for additional engines and load distribution
stations while reducing the thread movement energy cost.
Moreover, we can scale to a higher amount of computing
units (i.e., greater than 16), which, however, has a high impact
in terms of power and resource consumption. Notably, the
NEW 8x1 is the most resource-efficient configuration among
the ones evaluated across all the resources.
Execution Time and Energy Consumption. In this

case, we extensively evaluate the benchmarks by averag-
ing the RE execution time. Figure 14 illustrates the speedup
of each configuration normalized to OLD 1x9 CORES one.
Notably, despite using fewer resources than the old config-
urations (Figure 13), NEW 8x1 CORES achieves comparable
execution time against them.
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efficient configuration is the best in the single-RE scenario,
while the NEW 16x1 CORES shows the best improvements
over [39] for the alternated benchmarks.

We then measure the energy by multiplying the average
RE execution time with the corresponding power consump-
tion, similar to the micro-benchmarking. Figure 15 illustrates
the energy efficiency improvement normalized with respect
to the OLD 1x9 CORES configuration, which aligns with the
preliminary analysis for the micro-benchmarks (Table 5). De-
spite the NEW 8x1 CORES not being the fastest configuration
for the simpler Protomata and Brill benchmarks, its resource
efficiency and reduced power consumption make it the most
energy-efficient option for these scenarios. Instead, when
considering the alternated, thus more parallel, Protomata4
and Brill4 benchmarks, the NEW 16x1 CORES stands out as
the most energy-efficient solution with 1.44× and 1.27× of
improvements against the older architectural organization.
Result Summary. Table 6 highlights the results when

considering the initial old compiler infrastructure and archi-
tectural organization of 1xM engines against the novel MLIR
compiler and microarchitecture. We obtain a 1.48× speedup
and 1.56× energy efficiency improvement by averaging over
all the benchmarks and a top 2.27× speedup and 2.30× energy

Table 6. Average RE performance (execution time and en-
ergy consumed) for alternate benchmarks (in bold the best),
and overall average for single and alternate benchmarks. We
compare the best configurations of the old and new ap-
proaches, showcasing our whole improvements.

Configuration PROTOMATA4 BRILL4 AVG overall
[µs] [Wµs] [µs] [Wµs] [µs] [Wµs]

Old Compiler, OLD 1x9 CORES 33.41 80.95 45.16 109.42 33.11 80.23
Old Compiler, OLD 1x16 CORES 33.36 88.70 41.50 110.34 31.90 84.82

New Compiler, NEW 8x1 CORES 19.86 43.70 35.25 77.59 24.17 53.20
New Compiler, NEW 16x1 CORES 14.71 35.16 30.70 73.41 21.57 51.58

Best (old) / Best (new) 2.27 2.30 1.35 1.49 1.48 1.56

efficiency improvement over Protomata4. Therefore, the syn-
ergic combination of the novel compiler and the enhanced
architectural organization exhibits better scalability in terms
of resource utilization and energy efficiency, thanks to an
improved abstraction through a multi-dialect MLIR-based
infrastructure and a more resource-efficient design.

7 Related Work
The embarrassingly sequential nature of the RE computa-
tional kernel pushes for different solutions to solve its intrin-
sic data dependency, with the goal of providing low-latency,
high-throughput, and energy-efficient solutions.

Overall, the literature proposes three different approaches
to overcome RE challenges, which can be categorized into:
CPU-based [23, 41, 42, 56, 63], automata-based accelerators
[9, 16, 17, 20, 21, 33, 34, 36, 43, 45, 45, 48, 55, 58, 60, 61, 64],
and DSAs [5, 7, 14, 18, 22, 39, 52, 59]. CPU-based solutions
exploit general-purpose architectures to execute REs, allow-
ing a large set of supported operators and run-time flex-
ibility. Google RE2 [23] provides fast RE matching with-
out relying on specific HW extensions, while Intel Hyper-
scan [56] exploits SIMD extensions of x86 CPU and efficient
sub-string analysis at the cost of high compilation overhead
and CPU extension dependency. However, HW offloading
is paramount to execute RE matching in scenarios such as
SmartNIC for DPI, where saving precious CPU cores for cen-
tral tasks and avoiding cumbersome data movement to the
host is paramount [19]. FPGA-based accelerators exploit
FPGA features to map automata directly on the fabric and
provide high performance [36, 43, 45]. However, changing
the REs can require a high update time to produce the new
bitstream to deploy [36, 58, 61]. In-memory-based solu-
tions offer a valid alternative to reduce data movement costs
and increase the efficiency in either external DRAM-based
configuration [17, 45] or within the CPU memory hierar-
chy [48]. Other solutions [9, 20, 33, 34, 64] aim to exploit
GPU data parallel characteristics to simultaneously execute
multiple active transitions in the NFAs. Despite that, various
works [6, 36] have demonstrated that GPU-based solutions
are slower than CPU ones due to RE intrinsic serialization.
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The introduction of MLIR has simplified the development
of compilation infrastructures, notably improving the ease of
creating new compilers, with a particular focus on domain-
specific languages (DSLs) [25, 30, 57]. Simultaneously, the
adoption of multiple levels of IRs has gained prominence
even in compilers for general-purpose languages, such as
Swift [13], which introduces the Swift Intermediate Lan-
guage (SIL), and Rust [44], which features three layers of
IR before lowering to LLVM IR and finally genereting code.
Our employed high- and low-level optimizations are used
in CPU compilation flows, but to the best of our knowl-
edge, this is the first work to use them clearly in the REs
domain, exploiting a multi-dialect organization and explor-
ing their benefits and impacts. Existing RE compilers either
perform translations into their equivalent automata repre-
sentation (NFA/DFA) with automata-based optimizations
[10, 17, 23, 43, 45, 56] or simply transform the RE(s) to byte-
code [7, 14, 39]. Thus, they miss the possible benefit of the
proposed multi-dialect RE-aware approach.

Code locality is paramount to boost general-purpose pro-
cessor performance through various techniques [24, 28, 40,
51]. Researchers improve the code layout to reduce the pres-
sure on the instruction memory hierarchy by profiling the
application code [28, 40] or even the operating system [51].
Although the issue is similar to the ones analyzed in this
work, and we borrow some concepts for readability, the pro-
posed locality work focuses on microarchitectural and code
details specific to the RE domain and Cicero. Indeed, our
jump simplification technique addresses various scenarios,
such as simplifying jumps that target other jumps. This is a
specific case of jump threading3, simplified by the fact that
our jumps are unconditional and can, therefore, always be
threaded (i.e., simplified).

8 Conclusions and Future Work
This paper proposed a multi-dialect compiler and an en-
hanced architecture organization combined to synergically
improve one of the most promising DSAs for REs execution,
Cicero. Abstracting the RE representations and optimization
through an MLIR-based approach leads to a synergic im-
provement of the parallelization with top improvement of
2.27× and 2.30× in execution time and energy efficiency.

Future Work. Future directions for this work can extend
the current ISA for acceptance instructions to support RE
identification in multi-matching scenarios. In this way, the
execution engine could return the RE identifiers when a
match occurs, increasing the analysis information. Moreover,
other existing DSAs could be added as the targeted back-end,
pushing for a standardMLIR-based multi-dialect compilation
flow for REs execution engines.

3https://llvm.org/doxygen/classllvm_1_1JumpThreadingPass.html
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A Artifact Appendix
A.1 Abstract
This document provides all the information about the arti-
fact to reproduce the main findings of the paper and poten-
tially modify the proposed work for further experiments. The
SW/HW setup comprehends two different environments to
reproduce all themain results. The x86machine is used for ex-
periments on the compilation flow (i.e., average compilation
time, code size, code locality) and bitstream generation (i.e.,
FPGA resource usage and total on-chip power). A Docker
container is provided with all the dependencies installed to
reproduce the result on the compilation, simplifying the pro-
cedure. Then, the Ultra96-v2 board is essential to execute the
REs benchmarks on the different architecture implementa-
tions and reproduce the relative results (i.e., average runtime
to match a RE and average energy used to match a RE).

A.2 Artifact Check-list (Meta-information)
• Compilation: C++, CMAKE, LLVM/MLIR 16, Antlr4, bash
• Data set:Automatazoo [54]
• Run-time environment: Python3, PYNQ 3.0.1
• Hardware: Ultra96-v2 FPGA board; x86 Machine
• Metrics: average compilation time (µs), code locality, aver-
age code size, FPGA resource usage (%), total on-chip power
(W), average runtime to match a RE (µs), average energy
used to match a RE (Wµs)

• Output: textual tables and PNG figure
• Experiments: Replicate Figures 8, 9, 10, 11, 12, 13, 14, 15;
Table 5

• How much disk space required (approximately)?: 5GB
• How much time is needed to prepare workflow (ap-
proximately)?: 30 min

• How much time is needed to complete experiments
(approximately)?: 48 hours

• Publicly available?: Yes
• Code licenses (if publicly available)?:MIT License
• Data licenses (if publicly available)?: Refer to single
benchmarks licenses

• Archived (provide DOI)?: 10.5281/zenodo.13345346

A.3 Description
A.3.1 How Delivered. Available on Github at https://github.
com/necst/cicero;

Zenodo at https://doi.org/10.5281/zenodo.13345346

https://llvm.org/doxygen/classllvm_1_1JumpThreadingPass.html
https://github.com/necst/cicero
https://github.com/necst/cicero
https://doi.org/10.5281/zenodo.13345346
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A.3.2 HardwareDependencies. Two hardware devices are needed:

1. x86 Machine to evaluate code size, compilation time, and
code locality metrics of OLD and NEW compilers.

2. Avnet Ultra96-v2 FPGA board to execute RE benchmarks on
the evaluated OLD and NEW Cicero architectures.

A.3.3 Software Dependencies.

1. Machine x86: (Required for comparison of static compil-
ers metrics) Ubuntu 22.04, Docker. (Optional, only to build
bitstreams) Vivado 2019.2, python3, zip, and unzip. For sim-
plicity, the comparison of static compiler metrics is auto-
mated within a provided Docker container. Otherwise, de-
pendencies can be installed manually in a Ubuntu 22.04 host
by running the commands within cicero_compiler_cpp/
Docker/Dockerfile. Dependencies include g++, CMAKE,
LLVM/MLIR 16, Antlr4; and some Python libraries: rich,
tqdm, matplotlib, ply.

2. Avnet Ultra96-v2 FPGA board: PYNQ image version 3.0.1;
g++, CMAKE, LLVM/MLIR 16, Antlr4; Python dependencies:
rich, tqdm, matplotlib.

A.3.4 Datasets. The provided artifact includes both the REs to ex-
ecute and the data to analyze extracted from the Automatazoo [54]
benchmark suite.

A.4 Installation

A.4.1 Machine x86. This setup is based on a Docker container
to simplify the evaluation process. Follow https://docs.docker.com/
engine/install/ for instructions regarding Docker installations
on the evaluation machine. Then, use the following com-
mand to clone the code repository and its submodules:
git clone --recursive https :// github.com/necst/cicero

A.4.2 Ultra96-v2 FPGA. Pre-build PYNQ images are avail-
able from the official website https://www.pynq.io/boards.
html. Instructions on how to load the image on the SD card
are available in the official documentation. For further infor-
mation on the board usage, refer to the official guide. Once
the board is powered on, clone the code repository and install
the required Python dependencies:
git clone --recursive https :// github.com/necst/cicero

pip install rich ==11.2.0 tqdm ==4.64.0 matplotlib ==3.5.1

# Install C++ dependencies

mkdir -p /etc/apt/sources.list.d

apt -get update && apt -get install -y ca-certificates gnupg

apt -key adv --recv -key --keyserver keyserver.ubuntu.com 15

CF4D18AF4F7421

echo 'deb http ://apt.llvm.org/jammy/ llvm -toolchain -jammy -16 main '

> /etc/apt/sources.list.d/llvm.list

apt -get update && apt -get install -y libmlir -16-dev mlir -16-tools

llvm -16-dev antlr4 libantlr4 -runtime -dev cmake clang -16

A.5 Experiment Workflow
A.5.1 Machine x86. To replicate Figure 8, Figure 9, and
Figure 10, an automatic script that executes benchmarks in a
Docker container is provided and can be executed as follows:

sudo bash scripts/artifact_evaluation/

compare_compilers_static_stats/run_benchmarks.sh

Listing 3. Reproduce results comparing compiler static
metrics (ETA: 30 minutes - around 2GB download size)

Results are both printed to console as raw textual tables
and plotted to PNGfiles in scripts/artifact_evaluation/
compare_compilers_static_stats/
script_within_docker/fig*.png.
Pre-built bitstreams are provided in the bitstreams

folder together with the FPGA resource usage and total on-
chip power to reproduce Figure 12 and Figure 13 raw data
(i.e., bitstreams/cicero_confs_usage_power.CSV ), sim-
plifying the reproduction process. Optionally, bitstreams
can be generated from sources. An automatic script generates
the bitstreams, extracts the static metrics (i.e., board usage
and total on-chip power), and, finally, puts the generated
files in the bitstreams folder. The script can be executed as
follows:
bash scripts/artifact_evaluation/

generate_bitstreams_and_extract_metrics.bash

Listing 4. Re-build bitstreams from architecture source code
configurations and extract static metrics (ETA: 24 hours)

Note that before running the synthesis script, Python vari-
ables in scripts/synth/synth.py should be updated. In
particular, VIVADO_SOURCEmust be changedwith the current
Vivado installation path, and MAX_WORKERS can be changed if
you want to run multiple bitstream generations in parallel.

A.5.2 Avnet Ultra96-v2 FPGA Board. The first step is
building the compiler:
cd cicero_compiler_cpp

mkdir build

cd build

cmake .. -DBUILD_TESTING=OFF -DCMAKE_CXX_COMPILER=$(which clang

++-16) -DMLIR_DIR =/usr/lib/llvm -16/ lib/cmake/mlir

cmake --build .

Listing 5. Build NEW compiler (ETA: 5 minutes)

To replicate Figure 11, Figure 14, Figure 15, and Table 5,
you first need to run all the required benchmarks. An auto-
mated script is provided, and it schedules all the benchmarks
in batches and saves the results in CSV files. The script must
be run as root:
sudo bash scripts/artifact_evaluation/benchmarks/

run_all_benchmarks.sh

Listing 6. Run all RE-matching benchmarks on the FPGA
board (ETA: 30 hours)

Once all the benchmarks are completed, a script is pro-
vided to automatically aggregate the intermediate results:
python3 scripts/artifact_evaluation/benchmarks/

aggregate_benchmarks_results.py

Listing 7. Aggregate and combine all RE-matching
benchmarks on FPGA board (ETA: 5 minutes)

https://docs.docker.com/engine/install/
https://docs.docker.com/engine/install/
https://www.pynq.io/boards.html
https://www.pynq.io/boards.html
https://pynq.readthedocs.io/en/latest/appendix/sdcard.html?highlight=image%20
https://ultra96-pynq.readthedocs.io/en/latest/index.html
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Results are plotted as PNG images in scripts/artifact_
evaluation/benchmarks/fig*.png (Figure 11, Figure 14
and Figure 15) and to console as raw textual tables (Table 5).

A.6 Evaluation and Expected Result
All the results are printed as raw textual tables, and some
are plotted as graphs in PNG images for better visualization
of the trends. Compilation times can differ based on the CPU
used, but general trends can be reproduced. RE-matching on
the FPGA should have near-identical processing times thanks
to the stability of the hardware environment. If bitstreams
are re-generated from source, board usages and total on-chip
power may vary slightly due to inherent randomness in the
synthesis process.

A.7 Experiment Customization
Benchmarks started using scripts/artifact_evaluation/
benchmarks/run_all_benchmarks.sh can be configured
by changing the files in scripts/artifact_evaluation/
benchmarks/configs. Individual benchmarks can be con-
figured by changing scripts/measurements/benchmark/
bench_config.py, and then their execution can be sched-
uled running as root scripts/measurements/benchmark/
test_top.py. The generation of the bitstreams can be cus-
tomized by updating CONFIGURATIONS in scripts/synth/
synth.py.
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