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Abstract

The K framework is a semantics-based approach to language design
and implementation. From a single definition of a language’s syntax
and operational semantics, a full set of tools can be extracted automat-
ically, including a concrete interpreter for programs in that language.
In this paper, we identify the most critical performance bottleneck for
such interpreters: compiling fast decision trees for a subset of associative-
commutative pattern-matching problems. We demonstrate a decision
tree-based compilation algorithm that substantially extends existing meth-
ods with support for fast runtime collection data structures. We show that
LLVM-based interpreters generated by K perform comparably to ones
written by hand for interpreted languages such as EVM and are practi-
cal for real-world adoption. Moreover, we show that optimizations that
are only possible in the presence of a formal language semantics make
Compositional Symbolic Execution (CSE), in fact, outperform manually-
written language implementations. Automatically generating efficient and
correct-by-construction language implementations from formal semantics
is the holy grail of the programming language field; after more than two
decades of sustained innovation and engineering, K is proudly almost
there.
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Figure 1: The central vision of the K Framework: from one formal definition
of a language’s semantics, a full suite of important tooling can be derived auto-
matically.

1 Introduction

The K framework [36] is a semantic framework that allows language design-
ers to automatically and generically derive a full suite of tools from a single
formal specification of their language. For example, K can generate a parser,
interpreter and symbolic deductive verifier [13] from this specification. The
language-generic approach used by K is scalable; many real-world programming
languages have been formalized in K, including C [16], Java [6], JavaScript [34],
Python [20], Rust [45], x86-64 [14], the Ethereum virtual machine [22], and
LLVM IR [31]. The implementations obtained are suitable for commercial ap-
plications [21; 37].

For a programming language L, the K definition of L consists of (1) the con-
crete syntax of L, as a conventional BNF grammar; (2) the state maintained by
each program in L during execution (its configuration); and (3) the operational
semantics of L given as a set of rewrite rules. A rewrite rule φlhs ⇒ φrhs speci-
fies a transition relation over configurations; any configuration that matches the
pattern φlhs can be rewritten into the configuration φrhs. The K compiler trans-
forms rules that act on local fragments of a configuration into efficient top-level
rewrites of the entire configuration.

A language-agnostic concrete interpreter is one of the most important tools
that K provides. From a K definition of a language L, the K compiler generates
an interpreter for programs in L. It takes as input any configuration γ of L, and
looks for a rewrite rule whose left-hand side is matched by γ. If such a rewrite
rule exists, the interpreter applies it to γ and obtains a new configuration γ′ as
specified by the right-hand side of the rule. Execution proceeds by repeatedly
applying this process until no rewrite rules apply, in which case the execution
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terminates.
In this paper we present LLVM-K: a language-agnostic implementation

strategy for K concrete interpreters, where the pattern matching and rule ap-
plication components of a K language definition are compiled to efficient native
code via LLVM IR [29].

Much of the work done by aK concrete interpreter is pattern matching, where
terms in K’s internal term representation (KORE[25]) are matched against pat-
terns in order to bind variables in rewrite rules. This is a well-studied problem,
with solutions implemented by every mainstream functional programming lan-
guage.

An initial version of the K compiler (OCaml-K) generated OCaml code for
each K pattern, and relied on the OCaml compiler to provide efficient pattern
matching. However, this approach failed to scale: the terms generated by K
triggered pessimal behavior in the OCaml compiler, leading to either impractical
compilation times, or slow execution. A specialized pattern matching compiler
for K was therefore required.

The primary contribution of this paper is an algorithm for compiling K
pattern matching problems to efficient native code. This algorithm originates in
the canonical work of Maranget [32], but is substantially extended with features
specific to K; we define pattern matching for collection data types (lists, maps,
and sets) and pattern matching for conditional rewrite rules. The algorithms
presented in this paper are instantiated in our implementation of LLVM-K [4],
which significantly outperformed OCaml-K.

We evaluated the performance of LLVM-K interpreters in two contexts:
Comparing the K implementation of EVM, KEVM, with the Go implemen-
tation of EVM, Geth, using the Ethereum test suite [1] and evaluating both
EVM implementations against the Solidity interpreter generated by LLVM-K
with and without CSE optimization in a program that executes a thousand
swap operations from the UniSwap V2 contract [3]. The first evaluation shows
that we have some room to outperform Geth, but that KEVM without any CSE
is already performance-wise comparable with the most used EVM implementa-
tion around. The second experiment proved that a language-specific interpreter
generated by LLVM-K can outperform Geth, being 57% faster, when optimized
with CSE for the UniSwap V2 contract. . The structure of this paper is as
follows. First, in Section 2, we review relevant related work in pattern matching
compilation and term rewriting engines. Then, to contextualize the rest of the
paper, Section 3 gives a brief overview of a K semantics. Section 4 gives a high-
level overview of LLVM-K. Sections 5 to 8 detail the algorithms and technical
contributions of LLVM-K, which are evaluated in Section 9.
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2 Related Work

2.1 Semantic Frameworks

There exist many semantic frameworks that allow the extraction of semantic
tools from a formal definition of a programming language. Early work on Cen-
taur [8] compiled a typol [15] definition of a language’s natural semantics to
Prolog rules; these rules could then be queried by interactive tools such as a
pretty-printer or interpreter. Even in this early work, the authors identify the
performance of the underlying rule engine as a limitation of their approach, and
suggest a specialized compiler for their Prolog rules as a potential solution.

The Spoofax workbench collects a set of domain-specific languages and
tools for designing and implementing programming languages: SDF [43] for
syntax descriptions and parser generation, Stratego [44] for dynamic semantics
and execution strategies, and FlowSpec [39] for data-flow analysis.

Similarly, tools developed in other workbenches such as PLT Redex [19]
also rely on the performance of an underlying language or runtime environment
(here, Racket). This points to performant concrete execution and interpretation
as a shared point of difficulty for language workbenches.

2.2 Rewrite Engines

The concrete execution strategy used by LLVM-K has its roots in the term
rewriting literature. Maude [11] is a rewrite engine based on order-sorted
membership equational logic [33]. It is a high-performance system for specifying
formal and computational systems, especially concurrent applications. A key
feature of Maude is its built-in unification algorithms that apply modulo ACUI
axioms1. This ACUI reasoning capability is further improved by variant-based
unification [17].

ASF+SDF [42] is a general-purpose specification framework based on alge-
braic specifications. It has been used to define the syntax and formal semantics
of programming languages, program transformations, and language transfor-
mations. An ASF+SDF definition consists of two parts. The ASF (algebraic
specification formalism) part specifies the formal semantics in terms of condi-
tional rewrite rules. The SDF (syntax definition formalism) defines the concrete
syntax of the target language. ASF+SDF supports both interpretation and com-
pilation of the rewrite rules. The ASF2C compiler generates efficient C code
that implements pattern matching and term traversal.

As part of its suite of tools, Spoofax [28] provides a term rewriting mod-
ule that allows programmable rewriting strategies, permitting context-sensitive
transformations. Interpreters generated from a Spoofax definition rely on the
Truffle [46] infrastructure to perform just-in-time specialization and compila-
tion; this approach is more complex than K’s pure term-rewriting approach,
and relies on a Java virtual machine rather than compiling to native code.

1Associativity, Commutativity, Unit and Idempotence.

5



2.3 Pattern Matching Compilation

Much of the work in this paper deals with the compilation of pattern matching,
one of the first accounts of which is given by Cardelli [9] in the context of an ML
compiler; the subsequent work discussed in this section deals exclusively with
similar ML-style patterns. The fundamental problem of ordering is introduced
here: how should the compiler decide the order in which to address the sub-
components of a pattern matching problem to produce efficient code?

As well as the ordering of sub-problems, generating efficient code from these
structures is addressed by Augustsson [5], who demonstrates an approach based
on backtracking automata. That is, it is possible for the code they generate to
proceed down an infeasible path, then be forced to re-examine part of the term
being scrutinized. While doing so is clearly suboptimal, it is possible to amelio-
rate the performance impact of doing so through carefully chosen optimizations
[30].

The potential for backtracking can be avoided entirely by compiling pattern
matching to decision trees (DAG-like structures with internal sharing) [32]; do-
ing so can potentially produce larger code, but in practice performs comparably
to the backtracking approach. In this paper, the K compiler compiles to de-
cision trees, and so much of the notation and terminology used is shared with
Maranget [32]. Almost all pattern matching compilers perform some variant
of decision tree compilation; the underlying approach is flexible enough to be
adapted to contexts such as extensible languages [40], analysis of complex func-
tional programming features [27], and dependently-typed languages [12].

3 A Running Example of K
In this section, to provide context for the rest of the paper, we show a K defini-
tion of IMP; a minimal, prototypical imperative language. IMP has arithmetic
and boolean expressions, assignment statements, conditional statements, loops,
and sequential composition of statements.

Listing 1: Syntax module of the K definition of IMP, a simple imperative pro-
gramming language. Syntax is defined as a familiar BNF grammar.

module IMP−SYNTAX
imports ID
imports INT−SYNTAX

syntax AExp : := Int | Id
| AExp "/" AExp [ le ft , str ict ]
> AExp "+" AExp [ le ft , str ict ]
| "(" AExp ")" [ bracket ]

syntax BExp : := Bool
| AExp "<=" AExp [ seqstrict ]
| "!" BExp [ str ict ]
> BExp "&&" BExp [ le ft , str ict (1 ) ]
| "(" BExp ")" [ bracket ]
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syntax Block : := "{" "}"

| "{" Stmt "}"

syntax Stmt : := Block
| Id "=" AExp ";" [ str ict (2 ) ]
| "if" "(" BExp ")"

Block "else" Block [ str ict (1 ) ]
| "while" "(" BExp ")" Block
> Stmt Stmt [ l e f t ]

syntax Pgm : := "int" Ids ";" Stmt
syntax Ids : := L i s t { Id , ","}

endmodule

Listing 2: K definition of the semantics of IMP. These semantics are defined by
a set of rewrite rules that transform IMP syntax, and eventually lower it into
K’s standard library domains.

require "imp -syntax.k"

module IMP
imports IMP−SYNTAX
imports INT
imports BOOL

syntax KResult : := Int | Bool
configuration <T>

<k> $PGM:Pgm </k>
<s t a t e> .Map </ s t a t e>

</T>

rule <k> X: Id => I . . .</k>
<s t a t e> . . . X |−> I . . .</ s t a t e>

rule I1 / I2 => I1 / Int I2 requires I2 =/=Int 0
rule I1 + I2 => I1 +Int I2
rule I1 + I2 => I1 +Int I2
rule I1 <= I2 => I1 <=Int I2
ru l e ! T => notBool T
rule t rue && B => B
rule f a l s e && => f a l s e
rule {} => .
rule {S} => S
rule <k> X = I : Int ; => . . . .</k>

<s t a t e> . . . X |−> ( => I ) . . .</ s t a t e>
rule S1 : Stmt S2 : Stmt => S1 ∼> S2
rule i f ( t rue ) S e l s e => S
rule i f ( f a l s e ) e l s e S => S
rule whi le (B) S => i f (B) {S whi l e (B) S} e l s e {}
rule <k> i n t (X, Xs => Xs) ; </k>

<s t a t e> Rho :Map ( .Map => X|−>0) </ s t a t e>
requires notBool (X in key s (Rho) )
rule i n t . Ids ; S => S

endmodule
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3.1 IMP Syntax Definition

The K definition of IMP is shown in Listing 1 and Listing 2. It consists of
two modules: IMP-SYNTAX that defines the formal syntax of IMP, and IMP that
defines the operational semantics of IMP using K rewrite rules. K syntax defini-
tions are BNF grammars, with terminals represented by double-quoted strings
(e.g. "if", "while"), and non-terminals by capitalized words (e.g. AExp, Int,
Id). Each syntax definition can be associated with attributes in square brack-
ets; these attributes encode additional syntactic and semantic information. For
example, [left] denotes left-associativity, while [strict] means that the pro-
duction has a strict evaluation order: E1 + E2 is evaluated by first evaluating
E1 and E2, and only then evaluating the addition operation. if (B) S1 else

S2 has attribute [strict(1)], so only the condition B is evaluated before the
top-level term. As you can see, strict attribute uses a 1-based indexing approach.

3.2 IMP Semantics Definition

The module IMP defines the configurations and formal semantics of IMP.

3.2.1 Configurations

A configuration is a snapshot of a complete state of a machine that runs IMP,
including the program being executed and any additional information required.
We organize this information into XML-like cells, which can be nested. An
IMP configuration has two important cells: the <k/> cell contains the current
computation, and the <state/> cell contains a mapping from IMP variables to
their values.2 Complex languages have many more cells than this; for example,
K configurations for C [16] have more than 120 cells.

3.2.2 Rewrite Rules

K uses rewrite rules to define the formal operational semantics of IMP; in List-
ing 2, rules are declared by the keyword rule. The most basic K rules have the
form LHS => RHS, meaning that for any term matching the K pattern LHS, we
can rewrite it to RHS.

For example, the semantics of the while loop in IMP is defined by rewriting:

whi le B { S } => i f B { S whi l e B { S } } e l s e { }

That is, the rewrite rule unfolds a single iteration of the loop.

3.2.3 The K Frontend

As well as matching and rewriting a single term in the current computation
(i.e. the <k/> cell), K supports more advanced rules that locally rewrite the
configuration. For example, consider the rule for variable lookup in an IMP
program (where X |-> I means “X maps to I” in the <state/> cell):

2For clarity, we nest both of these inside a <T/> cell explicitly; this top-level cell is usually
inserted implicitly by the compiler.
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<k> X: Id => I . . .</k>
<s t a t e> X |−> I . . .</ s t a t e>

Here, the rewrite arrow occurs inside the <k/> cell. The K compiler frontend
performs a series of de-sugaring transformations to lift this rule into a more
consistent (but less convenient to read and write) top-level rewrite. The ellipses
at the end of cell patterns are replaced by explicit patterns, and the top-level
<T/> cell is made explicit. Additionally, the entire configuration is repeated:

<T>
<k> X: Id ∼> REST−K </k>
<s t a t e> X |−> I REST−STATE </ s t a t e>

</T>
=>

<T>
<k> I ∼> REST−K </k>
<s t a t e> X |−> I REST−STATE </ s t a t e>

</T>

These transformations make it convenient to write K code, while also induc-
ing a conceptually simple internal structure for K definitions. Internally to K,
configuration cells are themselves just terms in an extended language syntax.
This means that a top-level configuration rewriting rule as above is simply a sin-
gle large pattern-matching and rewriting problem; it is therefore intuitive why
pattern matching must be made as efficient as possible in a LLVM-K interpreter.
Further discussion of the user-level K language is out of the scope of this paper,
which is concerned only with the internal details of how a K pattern-matching
problem should be compiled and the efficiency of our approach in real-world
applications. The readers interested in learning K are encouraged to start with
the K Tutorial.

4 LLVM-K Backend: A High-Level Overview

In this section, we give a high-level overview of LLVM-K. We will detail its
various subsystems and the ways in which they interact to create the semantic-
based compiler that is LLVM-K.

LLVM-K does not operate directly on K definitions. Rather, it operates on
KORE [25], a simplified internal representation of K. This KORE definition
is produced by the K frontend and can be compiled by the LLVM-K backend
into a native interpreter binary that efficiently implements the rewrite system
specified by that definition. Alternatively, the KORE definition can be compiled
into a dynamic or static library that provides similar rewriting functionalities.

LLVM-K comprises the following subsystems and data structures:

• KORE AST data structures: Data structures that represent the KORE
AST in memory.

• Decision tree data structures and generator: Data structures repre-
senting decision trees used for pattern matching purposes and a generator
that converts KORE ASTs to decision trees.
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• Runtime terms: Data structures representing KORE terms during exe-
cution.

• Code generator: The main compiler that translates decision trees into
an interpreter that can rewrite KORE terms according to the given KORE
definition.

• Runtime library: Libraries and hooks implemented in C/C++ and
LLVM IR that are linked with the generated interpreter to provide perfor-
mance-focused runtime utilities.

• Memory management and garbage collector: Memory allocator and
garbage collector for runtime terms.

In the following subsections, we give more details on each of the above items.

4.1 KORE ASTs

The input to the LLVM-K backend is a KORE definition [25], which is an inter-
nal representation of a K semantic definition, produced by the K frontend. A
KORE definition (similarly to a K definition) contains sort and symbol declara-
tions, as well as various axioms on terms constructed by said symbols, including
axioms that specify rewriting a term that matches a specific pattern to another
term. For a formal definition of the syntax of a KORE definition, see [26].

The KORE AST is represented internally in the backend by a collection of
C++ data structures that include classes for KORE definitions, axioms, pat-
terns, sorts, symbols, etc.

The KORE data structures guide the compilation of the KORE definition
into a decision tree that implements pattern matching to select which rewrite
rule to apply to a given term. They also guide the code generation that imple-
ments the said rewrites, i.e. the generation of code that rewrites a given term
to a new one according to a rewrite rule that matched. As such, they provide
the following important functionalities:

• The data structures form an abstract syntax tree (AST) that can be tra-
versed for the purposes of decision tree and code generation. For example,
a KORE definition data structure points to the various sort and symbol
declarations it contains, as well as the various axioms that represent top-
level and function rewrite rules. A KORE pattern data structure points
to the KORE symbol data structure for the constructor of the pattern, as
well as to other KORE pattern data structures for the arguments of the
constructor symbol.

• Parsing from textual KORE and outputting as textual KORE.

• Serialization and deserialization into two different binary formats, one that
focuses on optimizing storage size for large KORE terms, and another that
focuses on optimizing serialization/deserialization times.
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• A mapping between KORE symbols and arithmetic tags, that will be
useful for translating said symbols into the more efficient runtime term
representation.

• Various utilities such as hashing, applying a substitution into a term,
expanding macros, etc.

The LLVM-K backend compiler walks a given KORE definition and gener-
ates a decision tree that can be used to pattern-match any given term of said
definition and choose a corresponding rewrite rule from that definition to ap-
ply. The compiler does that for the top-level KORE definition as well as for all
functions in that definition. Note that both K top-level rules and function rules
correspond to KORE axioms.

4.2 Decision Trees and Pattern Matching

The compiler of the LLVM-K backend needs to generate code that, for any given
term that is well-formed according to a KORE definition, selects a rewrite rule
from said definition that matches the term. Rewrite rules comprise a pattern
(also known as the left-hand side of the rule) and a rewrite term (also known
as the right-hand side of the rule). The pattern is a KORE term that contains
variables and can be matched against a given concrete KORE term. The rewrite
term is also a KORE term that contains the same variables found in the pat-
tern. In the process of matching, the variables of the pattern are given concrete
values according to the sub-terms of the concrete term that they matched. This
mapping from pattern variables to concrete terms is called a substitution. After
the pattern has been matched and we have a substitution, we can rewrite the
given concrete term into the rewrite term of the matched rule by applying the
substitution to the rewrite terms to get a new concrete term.

The pattern matching code generated by the compiler needs to handle large
KORE definitions with potentially thousands of rewrite rules to select from.
The code should do that in the most efficient way possible in terms of both code
size and number of branches. Pattern matching is a common and well-studied
problem for compilers of functional languages. In the LLVM-K backend, we
employ a modified version of an existing published algorithm for code generation
of efficient pattern matching, described in [32]. The algorithm represents the
patterns of the left-hand side of rewrite rules as matrices, and processes these
matrices into a decision tree data structure: Starting from the root of the tree,
each node is a check on a specific position of the given term and the children
of the node represent how to continue checking given the result of the parent’s
check. A leaf node corresponds to a specific rewrite rule that matches when
the leaf node is reached through a series of checks on the given term. The
algorithm is designed to be customized with various heuristics in order to lead
to generation of decision trees that minimize the number of checks needed to
match a given term.

As mentioned, the LLVM-K backend uses a modified version of the algo-
rithm. There are two main modifications in our pattern matching algorithm:
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• New heuristics that we have found lead to better decision trees for the
kinds of patterns found in KORE definitions.

• New types of internal decision tree nodes to represent functionality specif-
ically found in KORE term patterns that are not covered by the patterns
considered by the original algorithm, e.g. patterns that match an element
of a set, or the i-th element of a list.

Our modifications to the pattern matching algorithm are documented in detail
in Sections 5 to 8.

4.3 Runtime Term Representation

The KORE AST terms contain a lot of information that is not needed during
execution and are therefore not ideal to use at runtime. Rather, the LLVM-K
backend uses block as the common data structure to represent KORE symbol
terms at runtime. The block datatype is defined as:

using block = struct block {

blockheader h;

uint64_t *children [];

};

The children field contains data that points to children of this block, i.e.
the arguments of the KORE symbol that corresponds to this block. These can
be other block pointers or any of the native runtime types described below.

The blockheader is a struct containing only one 64-bit value that we use
to encode all metadata related to the block. That includes its size, layout, and
tag:

• The size metadata contains the size of the block, in words.

• The layout metadata is an index to the layout table (generated by the
code generator). The layout table contains information about the layout
of the block, such as the number of children for this block, the offset in
bytes from the start of the block where we can find the data related to
each child, as well as whether each child is another block or one of the
native runtime types.

• The tag metadata is a unique identifier for the symbol that is used instead
of the symbol name during runtime, because comparing integers is more
efficient than comparing strings.

• There are also a number of bits in the blockheader that provide metadata
related to the memory management system and the garbage collector.

The LLVM-K backend implements some KORE sorts as native types rather
than regular blocks in order to be able to hook builtin functionality that should
be available for these sorts into native C++ libraries that give significant per-
formance benefits. The following sorts have their own implementation on the
backend: machine integers, arbitrary precision integers, floating point numbers,
strings and bytestrings, and collection sorts (maps, sets, lists, and rangemaps).
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4.4 Code Generation and Rewriting

The code generator is responsible for generating code that implements the pat-
tern matching as directed by the decision tree, as well as the rewriting that
should occur when a leaf node is reached in the tree, which corresponds to a
rewrite rule. The main loop of execution is as follows:

1. Given a KORE term, walk the decision tree to reach a leaf node.

2. Apply the rewrite rule that corresponds to the reached node to the KORE
term.

3. Repeat for the new KORE term we get after applying the rewrite rule.

The execution terminates if, in step 1, we fail to find a match, i.e. we end up in
a special node of the decision tree that represents a pattern matching failure.

Before we start the execution loop, we need code that converts the input
KORE term, which was parsed as a KORE data structure, into a Runtime
Term. The code generator generates a variety of utility functions and tables to
that end, including:

• Functions that convert between tags and symbol names. Tags are used by
runtime terms because they can be compared more efficiently than strings.

• A table that describes the layout of a runtime term that corresponds to a
certain tag.

• A table that provides the sort of the for a runtime term that corresponds
to a certain tag.

• A table that provides the argument sorts (if any) for a runtime term that
corresponds to a certain tag.

• A visitor function that recursively calls a given lambda on the children of
a given runtime term.

Using these utilities, the backend runtime provides a function that constructs
the initial runtime term from a given KORE pattern data structure. These
utilities are also useful for various other runtime functions, such as serializers
of runtime terms and conversion from runtime terms back to KORE AST data
structures.

Beyond emitting utility code for converting and handling runtime terms, the
code generator is responsible for generating code that performs steps 1 and 2
of the main execution loop, as described above. Specifically, for step 1, the
code generator implements the decision tree as a nested switch statement that
switches on the tags of the constructor symbol as well as the various tags of the
symbols found in argument positions in the runtime term. The order of nesting
is dictated by the decision tree and is optimized for minimizing the number of
checks, as discussed in the decision tree section.
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The case blocks for the final switch correspond to leaf nodes of the decision
tree and thus, the code generator needs to fill them with code that implements
the rewrite of the rule for said leaf node. For rules with side conditions, the side
condition function also needs to be evaluated before we can confirm that the rule
matched. The code generator produces code that creates a new runtime term as
dictated by the right-hand side of the matching rule, applying all the necessary
substitutions using subterms of the original runtime term that matched. This
is how step 2 of the main execution loop is code-generated by the compiler.

Note that each function (including functions for side conditions) needs to
be processed in the same way by the code generator. In other words, for each
function, we need to create a decision tree according to the rewrite rules of the
function and code-generate a similar execution loop as the top-level execution
loop that rewrites top-level terms.

4.5 Runtime Library

The LLVM-K backend comes with a runtime library written in C/C++ (and
some parts in LLVM IR) that contains initialization and termination code, utili-
ties that operate on runtime terms, and hooked implementations for K functions
that provide standard APIs for KORE sorts with native implementations. All
this functionality is linked with the generated code to create the interpreter
binary (or the static/dynamic library) for the input KORE definition.

The runtime library contains the main function that parses the various input
flags and arguments to the interpreter, parses the initial KORE term into a
runtime term, initiates the execution rewrite loop, and finally outputs the final
runtime term as a KORE term.

It also contains utilities that operate on runtime terms, such as traversing
the children of a term, serializing/deserializing a KORE term, pretty-printing a
KORE term, etc.

Finally, the runtime library contains the implementation for various func-
tions that come as builtin support with specific KORE sorts, e.g. appending
elements to a list, checking membership in a set, inserting a key/value pair in
a map, etc. All of these operations are implemented natively, in C/C++, us-
ing optimized libraries and algorithms. The native implementations are hooked
to the corresponding KORE function symbols: The code generator knows to
call the native function for such a KORE symbol application instead of code
generating of the function body from rewrite rules which happens normally for
function symbols.

Memory management and garbage collection are also part of the runtime
library. However, they are treated as a separate subsystem due to their com-
plexity.

4.6 Memory Management and Garbage Collection

During execution, there is a need to allocate and keep in memory various runtime
terms. In addition, after every rewrite step it is likely that some subterms of the
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old runtime term are not needed for the new term (due to rewrites), and thus it
would be desirable to deallocate such terms to reduce memory usage. Both the
allocation of new terms and the garbage collection of useless terms are handled
by the memory management subsystem of the LLVM-K backend’s runtime.

The allocator of the memory management subsystem offers convenient al-
location APIs for runtime terms that correspond to KORE symbols, as well
as to builtin types such as integers, floating-point numbers, maps, lists, sets,
etc. The allocator is a bump allocator: it keeps a pointer to the next avail-
able memory location and every time memory of certain size is requested, the
current pointer is returned and then bumped by the requested size to get the
next available location. Bump allocators are extremely fast but provide limited
support for manual deallocation. For this reason, all runtime terms that are
allocated through the allocator APIs are tracked and automatically deallocated
at a later time by the backend’s garbage collector.

It is important to note that subterms that correspond to constant values
(known at compile time) are not allocated by the memory management subsys-
tem’s allocators. They are rather being code-generated as LLVM IR constant
structs that follow the same layout as normal runtime terms.

The memory management subsystem utilizes 3 different address spaces for
memory allocation in order to enable a generational garbage collection strat-
egy [41]. These address spaces are called arenas, and they are: the young gener-
ation arena, the old generation arena, and the always collected arena. The main
difference between these arenas is the frequency of garbage collection cycles:

• Young generation arena: Collected at every garbage collection cycle.

• Old generation arena: Collected every 50 garbage collection cycles (the
number is configurable, and it is possible to implement more complex logic
for deciding the frequency of collection for this arena).

• Always collected arena: Collected at every garbage collection cycle and
everything contained in the arena is collected as garbage.

A garbage collection cycle is initiated between rewrites (between steps 2 and 3
of the execution loop shown in Section 4.4). It is only initiated when the arena
in question is approaching full capacity of allocated memory.

Unless explicitly asked, the allocator APIs allocate memory in the young
generation arena. Terms that survive a configurable number of garbage col-
lections (currently, this number is just 1 collection) are transferred to the old
generation arena, where they will be collected more infrequently. This is done
to improve the performance of the garbage collector: Terms that survive a col-
lection cycle are more likely to remain relevant for many rewrite cycles, and it
is beneficial if they are not scanned by the garbage collector at every collection
cycle. Finally, the always collected arena is intended for terms that will not be
used after the next rewrite.

The garbage collector uses a copying strategy following Cheney’s algorithm
for list compaction [10]. The arena being collected is divided into 2 halves,
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and at every point in time only one half is used for allocations. When garbage
collection begins, the collector scans the active half and copies to the inactive
half terms that are either pointed by some global term that is always live (such
as the term corresponding to the top cell of a KORE configuration), or by some
already copied term. After the whole active half has been scanned, only the
terms that are reachable by a known live term have been copied. The rest of
the terms are garbage to be collected. Collecting them is as simple as reversing
the roles of active and inactive halves of the arena, and continuing allocations
in the new active half.

5 LLVM-K Backend: Pattern Matching

In this section, we extend the decision tree-based pattern matching compilation
algorithm presented by Maranget [32] with three substantial features.

First, we define a restricted subset of associative-commutative (AC) pattern
matching [23] for the collection data types natively supported by K: lists, maps
and sets. Maps and sets entail AC pattern matching, while lists are only as-
sociative (A). Secondly, we describe the implementation of pattern matching
for conditional rules (those that have boolean side conditions). This extension
permits a simple implementation of non-linear pattern matching.

Once a decision tree has been generated for a K rule, LLVM-K then com-
piles that tree to native code via LLVM intermediate code [29]. The result of
matching a term against a pattern is a set of substitutions mapping variables
to subterms. LLVM-K uses a compact runtime representation for K terms that
allows rewrite rules to be applied efficiently. Additionally, it backs lists, maps,
and sets by immutable native data structures [7]; doing so is substantially more
efficient than implementing them directly as terms to be rewritten.

We additionally demonstrate a generalization of the qbaL heuristic [32; 38]
that strikes a balance between compilation time and decision tree quality for
the LLVM-K-specific algorithm.

The remainder of this section describes the pattern-matching compilation
and the LLVM-K interpreter runtime in more detail.

5.1 Pattern Matching

In this subsection, we introduce the basic concepts in the LLVM-K pattern
matching algorithm. Following the terminology of Maranget [32], we define
sorts, constructors, patterns, occurrences, and pattern matrices as they pertain
to the K-specific context of this paper.

Terms: K terms are abstract syntax trees of variable arity with a constructor
symbol at each node.

Sorts: In the K frontend’s parsing phase, terms are sorted according to the
productions in a definition’s grammar. LLVM-K receives well-sorted terms from
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the frontend, and must only distinguish between K constructors and the three
collection sorts (sets, maps, and lists). In all other respects the pattern-matching
algorithm we present is unsorted.

Constructors: We categorize K constructors into regular and collection con-
structors. Regular constructors correspond to user-defined programming lan-
guage constructs, and resemble ML terms. Additionally, K defines built-in reg-
ular sorts with an infinite family of zero-arity constructors (for example, the
integer literal 0 is a constructor for the Int sort).

Collection constructors represent partial collection structure against which
we can pattern-match. The constructor Len(l) matches lists of length l, while
Empty matches an empty map or set. Maps and sets also permit two addi-
tional constructors: Key(k) matches a map or set containing precisely the key
k, and Choice matches an arbitrary element of a map or set. The Set sort can
be understood as a degenerate Map, where every key maps to the unit value;
they permit the same constructors and, unless specified, are treated identically
throughout.

Patterns: Patterns are defined inductively over a set of unsorted variables,
regular constructors, and collections. We write p, q for patterns, c for regular
constructors, and X, Y for variables. The grammar for patterns over regular
sorts is as follows:

p ::=X variable

| c(p1, . . . , pn) regular constructor

| p as X as-binding

| p ∨ q disjunction

We extend this grammar of patterns to collection sorts as follows:

p ::= p1; . . . ; pn list pattern (n ≥ 0)

| p1; . . . ; pn;L; q1; . . . ; qm binding list pattern (m+ n ≥ 1)

| p1 . . . pn set pattern (n ≥ 0)

| p1 . . . pn S binding set pattern (n ≥ 1)

| p1 7→ q1 . . . pn 7→ qn map pattern (n ≥ 0)

| p1 7→ q1 . . . pn 7→ qn M binding map pattern (n ≥ 1)

For each collection sort, we define a “binding” and “non-binding” pattern
production. The binding productions contain variables L, S and M (for lists,
sets and maps, respectively), which represent the remainder of the collection
after the explicit pattern components have matched. For example, the pattern
p;L; q matches a list whose prefix matches p and suffix matches q, binding the
variable L to the “middle” of the list after removing those first and last elements.
Sets and maps are commutative, and so their patterns are not explicitly ordered.
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This grammar does not express full AC matching, as binding patterns must
contain exactly one collection variable. This restriction allows our matching
algorithm to be more efficient than a classical rewriting engine with full AC
matching (such as Maude [11]). In practice, the semantics of many real-world
languages can be defined easily without full AC matching, and so this restriction
is not critical. Additionally, we restrict binding patterns to contain at least one
pattern other than the collection variable; if this restriction was relaxed, such
patterns would simply be sort-categorized variable patterns.

Conditional patterns: Let p be a pattern and b be a boolean expression
whose variables all occur in p. We write conditional patterns as p∧b. From now
on, we assume that all patterns p are linear; a nonlinear pattern can be easily
desugared to a linear conditional pattern. For example, c(x, x, y, y) desugars to
c(x, x′, y, y′) ∧ x = x′ ∧ y = y′. We therefore suffer no loss of generality.

Actions: We identify a set of actions, each representing the result of a suc-
cessful pattern match. These actions are simply distinct integers identifying a
particular K rewrite rule to be applied.

Occurrences: Occurrences represent either subterms of a run-time term being
matched, or another run-time value relevant to the evaluation of a pattern
match; we define them as finite sequences of tokens, where each token is:

ot ::= n ∈ N | size | key | val | rem | iter | fresh(act) | pat(p)

The precise semantics of each of these tokens with respect to a particular
term is explained later in this section, when the compilation of pattern matching
over collections is defined. For now, a rough intuition is sufficient: an integer
n is the nth child of a regular or list constructor, size represents the size of
a collection at run-time; key and val are the key and value stored in maps
(c.f. sets), and rem is the remainder of a collection after a matched element is
removed. iter is a run-time iterator into a collection; fresh(act) is the result of a
rule’s side condition, and pat(p) tracks the original element of a map or set to
which another token refers.

Pattern matrices: We maintain pattern-matching state in a m × n matrix
of patterns. We additionally track the occurrence against which each pattern
matrix entry is currently being matched, the (partial) matching solutions, the
corresponding actions, side conditions (if any), and auxiliary information for
collection sorts such as lists, maps, and sets. The pattern matrix P has the
following basic form:

P =


P[1, 1] P[1, 2] · · · P[1, n]
P[2, 1] P[2, 2] · · · P[2, n]

...
P[m, 1] P[m, 2] · · · P[m,n]


← P[1, ∗]
← P[2, ∗]

...
← P[m, ∗]
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↑ ↑ · · · ↑
P[∗, 1] P[∗, 2] · · · P[∗, n]

Individual patterns in P are written P[i, j]. We write P[i, ∗] to denote the ith row
vector and P[∗, j] the jth column vector in P. Along with the current matrix of
patterns, we maintain a tuple of additional information ⟨P,⪰, [oj ], [sj ], sol, act, cond, ranges⟩,
where

1. ⪰ is a partial ordering on the rows of P, corresponding to the priorities
of the rewrite rules. If i1 ⪰ i2, row i1 has higher priority than row i2. If
both rows can be matched, row i1 will be applied because it has higher
priority.

Typically, in functional languages such as ML, exactly one rule is matched,
and textual priority is used to enforce the order in which matching is
attempted. However, in K, it is often the case that multiple rules can
match a term with equal priority; it is possible to extend our algorithm to
generate the set of all possible matches rather than choosing exactly one.

2. {oj}nj=1 and {sj}nj=1 are lists of n occurrences and sorts, respectively,
corresponding to the n columns of P.

3. For the i-th row of P (1 ≤ i ≤ m):

(a) sol[i] is a (partial) solution, which is a mapping from variables to
occurrences.

(b) act[i] ∈ Act is an action, which is the action to take if row i is
matched.

(c) cond[i] is a boolean side condition.

(d) ranges[i] is a list of tuples, each of the form ⟨o, s, n1, n2⟩ with n1, n2 ∈
N and n1 ≤ n2. These represent the sections of a list that are bound
by a particular row.

Column signatures: We define the signature of a column P[∗, j] as the set
of constructors that must be considered when pattern matching the term cor-
responding to oj . First, we define the function patsig over regular patterns:

patsig(X) = ∅
patsig(c(p1, . . . , pa)) = {c}

patsig(p as X) = patsig(p)

This definition is extended for collection patterns:

patsig(p1; . . . ; pn) = {Len(0), . . . , Len(n)}
patsig(p1; . . . ; pn;L; q1 . . . qm) = {Len(0), . . . , Len(m+ n)}
patsig(p1 7→ q1 . . . pn 7→ qn) = {Empty} if n = 0
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patsig(p1 7→ q1 . . . pn 7→ qn) = {Key(p1), . . . ,Key(pn)} if n > 0

patsig(p1 7→ q1 . . . pn 7→ qn M) = {Key(p1), . . . ,Key(pn)}
patsig(p1 . . . pn) = {Empty} if n = 0

patsig(p1 . . . pn) = {Key(p1), . . . ,Key(pn)} if n > 0

patsig(p1 . . . pn S) = {Key(p1), . . . ,Key(pn)}

We can then define the pattern signature for a column j with sort s in terms
of the signature of the individual patterns in that column:

patsig′(s, j) =
⋃

1≤i≤m

patsig(P[i, j])

patsig(s, j) = {Empty} if s is a map or set sort, and Empty ∈ patsig′(s, j)

patsig(s, j) = {BestKey(j)} if s is a map or set sort, and Empty /∈ patsig′(s, j)

patsig(s, j) = patsig′(s, j) otherwise

The function BestKey(j) is a customization point for heuristics; it returns
either Choice or some Key(k) ∈ patsig(s, j), specifying how the map should be
decomposed. A precise definition will be given later.

Canonical variables: Typically, we identify pattern variables as names. How-
ever, in some contexts, we need to refer to the actual occurrences bound by those
variables. For a given row of the clause matrix, the substitution sol[i] maps vari-
ables to occurrences. To canonicalize a pattern p, we replace all named variables
with their bindings in sol[i]. A pattern is bound if its named variables have a
binding in sol[i].

We additionally adopt the standard definition of unification for patterns with
named variables; two patterns unify if there exists a binding for all their named
variables such that substituting that binding into both patterns produces the
same pattern.

Initialization: Given a set of rewrite rules, we initialize P to a one-column,
m-row matrix:

P =

LHS[1]
...

LHS[m]


where each pattern LHS[i] is the left-hand side of the i-th rewrite rule. The
rows of P are sorted according to the partial ordering ⪰ induced by the original
K definition. For this single column matrix, o1 = ϵ and s1 = s, where s is the
sort of the term being matched.

The lists act and cond are initialized straightforwardly from the right-hand
side and side condition of the underlying K rules. Then, sol[i] and ranges[i] are
initialized to the empty set and empty list respectively.
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6 Pattern Decomposition

To compile a pattern matrix into efficient code, we decompose the patterns in
each row into smaller components, while keeping track of the variable bindings
produced by doing so, and the subterm currently being scrutinized by each pat-
tern. Following Maranget [32], we do so by defining two operations on pattern
matrices: specialization and default decomposition.

Specialization transforms a pattern matrix under the assumption that the
subterm being scrutinized has a particular head constructor. We write S(P, c, j)
for the matrix obtained by discarding any rows of P that are known not to
have a pattern with constructor c in column j, and reducing rows that do
to their sub-patterns. Conversely, the default decomposition (written D(P, j))
transforms P under the assumption that the current subterm will not match
any constructor patterns in column j (i.e. its head constructor does not match
any of the constructors in the column). Formal definitions of these operations
are given later in this section.

This subsection is divided into several parts for clarity. First, in Section 6.1,
we define our instantiation of pattern matrix decomposition for regular con-
structors only, largely following the terminology of Maranget [32]. Then, in
Sections 6.2 to 6.4, we extend these definitions substantially to account for col-
lection sorts.

Disjunction patterns (p ∨ q) are expanded into a row with the same action
and priority group for each disjoint pattern in the disjunction. By doing so
pairwise across all components of the disjunction, we eliminate these patterns
with no loss of generality and do not consider them further in this section.

6.1 Regular Patterns

Definition 6.1. Specialization on regular patterns.
Our specialization procedure for regular patterns follows Maranget [32]: at

a high level, the specialized matrix S(P, c, j) is obtained by either expanding or
removing rows of P based on the head constructor of P[i, j] and the constructor c.
If the head constructor is c, then P[i, j] is replaced by its arguments (expanding
the row); if it is not c, then the row is removed.

Additionally, we extend this procedure with an accumulated variable binding
environment. If P[i, j] is a variable x, then we update the binding state:

sol[i] := sol[i] ∪ {x 7→ (oj , sj)} (bind x to the occurrence being matched)

If P[i, j] is p as X, then we proceed by specializing on p, and similarly
binding X to the current occurrence and sort.

After applying this process to each row, the pattern matrix has n − 1 + a
columns; it may also have fewer rows if any did not match the constructor c.
To account for the new structure, we must also update the lists [oj ] and [sj ] so
that they remain consistent. The following elementwise updates to the lists are
performed, replacing the elements oj and sj with vectors:

oj → (1 · oj , . . . , a · oj)
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sj → (sc1, . . . , s
c
a)

where each sci is the sort of the ith argument of constructor c.

Definition 6.2. Default decomposition on regular patterns.
The default decomposition is dual to the specialization matrix; rather than

assuming that the term oj has precisely constructor c, we assume that it has
a constructor not contained in patsig(sj , j). This means that any constructor
patterns in column j will not match the current term, and that any variable pat-
terns will match the term without needing to match any further subterms. We
define row-wise rewrites similar to the specialization matrix, including variable
bindings.

The resulting pattern matrix will have n − 1 columns, and may also have
fewer rows. We update [oj ] and [sj ] to account for the change in structure by
simply deleting the elements oj and sj from their respective vectors.

6.2 List Patterns

Definition 6.3. Specialization on list patterns.
List collections permit one constructor: Len(l), representing the family of

all lists of length l. Specializing the pattern matrix against this constructor
amounts to ensuring that the pattern P[i, j] being scrutinized can match a list
with l elements, and that if the pattern binds a list-sorted variable L, the correct
middle slice of the object term is bound. We define P[i, front] to be the sequence
P[i, 1], . . . ,P[i, j− 1], and P[i, tail] to be (analogously) P[i, j+1], . . . ,P[i, n], and
proceed:

1. If P[i, j] is the non-binding list pattern p1; . . . ; pl, then rewrite the current
row to:

(P[i, front], p1, . . . , pl,P[i, tail])

2. If P[i, j] is the non-binding list pattern p1; . . . ; pk where k ̸= l, then delete
the current row (a list of exactly l elements cannot match a pattern with
k elements).

3. If P[i, j] is p1; . . . ; ph;L, q1; . . . ; qt, and l > h + t, then there are excess
list elements to bind to the variable L. We therefore introduce new fresh
variables y1, . . . , yl−(h+t) to bind each of these elements, and rewrite the
current row to:

(P[i, front], p1, . . . , ph, y1, . . . , yl−(h+t), q1, . . . , qt,P[i, tail])

We additionally update the state as follows:

sol[i] := sol[i] ∪ {L 7→ (l + 1 · oj , sj)}
ranges[i] := ranges[i] :: (l + 1 · oj , sj , h, t)

where :: is list concatenation. The contents of the ranges[i] list are used
later to ensure that the variable L binds the correct subterms.
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4. If P[i, j] is p1; . . . ; ph;L, q1; . . . ; qt, and l = h+ t, then there are no excess
list elements to be bound to L, and so we rewrite the current row to:

(P[i, front], p1, . . . , ph, q1, . . . , qt,P[i, tail])

and perform the same state update as above:

sol[i] := sol[i] ∪ {L 7→ (l + 1 · oj , sj)}
ranges[i] := ranges[i] :: (l + 1 · oj , sj , h, t)

5. Finally, if P[i, j] is p1; . . . ; ph;L, q1; . . . ; qt, and l < h+ t, then the pattern
has too many elements to match the list constructor being scrutinized.
We therefore delete the current row.

As for regular constructors, specializing on a list constructor entails updates
to the occurrence and sort vectors [oj ] and [sj ]. The individual elements oj and
sj are replaced by vectors:

oj → (1 · oj , . . . , l · oj)
sj → (se, . . . , se)

where se is the element sort of sj .

Definition 6.4. Default decomposition on list patterns.
For list constructors, the default decomposition can be defined conveniently

in terms of specialization. Recall that the default decomposition transforms the
pattern matrix under the assumption that none of the patterns in the current
column match the constructor currently being scrutinized. Let lhead and ltail
be the lengths of the longest list pattern head and tail in P. We know that
the list being scrutinized must be longer than any pattern in the column being
decomposed, and so specializing on Len(lhead+ltail) guarantees that no elements
in between can be referenced by any submatrix. This produces the default
decomposition in terms of specialization.

6.3 Map Patterns

In order to maximize efficiency, K does not implement fully general AC pattern
matching for maps or sets. Instead, the grammar of map and set patterns (see
Section 5.1) is restricted to two specific cases that can be compiled efficiently and
suffice in practice. The first, when the key of the map element being matched
is bound, is called a lookup. The second, when the key is not bound, is called a
choice. Additionally, patterns may match the empty map or set.

Definition 6.5. Specialization on map patterns.
To define specialization for maps and sets, we must therefore define it sepa-

rately for each of their constructors. First, let us consider the empty map (i.e.
the constructor Empty), retaining the definitions used previously for P[i, front]
etc.:
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1. If P[i, j] is the map pattern with n = 0, then rewrite the current row to:

(P[i, front],P[i, tail])

This is intuitive: the map pattern with no sub-patterns should only match
the empty map constructor, and so we are free to discard the pattern
P[i, j].

2. If P[i, j] is a non-binding map pattern with n ≥ 1 (i.e. p1 7→ q1 . . . pn 7→
qn), then we delete the current row.

3. Similarly, for any binding map pattern, we delete the current row (recall
from Section 5.1 that the grammar for map patterns enforces n ≥ 1 for
binding patterns, to distinguish them from ordinary variable patterns).

Now, consider the Key(k) constructor, which represents a known-key lookup
in a map. The specialization procedure here is somewhat more complex than
for Empty. Intuitively, three new columns are created to replace the pattern
P[i, j] being scrutinized. These correspond to, in order, the value bound to key
k, the map pattern after removing k from the map, and the original map. We
retain the original map as the third column because the set of keys may differ
across rows, and for rows that may not contain k, we should do no work and
must specialize on the entire remaining map.

In this section, we write p⃗s 7→ q⃗s as shorthand for the pattern syntax p1 7→
q1 . . . pn 7→ qn. With that in mind, the specialization procedure for Key(k) is as
follows:

1. If P[i, j] is a non-binding map pattern p⃗s 7→ q⃗s, then we rewrite the current
row to:

(P[i, front], qx, p⃗′s 7→ q⃗′s, Y,P[i, tail])

if there exists a pattern px in p⃗s such that px is bound, and the canonical-
ized px = k, where Y is a fresh anonymous variable that does not appear
in the current substitution, and p⃗′s 7→ q⃗′s is p⃗s 7→ q⃗s with px 7→ qx removed.
When this case applies, we must further scrutinize the value bound by k,
and the reduced remaining map, but will do no further examination of the
rest of the map because of the anonymous variable Y .

2. Similarly, if P[i, j] is the binding map pattern p⃗s 7→ q⃗s M , then we rewrite
the current row to:

(P[i, front], qx, p⃗′s 7→ q⃗′s M,Y,P[i, tail])

under the same side condition and fresh variable introductions as above.

3. If P[i, j] is a non-binding map pattern p⃗s 7→ q⃗s, then we rewrite the current
row to:

(P[i, front], Y, Z,P[i, j],P[i, tail])
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if there is a px in p⃗s such that the canonicalized px unifies with k, but k
is not in the canonicalized px.

4. Similarly, if P[i, j] is a non-binding map pattern p⃗s 7→ q⃗s M , then we
rewrite the current row to:

(P[i, front], Y, Z,P[i, j],P[i, tail])

if k is not in the canonicalized px.

5. Finally, if none of the cases above apply to P[i, j] (i.e. for all px, either px
is not bound, or its canonicalized form does not unify with k), we remove
the current row.

Finally, we can consider the Choice constructor, corresponding to the case
where the map key being scrutinized is not known. Once again, specializing
on this constructor generates three new columns in the pattern matrix, corre-
sponding to the key pattern and value pattern that are matched, as well as the
remainder of the map after they are removed.

1. If P[i, j] is a binding map pattern p 7→ q M , then we rewrite the current
row to:

(P[i, front], p, q,M,P[i, tail])

2. If P[i, j] is a binding map pattern p1 7→ q1 . . . pn 7→ qn M with n ≥ 2, then
we rewrite the current row to:

(P[i, front], p1, q1, p⃗′n 7→ q⃗′n M,P[i, tail])

where p⃗′n 7→ q⃗′n is all the remaining map pattern elements with n > 1.

3. If P[i, j] is a non-binding map pattern p1 7→ q1 . . . pn 7→ qn with n ≥ 1
then we rewrite the current row to:

(P[i, front], p1, q1, p⃗′n 7→ q⃗′n,P[i, tail])

only if the current row is in the topmost priority group. This restriction
prevents us from failing to match the first key tried, then immediately
dropping down to lower-priority groups (i.e. the pattern could still match,
even if a particular key failed to). Details of the compilation algorithm
presented later ensure that lower-priority groups are actually tried in prac-
tice.

4. If P[i, j] is an empty map pattern, we delete the current row (it is impos-
sible to choose an element from an empty map).

5. For any row i not in the topmost priority group, we delete that row. As
above, this action is safe because of properties of the later compilation
step.
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As for regular and list patterns, we update the sort and occurrence vectors
[sj ] and [oj ] when specializing over map constructors. For the Empty construc-
tor, we simply erase sj and oj respectively. For Key(k), we replace those elements
with vectors:

oj → (val · pat(k) · oj , rem · pat(k) · oj , oj)
sj → (svj , sj , sj)

where svj is the value sort of the map sort sj . Similarly, for Choice, we rewrite
as follows:

oj → (key · oj , val · oj , rem · oj)
sj → (skj , s

v
j , sj)

Definition 6.6. Default decomposition on map patterns.
We define the default decomposition for columns with a map sort as follows:

1. If P[i, j] is a non-binding map pattern with n = 0, and Empty ∈ patsig(sj , j),
we delete the current row.

2. If P[i, j] is a non-binding map pattern with n > 0, or a binding map
pattern with n ≥ 0, and Empty ∈ patsig(sj , j), we do not rewrite the
current row.

3. If P[i, j] is a non-binding map pattern p⃗s 7→ q⃗s, or a binding map pattern
with n ≥ 0, and Key(k) ∈ patsig(sj , j), but the canonicalized p⃗s does not
contain k, we do not rewrite the current row.

4. If P[i, j] is not an empty pattern (i.e. it is binding, or is non-binding with
n > 0), Choice ∈ patsig(sj , j), and row i is not in the topmost priority
group, then we do not rewrite the current row.

5. In all other cases, we delete the current row.

6.4 Set Patterns

Definition 6.7. Specialization and default decomposition on set patterns.
The specialization and default decompositions for set sorts are almost identi-

cal to those for map sorts, and so for brevity we avoid a full definition. The only
substantive change is that wherever a column corresponding to a mapped value
is generated for map decompositions, no column is generated for sets. For ex-
ample, the occurrence vectors that replace oj for Key(k) and Choice respectively
for set sorts are:

oj → (rem · pat(k) · oj , oj) Key(k)

oj → (key · oj , rem · oj) Choice
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7 Compiling to Decision Trees

We have now defined specialization and default decompositions for collection
sorts. Again following the style of Maranget [32], we now define a decision tree
structure that represents the actual runtime decisions made when decomposing
a pattern matrix. A decision tree can be interpreted to produce an action
identifier and a set of variable bindings (if the corresponding pattern matching
problem is successful); the actual implementation used by LLVM-K generates
equivalent machine code from a tree structure for efficiency.

7.1 Decision Trees

Decision trees are specified by the following term grammar:

DT ::= Fail

| Success(a, [(o, s)])
| Switch(o, s, [(c,DT )], DT?)

| CheckNull(o, s,DT ,DT )

| Function(o, f, [(o, s)], s,DT )

| Pattern(o, s, p,DT )

| IterHasNext(o, s,DT ,DT )

where a is an action identifier (i.e. an integer), o is an occurrence, s is a sort, c
is a constructor, p is a pattern, and f is a function. [...] represents lists, and ?
is an optional argument to a term.

7.2 Evaluation

The exact semantics of decision trees is given in Algorithm 1, but a brief sum-
mary is as follows: Fail and Success are leaf nodes, where a pattern has either
failed to match a term, or has succeeded and produces an action to be taken
(here, an integer representing a K rewrite rule to be applied to the term being
scrutinized). Switch is the basic unit of control flow for regular sorts in decision
trees, representing an n-ary case split across a set of constructors.

CheckNull dispatches to one of two sub-trees depending on whether an occur-
rence bound to an optional value is None. Function is used to capture a partic-
ular function to be evaluated when the decision tree itself is (e.g. to return the
length of a list argument), and bind the result into the substitution. Pattern,
similarly, binds a particular pattern to an occurrence. Finally IterHasNext is
used to implement backtracking through map and set collections.

The Evaluate algorithm is largely responsible (at a high level) for ensuring
that occurrences are bound to the correct concrete patterns or iterators before
case splits are performed on the top-level term. Backtracking is implemented by
maintaining a stack of resumption points from which evaluation can continue
should matching fail. This backtracking is used when choosing elements from
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Algorithm 1 Evaluation semantics for our decision tree structure. The type
Subst is a mapping from occurrences to either concrete patterns or iterators into
maps and sets. Any occurrences not explicitly set in the substitution map to
None. The initial substitution S maps the empty occurrence ϵ to the top-level
pattern. The Parent function returns the parent node of a decision tree node;
for the IterHasNext case, this will be a Function node that retries the matching
process with the next element in the collection.

1: function Evaluate(DT dt, Subst S, [(DT, Subst)] choices) → (Action, Subst)?
2: case dt
3: Success(A, ) → return (A,S)
4: Fail →
5: case choices
6: [] → return None
7: (dt′, S′) :: tail → return Evaluate(dt′, S′, tail)
8: end case
9: Switch(o, s, cases, default) →
10: c← the constructor of S[o]
11: if c ∈ cases then
12: for i = 1 to Arity(a) do
13: S[i · o]← ith child of S[o]
14: end for
15: return Evaluate(decision tree for c, S, choices)
16: else
17: return Evaluate(default, S, choices)
18: end if
19: CheckNull(o, s, casetrue, casefalse) →
20: dt′ ← S[o] is None ? casetrue : casefalse
21: return Evaluate(dt′, S, choices)

22: Function(o, f, args, s, dt′) →
23: S[o]← f([S[a] | a ∈ args])
24: return Evaluate(dt, S, choices)

25: Pattern(o, s, pat, dt′) →
26: S[o]← pat substituted using S
27: return Evaluate(dt, S, choices)

28: IterHasNext(o, s, casetrue, casefalse) →
29: if S[o] is None then
30: return Evaluate(casefalse, S,Parent(dt) :: choices)
31: else
32: return Evaluate(casetrue, S, choices)
33: end if
34: end case
35: end function
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maps and sets: if the chosen element causes matching to fail, then prepending
the parent node means that the match can be resumed with the next element
in the collection. This algorithm is abstract; for efficiency, our implementation
of LLVM-K instead transforms a decision tree into native code.

7.3 Compilation

With this definition of decision trees in hand, we can now define a compilation
algorithm from the initial pattern matrix (given in Section 5.1) to a decision
tree. This algorithm follows the structure suggested by Maranget [32]; if there
is a topmost-priority row with only variable patterns (i.e. one that will always
match), we compile that row and remove it. Otherwise, we heuristically select
a column and decompose it. The extensions described in Section 6 require
additional state for variable binding and runtime collections be maintained while
doing so. This section provides a high-level overview of this procedure.

Lists
Lists in LLVM-K behave similarly to regular constructors in the CC function

described by Maranget, but require a run-time check to establish their length
before they can be matched. Additionally, we must ensure that sufficient ele-
ments are available at their head and tail to bind the relevant variables. These
run-time checks correspond to Function nodes in a decision tree that retrieve
those elements at run-time.

Maps and sets
The main difficulty in decomposing a map is that we may need to backtrack

through the collection if the constructor Choice appears in the current column
signature. To do so, we construct an iter occurrence and bind it to the correct
run-time part of the collection. Additionally, we bind occurrences for the key
and value selected, along with the remainder of the collection after removing
that key. If there is no Choice in the column signature, but there is a Key(k), no
backtracking (and therefore binding of iterators) is required, but we must check
whether that key is present at run time (this check is analogous to determining
whether a list has sufficient elements at run-time to match a pattern).

The decomposition procedure for sets is very similar; it does not require
that values are bound to occurrences (only keys, remainders and iterators),
and instead of extracting values from a map, membership tests for a key are
sufficient.

8 Heuristics

Two important heuristic choices remain in our decision tree compilation proce-
dure. Maranget [32] details several methods by which the decomposition column
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j should be chosen first; for LLVM-K, we adapt the qbaL heuristic from that
work. While we have not evaluated it formally, our experience of implementing
LLVM-K suggests that this choice strikes an appropriate balance between ease
of implementation, compilation time and performance of generated code.

One small modification to the q (constructor prefix) heuristic was required.
Because row priority in LLVM-K is not a total ordering, our definition of q does
not stop counting after the first non-constructor row. Rather, we also count any
constructor patterns in the same group as that row (effectively stopping after
the first group with a wildcard entry). The b, a and L heuristics could be used
unmodified.

Key selection
In Section 6.3, our definition of patsig relied on the BestKey function to com-

pute the signature of a map- or set-sorted column. Before we can identify the
best column j to decompose on, we must identify the best key k to form the
column signature for maps and sets. The high-level principle by which we select
keys is that we want to avoid set and map choices; these operations can cause
the decision tree to backtrack, which can be potentially very slow. Instead, we
prefer to specialize on bound key lookups where possible.

We therefore define BestKey as follows:

BestKey(j) = Choice if no bound keys in column j

BestKey(j) = argminj c(j) otherwise

where c(j) is the qbaL heuristic cost function described in the next section, and
argminj will return the value of j for which c(j) is lowest.

Priority inversion
Consider the following partial pattern matrix, with the second row giving the

hypothetical heuristic scores for the remainder of each column: a(X) X 7→ Y b 7→ d
c(1) = 1 c(2) = 9 c(3) = 6

. . . . . . . . .


Here, column 2 has {Choice} as its pattern signature, because it does not have
any map keys that are bound, and so will not be selected for decomposition
ahead of columns 1 and 3. However, it has the best heuristic score, and so
would produce the smallest compiled tree.

We can see that while decomposing on column 1 has the lowest heuristic
score, doing so would produce a binding for X that would allow column 2 to
be selected. This is an instance of priority inversion: column 2 is waiting for
column 1 to be decomposed. To address this, we set the score of each column to
be the highest score of any column that depends on it. A column j depends on
a column k if there exists a row i and variable X such that X occurs in P[i, k],
and X occurs in a key position in P[i, j].
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9 Evaluation

Our goal when designing and implementing LLVM-K was to produce a fast term-
rewriting backend for K’s core language. In this section, we evaluate our success
by benchmarking interpreters for specific programming languages generated by
K using LLVM-K in two benchmarks: the Blockchain Tests from the Ethereum
test suite [1] and a synthetic benchmark with 1,000 swap operations on an
ERC20 token [24]. Our results are surprisingly positive; we find that:

1. The K implementation of EVM [22] currently can reach only 1.35x slower
execution than Geth, the Go official implementation of EVM [2] which is
the most adopted Ethereum client, widely used by the community [18].

2. The language interpreters generated through LLVM-K have the potential
to be as good as the top and widely used Ethereum clients. By using Com-
positional Symbolic Execution (CSE) it is possible to outperform Geth by
1.575x.

All experiments were conducted on a machine with a 13th Gen Intel® Core™
i9-13900K 24-Core CPU (32 threads), with Intel® UHD Graphics 770 (Inte-
grated with CPU) and 64 GB RAM.

9.1 Evaluation of KEVM against Geth

To evaluate the performance of LLVM-K as the primary tool for implement-
ing programming languages, we first considered the Ethereum Virtual Machine
(EVM) bytecode language. The Ethereum Virtual Machine is a stack-based
virtual machine used as the execution layer for the Ethereum blockchain.

We used LLVM-K to generate an EVM interpreter from a state-of-the-art K
definition of the language: KEVM [22]. We compared the performance of the
generated KEVM interpreter against the most used EVM client: Geth – the
official Go implementation of EVM.

Each interpreter ran a selected set of tests from the official Ethereum test
suite. The official test suite features three test primary categories:

• Blockchain tests for testing the verification of a sequence of blocks.

• State transition tests for testing the verification of a single transaction.

• VM tests for testing the functionality of the EVM in isolation.

The official blockchain category groups general state tests into 58 subcate-
gories. We took 58 of these tests to evaluate the performance of each interpreter,
comparing the overall wall time and VM time, the actual time spent executing
EVM opcodes. We only dropped the ‘vmPerformance‘ tests from ‘VMTests‘ for
the sake of reproducibility.

We also evaluated the implementations on a performance-focused subset of
the Blockchain test, for which the results are shown in Table 2 and Table 1.
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Each of the implementations provides a different interface for testing; we used
the default test runner for each implementation to produce these results.

• For KEVM, we used the poetry pytest implementation to execute the 58
GeneralStateTests from the Blockchain directory.

• For Go Ethereum, we used an instrumented version of the ‘go test‘ com-
mand to execute the same set of tests from the Blockchain directory in a
single thread.

We used an instrumented version of KEVM v1.0.675 with K v7.1.99 and
Geth v1.13.14 to execute all tests.

Benchmark Wall time VM time
GeneralStateTests 1072.95s 531.40

Table 1: Performance of the KEVM interpreter generated with LLVM-K on
Ethereum BlockchainTests

The Go implementation of EVM has more than one execute mode, we de-
cided to execute all and present all results here for the same of transparency.

Wall time VM time
Hash Mode Snapshotter 415.348s 199.015s

No Snapshotter 460.063s 201.575s
Path Mode Snapshotter 406.074s 197.926s

No Snapshotter 446.882s 392.253s

Table 2: Performance of the Geth interpreter on Ethereum GeneralStateTests
from BlockchainTests

In the best case of Geth, KEVM performs 2.68x slower, whereas in the worst
case, KEVM is only 1.35x slower than the most used EVM client considering
the VM time of execution for both interpreters.

9.2 Evaluation of 1K Swaps in Different Programming
Language Interpreters

The second benchmark we used to evaluate the performance of LLVM-K gen-
erated interpreters uses an implementation of the UniSwap V2 [3] contract. In
particular, we measure the performance of 4 different executions of the swap
operation between 2 different ERC20 tokens using this contract.

32



� �
1 contract UniswapV2SwapTest {

2
3 UniswapV2Swap private _uni;

4 WETHMock private _weth;

5 DAIMock private _dai;

6 USDCMock private _usdc;

7
8 function testSwapLoop () public {

9 _weth = new WETHMock ();

10 _dai = new DAIMock ();

11 _usdc = new USDCMock ();

12 _uni = new UniswapV2Swap(address(_weth), address(_dai),

address(_usdc));

13 for (uint i = 0; i < 1000; i++) {

14 testSwapSingleHopExactAmountIn ();

15 }

16 }

17
18 function testSwapSingleHopExactAmountIn () public {

19 uint256 wethAmount = 1e18;

20
21 _weth.deposit{value: 2* wethAmount }();

22 _weth.approve(address(_uni), 2* wethAmount);

23 _dai.mint(address(this), wethAmount);

24 _dai.approve(address(_uni), wethAmount);

25
26 _weth.transfer(_uni.router ().get_local_pair(address(_weth)

, address(_dai)), wethAmount);

27 _dai.transfer(_uni.router ().get_local_pair(address(_weth),

address(_dai)), wethAmount);

28
29 _uni.router ().sync_local_pair(address(_weth), address(_dai

));

30
31 uint256 daiAmountMin = 1;

32 uint256 daiAmountOut = _uni.swapSingleHopExactAmountIn(

wethAmount , daiAmountMin);

33
34 assert(daiAmountOut >= daiAmountMin);

35 }

36 }� �
Listing 3: UniswapV2SwapTest Solidity Code

The UniswapV2SwapTest Solidity Code uses 3 ERC20 tokens and the Uni-
swapV2Swap contract and implements 2 tests:

• testSwapSingleHopExactAmountIn responsible for testing a single swap op-
eration between the ERC20 tokens weth and dai.

• testSwapLoop responsible for instantiating 3 ERC20 tokens and the Uni-
swapV2Swap contract with them to call the test above 1,000 times.

The testSwapLoop is the main test we use for measuring performance in this
benchmark.

As mentioned, in this experiment we are measuring 4 approaches:
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• Geth: The Go Official implementation of EVM

• KEVM: The K official implementation of EVM.

• K-Solidity without CSE: The K implementation of the solidity semantics,
K-Solidity, without the CSE optimization.

• K-Solidity with CSE: The same K-Solidity semantics, but with the CSE
optimization.

The CSE — Compositional Symbolic Execution
Optimization Technique in K is originally used by Kontrol in its Symbolic

Summarizer to identify common paths taken multiple times that can be saved
as an axiom to be proved only once and then used to compose other proofs,
saving several execution steps.

In the context of concrete semantic-based execution, we use this idea in
a bottom-up approach to compose multiple small execution steps, or “rewrite
rules”, into a single step, that always performs the same operations as the
underlying small steps would, regardless of the input. This single step becomes
a new rewrite rule in the programming language semantics. Including these
rules in the semantics results in fewer steps needed during program execution
when these rules match, and thus to increased performance.

For this experiment, we manually searched for opportunities to apply this
technique to compose semantics rules that correspond to multiple steps of the
original semantics rules. All opportunities that were able to compose at least 30
execution steps into one single rule were taken. This can and will be automated.

Using CSE, we will show that we can now outperform Geth execution for
the benchmark of 1,000 swaps by more than 1.57x. One of the most amazing
characteristics of this technique is that it is language-agnostic, so all future
semantics developed using the K Framework and executed within the LLVM-K
can use it for optimizing its execution.

Implementation Time to run 1K swaps Overhead Speed
Geth 0.241s 1x 100%
K[Solidity] with CSE 0.153s 0.63x 157.5%
K[Solidity] 0.266s 1.10x 90.6%
KEVM 8.787s 36.5x 0.03%

Table 3: Performance of different approaches to execute 1K Swaps

Section 9.2 shows the performance of the four different approaches to running
testSwapLoop. We considered Geth as the baseline, and we can see that in this
test KEVM doesn’t deliver the same performance we observed in the Ethereum
test suite; we considered this an outlier example. The Solidity semantics, on the
other hand, reaches a comparable performance with Geth even without the CSE
optimization. Finally, the Solidity semantics with CSE show us the outstanding
potential that only the semantics-based execution through the LLVM-K is able
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to deliver to the users by outperforming the most used Ethereum client, being
57.5% faster than it!

These tests were executed in the same machine with a 13th Gen Intel®

Core™ i9-13900K 24-Core CPU (32 threads), with Intel® UHD Graphics 770
(Integrated with CPU) and 64 GB RAM.

Geth experiments were conducted using its 1.13.14 version and Go v1.22.0.
Solidity and KEVM experiments were conducted using Kv7.1.166. KEVM

used its version 1.0.678.

10 Conclusion

The K framework is a powerful method for semantics-based language develop-
ment; a full suite of specialized tools can be extracted automatically by K from
a single definition of a language’s formal operational semantics. One of these
tools is a concrete interpreter, for which execution performance is an important
goal for K.

This paper has provided a high-level overview of LLVM-K, the backend for
compiling K language definitions into fast concrete interpreters. It has also mo-
tivated and presented our innovations towards addressing one of the costliest
bottlenecks for the generated interpreters’ performance: compilation of pattern
matching problems to native code. The compilation method presented in this
paper extends the state-of-the-art method for decision tree-based compilation
with support for a practical subset of ACUI pattern matching, supporting the
use of fast runtime collection data structures by K language definitions. Addi-
tionally, it supports conditional patterns and variable bindings.

Our bespoke decision tree-based compilation algorithm is shown to result
in exceptionally performant interpreters for K definitions. The generated in-
terpreter from a K definition of EVM is between 1.35x to 2.68x slower than
GEth, the most widely used interpreter for EVM in production settings. More-
over, using CSE, a technique uniquely available to semantic-based execution,
our generated interpreter outperforms GEth: GEth is 1.57x slower than our
CSE interpreter.

This paper does not cover the full technical depth of LLVM-K that has ac-
crued over the course of our work on it. Some aspects of the tool that have
not been described in detail in this paper include the efficient unsorted term
rewriting engine used to execute programs, and a novel pattern-matching op-
timization that takes advantage of K-specific knowledge to trade off space and
time during the compilation process.
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Its Applications, Peter Csaba Ölveczky (Ed.). Springer Berlin Heidelberg,
Berlin, Heidelberg, 52–68.

[18] The Ethereum Network & Node Explorer. 2025. Ethereum Mainnet Statis-
tics. https://www.ethernodes.org/.

[19] Matthias Felleisen, Robert Bruce Findler, and Matthew Flatt. 2009. Se-
mantics engineering with PLT Redex. Mit Press.

[20] Dwight Guth. 2013. A Formal Semantics of Python 3.3. Master’s thesis.
University of Illinois. http://hdl.handle.net/2142/45275

[21] Dwight Guth, Chris Hathhorn, Manasvi Saxena, and Grigore Roşu. 2016.
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