
Breccia: A Functional DSL Compiled to Egglog
for Test Input Generation

Peter Boyland1, Sarah Canto Hyatt1, Kyle Dewey2, and Ben Hardekopf1

1 University of California Santa Barbara, Santa Barbara CA, 93106, USA
2 California State University Northridge, Northridge CA, 91330, USA

Abstract. Some prominent efforts within fuzz testing to automatically
generate test inputs with complex invariants (e.g., well-typed programs
for fuzzing compilers) have exploited logical satisfaction, such as using
Prolog to describe constraints and generate satisfying instances. How-
ever, using Prolog has met with resistance from the community due to
the difficulty of writing Prolog descriptions with acceptable performance.
We propose an alternative logic programming-based approach: Datalog.
While Datalog improves on the “effective programmability” of Prolog, it
has its own issues: it is less expressive than Prolog, its bottom-up evalu-
ation strategy requires keeping all generated terms in memory, and while
it is easier to program effective generators in Datalog than Prolog, it still
requires a specific style and has hidden pitfalls (such as bounding). We
introduce Breccia, a functional DSL for generating objects with complex
invariants that compiles to Egglog, a Datalog language extended with
equality saturation. We show that Breccia is expressive enough to de-
scribe interesting objects such as well-typed programs with non-trivial
type systems, and that equality saturation can greatly improve the per-
formance of the resulting Egglog generator. We compare Breccia against
Prolog implementations of similar generators in order to understand the
tradeoffs involved.
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1 Introduction

The problem that we address in this paper is test input generation for fuzzing
systems under test. While some systems can be profitably fuzzed using random
bitstrings as inputs [27], others require inputs satisfying complex constraints. For
example, if fuzzing a compiler, it is unlikely that a randomly-generated bitstring
is a syntactically valid and well-typed program, and such programs are needed
to test deeper compiler components. One way to generate inputs satisfying con-
straints is to treat generation as a logic satisfiability problem, encoding input
constraints as SAT or SMT formulas [26,36] or Prolog programs [11,13–15].

Our attention is on the last strategy: writing Prolog programs to check if con-
straints on an input hold, and then running the program “backwards” to generate
inputs satisfying those constraints. This is a theoretically elegant solution; for
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example, we can write a typechecker in Prolog and use it both to typecheck ex-
isting programs or create new ones. However, the reality is unfortunately not so
elegant. Prolog’s execution model is very sensitive to how programs are written,
including constraint order and how constraints are described. Directly transcrib-
ing systems of constraints (like type systems) into Prolog is unlikely to create a
usable generator; the program is more likely to run infinitely without generating
any satisfying terms. In practice, writing Prolog-based generators requires in-
depth reasoning about the input domain being generated, and Prolog programs
must be carefully designed and optimized in ways that make generators look and
behave very differently from acceptors. This issue has given Prolog a reputation
for being difficult to use for test input generation [3, 6, 19].

In this paper we investigate a different approach to using logic programming
for test input generation: using Datalog rather than Prolog. Datalog’s bottom-
up evaluation strategy (as opposed to Prolog’s top-down strategy) means that
it is much less sensitive to how a program is written. Datalog also features a
fixpoint semantics wherein all satisfying terms and subterms are kept in mem-
ory, avoiding recomputation if any subterm is needed again. Even simple fuzzing
problems reuse subterms, and memoization dramatically improves fuzzer per-
formance [12, 22]. With Datalog, this memoization is transparent and fully au-
tomatic. Of course, Datalog is also less expressive than Prolog, leading to our
first research question: RQ1: is Datalog expressive enough to describe
interesting, non-trivial constraints for test input generation?

Datalog’s fixpoint semantics is a double-edged sword, because it requires
all terms to be kept in memory. This contrasts with Prolog, whose depth-first
search strategy means that as satisfying terms are computed, they can be output
and then “forgotten”, without consuming further memory. Our answer to this
problem is to use e-graphs [29], as used in equality saturation [38], to store
computed terms. E-graphs are a data structure for compactly storing congruence
classes, and we exploit their capabilities to address Datalog’s higher memory
usage. In fact, e-graphs can do more than just reduce memory consumption: by
defining congruence classes specific to the domain being generated, we should
be able to significantly improve the generation rate. For example, if generating
well-typed programs, we could define types as congruence classes so that all
int-typed expressions are considered equivalent. If some expression e1 uses an
int-typed subexpression e2, then our generator only needs to generate e1 using
the int congruence class rather than all expressions in that congruence class.
This approach leads to our second research question: RQ2: Can e-graphs
and equality saturation significantly improve the performance of a
Datalog-based generator?

While Datalog is easier to use than Prolog for describing generators, Datalog
still requires a rather particular style to transcribe constraints into programs.
Datalog has pitfalls that can be easy to fall into, such as properly bounding
generation to ensure termination. To address this issue we follow other work that
has created domain-specific functional languages that compile to Datalog [30].
In our case, we have designed Breccia: a functional DSL for writing constraint-
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based generators. Breccia compiles to Egglog [42], a Datalog implementation
that incorporates e-graphs and equality saturation. The compilation to Egglog
automatically ensures bounding and inserts proper uses of equality saturation,
based on the Breccia description.

Both the Prolog and Breccia generators that we investigate are bounded ex-
haustive generators, that is, they confine themselves to a finite subset of the
infinite space of possible terms and fully explore that finite space. Bounded ex-
haustive generation relies on the small scope hypothesis [21], which states that
a high percentage of bugs can be revealed by exploring all test inputs within
some small scope (e.g., bounded by size of input). To compare the Prolog and
Breccia generators, we investigate their respective generation rates and also run
a mini-fuzzing campaign on three of our example languages to demonstrate their
ability to detect bugs.

In the remainder of this paper we:

– Describe how to use Datalog for test input generation (Section 2);
– Describe how to optimize Datalog generation using e-graphs (Section 3);
– Describe the Breccia generator DSL and compiler (Section 4);
– Evaluate Breccia by comparing it against Prolog-based generators for a se-

ries of statically-typed languages including simply-typed lambda calculus,
System F, and Featherweight Java (Section 5);

– Discuss various related works (Section 7).

The Breccia implementation and all generators used in the evaluation are avail-
able at https://github.com/pllab/breccia.

2 Generation Using Datalog

Datalog3 generation is a good fit for constraints that are compositional, i.e., a
term’s constraint-satisfaction depends only on its subterms and how it composes
them. For example, type systems are defined using inductive rules over the AST,
such that a term’s well-typedness depends on the types of its subterms and how
they are composed into a new term. Other possible good fits include sorted lists,
binary search trees, red-black trees, heaps, and B-trees [13,22,35]. On the other
hand, non-compositional problems, such as generating specific integers or bit-
strings matching some user-specified criteria, would be a poor fit, as would any
problem with an unpredictable global context. We will illustrate Datalog genera-
tion using the running example of the simply-typed lambda calculus (STLC) [7];
see Figure 1a for its abstract syntax and Figure 1b for its typing rules. We incre-
mentally build a Datalog generator for well-typed STLC terms in the rest of this
section.4 We demonstrate that this process is straightforward, though it requires
some extra bookkeeping. While STLC is simple, our evaluation (Section 5) shows
that more complex type systems can be handled similarly.
3 We assume a modern version of Datalog extending the original definition [5] with

features like algebraic datatypes (e.g., Egglog [42]). This added expressiveness comes
at the cost of possible non-termination; the programmer must ensure termination.

4 The description is abstracted for space; see Appendix A for the full code listing.
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τ ∈ Type ::= ι | τ → τ

e ∈ Exp ::= x ∈ Var

| λx :τ . e

| e1 e2

(a) Syntax (where ι is some base type).

Γ (x) = τ

Γ ⊢ x : τ
var

Γ [x 7→ τ1] ⊢ e : τ2

Γ ⊢ λx :τ1 . e : τ1 → τ2
abs

Γ ⊢ e1 : τ1 → τ2 Γ ⊢ e2 : τ1
Γ ⊢ e1 e2 : τ2

app

(b) Typing (where Γ : Var → Type).

Fig. 1: Simply-Typed λ-Calculus

2.1 Generation Strategy

We begin by defining datatypes for the terms being generated; for STLC this is
Type (Figure 2) and Exp (Figure 3). We deviate from the formal definition by
associating each variable with its type explicitly, making generation easier as (1)
we do not need to track the context Γ ; and (2) since we generate terms bottom-
up, variables are effectively used before being declared, so they must have known
types. Variable names are represented with integers instead of strings.

datatype Type =
| Base
| Arr(Type, Type)

Fig. 2: STLC Types

datatype Exp =
| Var(Int, Type)
| Abs(Var, Exp)
| App(Exp, Exp)

Fig. 3: STLC Expressions

The general strategy for a Datalog generator is to start with the base cases of
an inductive definition and then build larger, more complex terms while ensuring
that each new term satisfies the required contraints. Each base case is an initial
fact, and each inductive case is a rule taking existing terms and building bigger
terms. We start with types and defining the predicate type : Type, i.e., type
will be a Datalog relation stating that its argument is a well-defined STLC type
per Figure 2. According to Figure 2, Base is a well-formed type, giving us our
initial fact type(Base). Also from Figure 2, if type(t1) and type(t2), then
type(Arr(t1,t2)), giving us a rule composing types into larger types.

For types we only need well-formedness, but for terms we need both well-
formedness and well-typedness. The typing judgement defined in Figure 1b is
expressed with a predicate well-typed : Exp× Type; note that since we explic-
itly associate each variable with its type we do not need the Γ argument, so
the Datalog relation well-typed only takes an STLC expression and its type.
The base case is var, so the rule is that if i is an integer and type(t) then
well-typed(Var(i,t), t); that is, the type of some variable i associated with
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type t is t. Thus each generated type has some number of variables associated
with it.

Finally, we translate the abs and app rules to build larger well-typed terms.
For abs, the rule is that if well-typed(Var(i,t1),t1) and well-typed(e,
t2), then well-typed(Abs(Var(i,t1),e), Arr(t1,t2)). For app, the rule is
that if well-typed(e1,Arr(t1,t2)) and well-typed(e2,t2), then well-typed(
App(e1,e2),t2). With these rules, we can generate an unbounded number of
well-typed STLC terms.

The translation from the typing rules to Datalog was straightforward, but
inexact: typing is usually top-down (i.e., starting from the AST root), while
generation is bottom-up (starting from the AST leaves). Accommodating the
difference requires some mechanical changes during the translation.

2.2 Tracking Extra Information

The generator described in the prior subsection generates both open terms (i.e.,
containing free variables) and closed terms (i.e., with no free variables). It also al-
lows for abstractions with unused parameters. For the sake of example, if we wish
to only generate closed terms using all parameters, then we must track the free
variables in a term. Doing so is again straightforward: we change well-typed’s
signature to well-typed : Exp × Type × Freelist, where Freelist is a list
of Var. This signature states that the given expression has the given type and
contains the given free variables.

We modify the base var rule to be well-typed(Var(i,t),t,[Var(i,t)]).
We modify the abs rule to require the parameter Var(i,t) to be contained in the
body’s free variables, and the freelist of the resulting term is the original freelist
without the parameter. The app rule leaves the freelist as-is. Our overall output
is output : Exp× Type, where if well-typed(e,t,[]), then output(e,t); this
thus only outputs closed terms. While tracking this additional information is
straightforward, it is not as simple as it may seem; we need helpers for updat-
ing tracked information (e.g., adding/removing variables to/from freelists, and
checking if a variable is contained within) that entail a lot of boilerplate. To see
this boilerplate, we can compare the STLC Datalog generator in Appendix A
(that does not track any of this information) with the STLC Datalog generator
created by compiling the accompanying artifact’s Breccia STLC generator into
Datalog, and note all the additional functions required to implement freelists
and operations on freelists.

2.3 Bounding Generation

The generator in the prior subsection generates an unbounded number of well-
typed closed terms. To ensure termination, we must make the term space finite
via bounds. For STLC, unboundedness appears in variables (due to integers) and
in types and terms (due to arbitrary sizes). To bound variables, var is modified
to require that i must be a member of a fixed finite set. To bound types and
terms, we modify all rules to enforce the term/type size to be < k for some
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fixed k. Varying these bounds independently from each other explores different
parts of the generation space. These modifications are again straightforward, but
entail yet more boilerplate.

3 E-Graphs and Equality Saturation

The Datalog generator from Section 2 creates large sets of facts representing
generated terms, and they must all be present in memory simultaneously for
bottom-up generation to work correctly. Since the search space contains billions
of terms even after bounding, this is concerning. To address this concern, we turn
to e-graphs and equality saturation. We begin with a brief overview of these two
concepts and then discuss how we can make use of them in a Datalog generator.

3.1 Background

An e-graph is a compact structure for representing congruence classes [29]; it
has been applied to automated theorem proving [34] and to the equality satura-
tion [38] technique. Equality saturation starts with a set of rewrite rules from
terms to equivalent terms, and a set of initial terms stored in an e-graph. From
there, the current terms in the e-graph are matched against the left-hand sides
of the rewrite rules, and any rules that apply are used to rewrite matched terms
to new terms. The new terms are then added to the e-graph by unifying them
with the original terms they were derived from.5 This process repeats until a
fixpoint is reached.

This idea has obvious parallels with Datalog semantics, and Egglog [42] was
created to combine Datalog and equality saturation. Egglog implements the fact
database using e-graphs. Egglog rules can specify in their conclusion that two
terms should be considered equivalent, and the e-graph will represent this fact
efficiently. Egglog conditions and rules apply to congruence classes of terms in-
stead of individual terms, greatly speeding up the processing of equivalent terms.

3.2 Application to Generation

By defining equivalences between generated terms, we can exploit Egglog to
optimize generation. Doing so is trivial: we add a single rule per equivalence
relation stating that any two matching terms are equivalent. The question is
what terms to make equivalent, which must be determined on a per-generator
basis. For STLC and other statically-typed languages, the obvious choice is to
define two terms of the same type to be equivalent. For STLC, this means adding
a rule saying that if well-typed(e1,t) and well-typed(e2,t), then e1 ≡
e2. Generators for other kinds of terms can define their own equivalences; for
example, when generating red-black trees we could consider all trees with the
same height and root color to be equivalent.
5 Egglog’s unification is a directive saying the given terms are equivalent no matter

what they are, and cannot fail. This differs from Prolog’s unification, which enforces
equality constraints, and fails on syntactically distinct terms.
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4 Breccia Design and Compilation

Datalog generators require lots of boilerplate to track required information and
bound generated terms. To address this, we designed Breccia: a functional DSL
that compiles to Egglog. Here we describe Breccia and how it is compiled.

4.1 The Breccia Language

We illustrate Breccia by using it to implement our running STLC example; a
complete formal syntax of Breccia is in Appendix B. We begin by defining bounds
as integer ranges:

bound TSize = 1..5
bound VarInt = 1..2
bound ESize = 1..10

TSize, VarInt, and ESize are types describing integer values within the given
ranges. We next define the STLC datatypes, using mostly standard syntax. Key-
word bounded_by specifies a bound on datatype instances, and tracking is used
to associate some additional information with each datatype instance.

datatype Type bounded_by (sz: TSize) tracking () = {
Base | Arr(Type, Type) }

datatype Freelist = { Nil | Cons(VarInt, Type, Freelist) }

datatype Exp bounded_by (sz:ESize) tracking (fv:Freelist,ty:Type) = {
Var(VarInt, Type) | Lam(Type, VarInt, Exp) | App(Term, Term) }

A Type is bounded by TSize, and does not track anything (the tracking key-
word is still needed). Given a Type instance ty, its size can be accessed us-
ing ty.sz. A Freelist is an auxiliary (not exhaustively generated) unbounded
structure which tracks no additional information because it is auxiliary. An Exp
is bounded by ESize and tracks (i.e., associates) both the list of free variables in
the given expression and the expression’s type; given a Exp named e its tracked
information can be acessed using e.sz, e.fv, and e.ty.

For the bounded datatypes being generated (Type and Exp), we must define
how to compute bounds:

def Type.bound -> TSize = { self match {
Base() => 1 | Arr(t1, t2) => 1 + t1.sz + t2.sz }}

def Exp.bound -> ESize = { self match {
Var(_,_) => 1 | Lam(_,_,e) => 1 + e.sz |
App(e1, e2) => 1 + e1.sz + e2.sz }}
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Such bound definitions need only be defined once and the compiler will insert
bounds checks wherever needed, i.e., whenever the generator attempts to build
a Type or Exp, the compiler will insert a call to the appropriate bound function
and check that the resulting term does not exceed the bound. We must also
define helper functions to manipulate the auxiliary freelist; these are standard
functional definitions for dealing with lists; see fv_contains, fv_remove, and
fv_append in the accompanying Breccia code examples.

Now we can define the actual generators for Type and Exp. The ‘#’ prepending
Type and Exp allow tracked information to be accessed:

generator base_ty() -> #Type = { Base tracking () }

generator arr_ty(t1: #Type, t2: #Type) -> #Type = {
Arr(t1, t2) tracking () }

generator var(id: VarInt, ty: #Type) -> #Exp = {
Var(id, ty) tracking (fv: Cons(id, ty, Nil()), ty: ty) }

generator lam(ty: #Type, id: VarInt, e: #Exp) -> #Exp = {
if (fv_contains(e.fv, id, ty)) {

let new_fv = fv_remove(e.fv, id, ty)
Lam(ty, id, e) tracking (fv: new_fv, ty: Arr(ty, e.ty))

}}

generator app(e1: #Exp, e2: #Exp) -> #Exp = {
filter e1.ty is Arr(t1, t2)
if (t1 == e2.ty) {

App(e1, e2) tracking (fv: fv_append(e1.fv, e2.fv), ty: t2)
}}

A generator takes existing terms and bounds, and potentially checks that some
criteria holds on them using if (e.g., lam and app) and filter (e.g., app). Helper
functions are used to check and manipulate tracked information. Generators can
either silently fail (resulting in no new terms), or generate a new term with some
specific tracked information. Bounding is implicit, with checks inserted by the
compiler based on the bounding definitions (e.g., Type.bound and Exp.bound).
We must also indicate which terms should be unified, and when:

unify (e1 e2 : #Exp) when { e1.ty == e2.ty && e1.size == e2.size}

There is no main entry point to the program; generators are applied when
facts matching their parameters are generated. Bounds parameters such as VarInt
are generated automatically.

4.2 Compiling to Egglog

Breccia datatypes are translated almost one-to-one into Egglog datatypes, mi-
nus the bounded_by and tracking annotations. The tracking information is
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compiled into a predicate specific to that datatype, associating each instance of
that datatype with its tracked information; accessing tracked information via dot
notation (e.g., e.ty) compiles into an access of the associated argument position
of that predicate. Bounds declarations (e.g., bound VarInt 1..2) are translated
into a series of facts stating that each value in the range is valid (e.g., (VarInt
1) and (VarInt 2)). Functions (defs) and function calls are compiled using the
strategy from Pacak et al. [30], wherein return values are lifted to be parameters
in Prolog style; we refer the reader to that paper for details. The unify directive
is compiled into a rule whose conditions are derived from its body and whose
conclusion unifies the relevant terms.

Each generator is translated into a control-flow tree (CFT) such that each
non-failure execution path in the generator becomes a path from the CFT root
to one of its leaves; the Breccia syntax disallows paths to converge, guaranteeing
a tree. Each parameter of a bound type (e.g., id : VarInt in lam) is translated
into a condition at the CFT root (e.g., (VarInt id)), ensuring that the trans-
lated Egglog rules will be instantiated with each possible value of the bound.

Internal CFT nodes consist of binding operators (let, filter, match) or
function calls. An if expression is expanded to let x = guard; match x {...}
before being translated into the CFT, where x is a fresh variable and guard is a
boolean-valued expression. A binding node for some variable x to some ⟨pattern⟩
translates into an Egglog condition “x = ⟨pattern⟩”. When generating conditions,
we consider a single path in the CFT, thus ⟨pattern⟩ is only one branch of a match
expression; filter is essentially a match with only one branch. Each function
call node results in an Egglog rule per Pacak et al. [30], along with a condition
on the return value; the rule also collects the conditions of all binding and call
nodes along the path from the CFT root to the current call node.

CFT leaves are datatype constructor calls, i.e., newly-generated terms. Each
leaf results in an Egglog rule whose conditions are collected from all binding and
call nodes from the CFT root to the leaf, and whose conclusion is a variant of the
newly-generated term. Leaves generating a datatype <T> actually conclude with
a constructor call to a datatype <T>Valid, which has the same arguments as the
<T> being generated. We use <T>Valid in order to insert bounds checks using the
user-provided T.bound function. The relevant T.bound function is called with
the <T>Valid value to see if the result is valid for that bound. If it is, then we
create a <T>-value from the arguments of the <T>Valid value, i.e., we create the
desired term specified by the generator.

4.3 Optimizing Compilation

A naive implementation of the compiler creates many unnecessary rules and
suboptimal conditions. We apply several optimizations during compilation in
order to improve the resulting Egglog program:

Eliminate Trivial Conditions. Trivially-satisfied conditions are deleted. For
trivially-unsatisfied conditions we prune the containing subtree, avoiding the
generation of rules that would never fire.
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Copy Propagation. If a variable x is bound to e and used exactly once, then e
can be inlined wherever x was used, reducing the number of variables required.

Prune Bounds Checks. If a generation function always increases a given
bound (which is often the case) then we can aggressively filter out candidate
generations that would definitely violate the bounds. We insert a condition that
checks if the input terms have bounds such that the generated component must
violate its bounds, and if so fail immediately rather than generating the new
object and then rejecting it after the fact.

Collapse Independent Calls. Two function calls are independent if the ar-
guments of one call do not depend on the return value of the other. Sequential
independent calls in a CFT are combined into a single rule during compilation
instead of making a separate rule for each of them. This optimization reduces
the number of rules as well as the size of the rules associated with the later calls.

5 Evaluation

5.1 Answering the Research Questions

The two research questions posed in Section 1 were:

– RQ1: is Datalog expressive enough to describe interesting, non-
trivial constraints for test input generation?

– RQ2: Can e-graphs and equality saturation significantly improve
the performance of a Datalog-based generator?

To answer RQ1, we implement generators for five different statically-typed
languages in Breccia: STLC [7], the simply-typed lambda calculus; System F [17,
33] (SysF) which adds parametric polymorphism to STLC; Featherweight Java [20]
(FJ-cast), an object-oriented language with subtype polymorphism; an alter-
nate version of Featherweight Java that removes casting6 (FJ-nocast); and an
alternative version of Featherweight Java that replaces subtype polymorphism
with generics (FJ-gen). These languages explore a range of realistic type sys-
tem features and demonstrate that Breccia can encode them all. The language
implementations are available with the Breccia code.

To answer RQ2, we evaluate the generation rate of our Breccia implementa-
tions both with equality saturation (“union”) and without (“no union”, i.e., just
Datalog), using types as equivalence classes in all cases.7 We also implement

6 Casting makes every type trivially inhabitable, significantly changing the space of
valid progams, and making well-typed program generation far simpler.

7 Results were obtained on an AWS EC2 m5.2xlarge instance (8 vCPUs, Intel Xeon
Platinum 8175M @ 2.50GHz, 32 GB RAM) running Ubuntu 24.04 (kernel 6.14.0-
1015-aws). Experiments were run 10 times, the highest and lowest results were dis-
carded, and the remaining were averaged.
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generators for all five languages in Prolog in order to get a sense of the relative
performance between Prolog and Datalog generation.

Comparing the Breccia and Prolog generators directly is difficult. Breccia
generates terms bottom-up in contrast to Prolog’s top-down, necessitating dif-
ferent generation algorithms for Breccia and Prolog. We must somehow bound
the state space of these algorithms to ensure a finite space of generated programs,
and because these algorithms are necessarily different, different components end
up needing bounds. For example, the Breccia-based generators separately bound
the sizes of types and expressions, as both of these must be built up separately
in a bottom-up fashion. However, the Prolog-based generators tightly couple the
generation of types and expressions, necessitating only a single bound. Therefore
the comparison is not “apples to apples”, and is only presented to give a rough
idea of their relative performance.

All generators needed multiple bounds, leading to a many-dimensional state
space which is difficult to comprehensively evaluate. Within a generation strategy
(Breccia or Prolog), we selected bounds such that only one specific bound was
varied at a time relative to another data point; this gives a glimpse into the effect
of each specific bound on the state space. We also attempted to select bounds
that would explore different parts of the state space, leading to different sets of
generated programs which looked relatively different.

Breccia results are shown in Table 1 (STLC and SysF), Table 2 (FJ-cast and
FJ-nocast), and Table 3 (FJ-gen); we use tables instead of graphs as the results
vary wildly in magnitude. The generation rates for STLC and SysF (Table 1)
reach as high as billions of terms per second. On the slower end, FJ-cast and FJ-
nocast (Table 2) are generally dozens per second, with FJ-gen in between. In all
cases, Datalog successfully generates many terms with complex invariants, and
does so at least sufficiently fast for fuzzing, leading us to conclude that RQ1 is
true. Furthermore, in all cases, equality saturation improves the generation rate,
with STLC and SysF (Table 1) seeing even orders of magnitude improvements;
this leads us to conclude that RQ2 is also true. Altogether, generation rates and
equality saturation’s effectiveness vary significantly. There is another surprising
observation: within STLC union, bound (6-2-9) is notably slower than others;
the relevant row is highlighted in Table 1. The next row shows that the greater
STLC bound (6-2-10) is faster, as is SysF, despite these being more complex. To
explain why, we also look at generation rate over time (Figure 4).

Figure 4 takes a representative sample of languages and bounds, and plots
their generation rate over time. Time is on the x-axis, the number of generated
terms is on the y-axis, and both are log scale. The log scale is because, in an
unbounded space, generators produce exponentially more terms as the bound
linearly increases; this follows directly from terms being recursively defined. At
log scale, we thus expect to see straight lines for unbounded spaces. The lines for
STLC (6-2-15) and SysF (2-3-2-10) roughly follow this pattern, while the others
all plateau at some point, some faster than others. In particular, STLC (6-2-9)
and FJ-cast plateau quickly, and FJ-gen also plateaus but later than others.
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Table 1: Breccia generation rates (#terms/s) for STLC and SysF; the other
columns specify the bounds used. Bound (6-2-9) for STLC union is highlighted
as it is unusually slow compared to the other STLC union results.

type
size

#
vars

expr
size

STLC
union

STLC
no union

SysF #
type vars

SysF
union

SysF
no union

3 2 10 12.7m 132.1k 2 94.7b 414.8k
4 2 14 1.9b 536.3k 2 2996.6b 335.2k
5 2 10 2.5m 209.0k 1 2.7b 258.2k
6 2 9 415.4k 129.9k 2 89.1m 124.2k
6 2 10 2.5m 210.6k 5 192.9k 13.2k
6 2 12 55.4m 309.3k 2 391.2m 276.4k
6 2 15 4.5b 236.0k 2 564.5m 302.2k
6 5 10 168.8m 168.6k 2 85.4m 39.7k
9 2 10 3.4m 518.3k 2 3.3k 2.9k

Table 2: Breccia generation rates (#terms/s) for FJ-nocast and FJ-cast; the
other columns specify the bounds used.

language #
classes

#
fields

class
ids

var
ids

expr
size

num
meth

#
args

#
vars

class
depth

union
rate

no union
rate

FJ-nocast

2 2 2 2 5 6 2 2 2 14.5 9.2
2 2 2 2 6 1 2 2 2 54.7 17.0
2 2 2 2 9 1 2 2 2 53.6 29.0
2 2 2 2 12 1 2 2 2 53.3 28.7
2 6 2 2 5 2 2 2 2 113.4 21.3
3 2 2 2 6 2 2 2 1 172.6 11.3
3 2 2 2 6 2 2 2 3 113.2 21.8
3 2 4 4 7 2 3 4 2 17.4 9.1
4 3 3 3 6 3 4 3 3 16.7 14.8
6 2 3 2 5 2 2 2 3 74.0 16.8

FJ-cast

2 2 2 2 5 6 2 2 2 36.1 31.8
2 2 2 2 6 1 2 2 2 81.2 73.5
2 2 2 2 9 1 2 2 2 82.3 71.2
2 2 2 2 12 1 2 2 2 76.8 73.4
2 6 2 2 5 2 2 2 2 53.5 48.7
3 2 2 2 6 2 2 2 1 81.3 71.9
3 2 2 2 6 2 2 2 3 52.0 49.9
3 2 4 4 7 2 3 4 2 76.1 78.6
4 3 3 3 6 3 4 3 3 85.3 44.1
6 2 3 2 5 2 2 2 3 106.7 53.9
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Table 3: Breccia generation rates (#terms/s) for FJ-gen; the other columns
specify the bounds used.

#
classes

#
fields

class
ids

var
ids

expr
size

num
meth

#
args

#
vars

class
depth

# class
vars

union
rate

no union
rate

2 2 2 2 5 6 2 2 2 2 76.5 35.0
2 2 2 2 6 1 2 2 2 2 2.5k 379.1
2 2 2 2 9 1 2 2 2 2 2.5k 384.9
2 2 2 2 12 1 2 2 2 2 2.5k 379.7
2 6 2 2 5 2 2 2 2 2 23.5 55.8
3 2 2 2 6 2 2 2 1 2 70.8 177.9
3 2 2 2 6 2 2 2 3 2 19.7 5.8
3 2 4 4 7 2 3 4 2 2 87.7 30.2
4 3 3 3 6 3 4 3 3 2 103.0 35.8
6 2 3 2 5 2 2 2 3 2 51.8 19.8
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(2, 2, 2, 2, 5, 6, 2, 2, 2)

FJ-cast
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(6, 2, 15)
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(6, 2, 9)

SysF
(2, 3, 2, 10)

SysF
(2, 9, 2, 10)

Fig. 4: Log Time (seconds) vs Log #Terms
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Multiple bounds are used for each language, describing a multi-dimensional
space. We hypothesize that the bounds are interacting with generation in inter-
esting and unpredictable ways. In particular, we may reach a point where most
existing terms, if used as components to generate a new term, will cause the new
term to violate the bounds and be discarded; thus only a small number of valid
new terms may be generated at each step, greatly slowing the generation rate.
This would at least partially explain the poor performance of the FJ generators
vs. STLC, as by having many more bounding parameters, the FJ generators
would have many more opportunities to hit this issue. If and when this happens,
and whether the slow-down is gradual or quick, is a function of the bounds and
the space being explored. Characterizing this behavior is an interesting question
to explore in future work.

We also briefly look at the generation rates for Prolog, shown in Table 4
(STLC and SysF), Table 5 (FJ-cast and FJ-nocast), and Table 6 (FJ-gen). Pro-
log, due to its top-down generation strategy, outputs terms and then discards
them, whereas Datalog stores all generated terms in memory. As a point of inter-
est, we investigated how much of the Prolog generation time was due to specifi-
cally to I/O, and include those numbers in the tables. That is, we measure both
raw generation rate, as well as generation plus the cost to write programs to disk
We see that Prolog generation is consistently orders of magnitude faster for FJ-
nocast, FJ-cast, and FJ-gen (Tables 5 and 6 compared to Table 2), but orders of
magnitude slower for STLC and SysF (Table 4 compared to Table 1)—however,
we again must be wary of drawing conclusions due to the inherently different
generation approach Prolog uses. The I/O cost of writing out terms is very large,
but unavoidable in fuzzing using Prolog. The variance in generation rate across
the Prolog generators is much lower than it is for Breccia; we hypothesize this
is because bounding issues are a well-known issue with Prolog generation, and
we specifically bounded the Prolog code so as to mitigate this issue.

Table 4: Prolog generation rates (#terms/s) for STLC and SysF; the other
columns specify the bounds used. Bounds (4-3) and (5-3) were not measured
for SysF.

init
bound

#
vars

STLC
no IO

STLC
with IO

SysF
no IO

SysF
with IO

4 3 357.9k 175.1k / /
5 3 351.6k 162.5k / /
5 5 354.3k 163.3k 99.6k 60.9k
6 3 346.9k 152.0k 94.4k 54.0k
7 7 340.5k 141.7k 85.9k 53.1k
9 3 328.0k 126.0k 71.6k 42.8k
9 9 323.4k 125.7k 76.4k 47.4k
11 11 312.1k 112.9k 69.8k 43.6k
13 3 305.3k 103.5k 53.8k 33.8k
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Table 5: Prolog generation rates (#terms/s) for FJ-nocast and FJ-cast; the other
columns specify the bounds used.

language #
classes

#
fields

num
meth

#
vars

term
bound

no IO
rate

with IO
rate

FJ-nocast

2 4 2 4 3 365.7k 16.0k
2 4 2 4 5 290.3k 14.6k
2 4 2 4 8 314.9k 13.1k
2 4 2 4 12 307.1k 11.6k
2 4 2 12 5 378.6k 7.6k
2 4 6 4 5 324.0k 7.5k
2 12 2 4 5 305.9k 8.4k
4 6 4 6 5 261.2k 4.1k
6 4 2 4 5 128.0k 6.0k

FJ-cast

2 4 2 4 3 352.3k 15.1k
2 4 2 4 5 307.1k 14.8k
2 4 2 4 8 287.3k 12.5k
2 4 2 4 12 284.0k 11.5k
2 4 2 12 5 370.9k 8.7k
2 4 6 4 5 295.5k 7.3k
2 12 2 4 5 313.1k 8.5k
4 6 4 6 5 197.9k 4.3k
6 4 2 4 5 97.1k 5.5k

Table 6: Prolog generation rates (#terms/s) for FJ-gen; the other columns spec-
ify the bounds used.

#
classes

#
fields

num
meth NumParams # type

vars ExpBound TypeBound no IO
rate

with IO
rate

2 2 5 1 1 3 6 71.0k 9.7k
3 2 2 1 1 3 6 83.8k 12.0k
3 2 5 1 1 3 6 59.5k 7.7k
3 2 5 1 1 3 8 62.0k 7.9k
3 4 5 1 1 3 6 60.9k 7.3k
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5.2 A Mini-Fuzzing Campaign

To investigate the bug-finding capability of our generators we ran a mini-fuzzing
campaign for two of our example languages: we chose STLC as a representative
of functional languages and FJ-nocast as a representative of OOP languages.
For STLC we implemented an interpreter, and for FJ-nocast we implemented a
compiler (both with a type checker in the front-end). For each implementation
we manually created a number of mutants, each with a different injected fault.
We then selected a set of bounds and used the generated terms from both the
Prolog and Breccia generators to fuzz the implementations, tracking how many
of the injected faults were found. The results are shown in Table 7. We see
that both the Prolog and Breccia generators find roughly the same number of
bugs (the differences are because, again, the bounding strategies are different
between Prolog and Breccia and so they aren’t exploring exactly the same space
of programs).

Table 7: Fuzzing Results.
Language Fuzzed Generator w/ bounds #Faults found / Total faults

STLC Breccia (7,3,2) 6 / 7
Prolog (3,3) 7 / 7

FJ-nocast Breccia (2,2,1,0,2,0,0,0,2) 14 / 14
Prolog (2,1,1,1,1) 13 / 14

6 Limitations and Threats to Validity

All of the benchmarks presented in Section 5 deal with programs which are inher-
ently compositional in nature (e.g., expressions contain subexpressions). We have
not evaluated Breccia on non-compositional problems. Breccia’s compositional
nature is best suited to problems wherein it is straightforward to determine if a
larger term is valid given some previously-generated valid subterms. Problems
requiring state outside of a local group of terms are more challenging to encode,
though not impossible, and likely have implications for performance.

Our evaluation does not consider dynamically-typed languages, though Brec-
cia is applicable to such languages— ASTs are inherently compositional, and so
syntactically valid programs in any language is doable in Breccia. Prior work
using Prolog has generated JavaScript using a rudimentary type system to avoid
uninteresting behavior [14], and Breccia can be used in the same way.

The bounds chosen in our evaluation were chosen to explore different parts
of the state space of possible programs. However, we did not comprehensively
search the space of possible bounds, making these choices somewhat arbitrary.
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7 Related Work

7.1 Fuzzing using Logic Programming Variants

Both Grygiel et al. [18] and Tarau [37] use Prolog to generate well-typed terms
in the simply-typed lambda calculus [7]. However, this was for the purpose of
studying properties of the terms and distributions over them, as opposed to
using them for testing purposes. Dewey et al. [14] introduce the idea of using
Prolog to generate programs for fuzzing. They later apply this idea to fuzzing
Rust [15], student assignments [11], and a custom Scala-inspired language [10],
as well as generating complex data structures with non-trivial invariants [13].
However, multiple works argue that Prolog-based fuzzing is too difficult to use,
too limited, or too sensitive to optimizations to be widely applicable [3, 6, 19].

Luck [23] is a DSL for property-based testing [8], which has a semantics
combining top-down Prolog-style backtracking with constraint solving. This se-
mantics is exposed to the user through a functional interface, and users can
work with concrete and symbolic data. Breccia, in contrast, performs bottom-
up generation with equality saturation. Breccia’s bottom-up nature imparts a
very different approach to writing generators, and presents an arguably simpler
interface, since user-exposed data is always concrete.

7.2 Functional Languages and Datalog

Pacak et al. [31] define a DSL for describing type systems which compiles to a
Datalog-based incremental typechecker. Pacak et al. [30] later describe shortcom-
ings in Datalog as a user-level programming language and use those shortcomings
to motivate Functional IncA, a functional programming language with algebraic
data types and sets that compiles to Datalog. Neither approach can be used for
generating inputs based on constraints (including type systems). Other works,
such as Flix [24,25], Datafun [2], Formulog [4], and Flan [1] either extend Datalog
with functional language constructs or embed Datalog inside a functional lan-
guage, usually designed for a specific purpose such as program analysis. Again,
none of these languages support generating inputs based on constraints.

7.3 Equality Saturation and Egglog

Willsey et al. introduce Egg [40], a modern e-graph library for equality satu-
ration. Zhang et al. introduce Egglog [42], which unifies Datalog and equality
saturation into a single fixpoint reasoning system. Equality saturation has been
applied across many domains [9, 16, 28, 32, 39, 41]. None of these works apply
equality saturation to the problem of input generation.
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A Datalog Generator for Simply-Typed λ-Calculus

;; Simply-typed lambda calculus in egglog

;; Define types in STLC (Figure 2)
(datatype type

(Base) ;; Base type
(Arr type type)) ;; Function type: t1 -> t2

;; Define expressions in STLC (Figure 3)
(datatype exp

(Var i64 type) ;; Variables: Var(Int, Type)
(Abs exp exp) ;; Lambda abstraction: Abs(Var, Exp)
(App exp exp)) ;; Application: App(Exp, Exp)

;; Predicates for well-formedness and well-typedness
(relation type (type i64)) ;; type : Type, with size
(relation welltyped (exp type i64)) ;; well-typed : Exp x Type, with size

;; Bounds
(relation maxsize (i64))
(relation maxidx (i64))
(relation valididx (i64))

(maxsize 4)
(maxidx 1)

;; Generate valid variable indices
(valididx 1)
(rule

((valididx i) (maxidx m) (> m i))
((valididx (+ i 1))))

;; Base case: Base is a well-formed type
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(type (Base) 1)

;; Inductive case: if type(t1) and type(t2), then type(Arr(t1,t2))
(rule

((maxsize m)
(type t1 s1)
(type t2 s2)
(> m (+ s1 s2)))

((type (Arr t1 t2) (+ 1 (+ s1 s2)))))

;; Base case for var: if i is an integer and type(t),
;; then welltyped(Var(i,t), t)
(rule

((type t s) (valididx i))
((welltyped (Var i t) t 1)))

;; Rule for abs: if welltyped(Var(i,t1),t1) and welltyped(e,t2),
;; then welltyped(Abs(Var(i,t1),e), Arr(t1,t2))
(rule

((welltyped (Var i t1) t1 s1)
(welltyped e t2 s2)
(maxsize m)
(> m (+ s1 s2)))

((welltyped (Abs (Var i t1) e) (Arr t1 t2) (+ 1 (+ s1 s2)))))

;; Rule for app: if welltyped(e1,Arr(t1,t2)) and welltyped(e2,t1),
;; then welltyped(App(e1,e2),t2)
(rule

((welltyped e1 (Arr t1 t2) s1)
(welltyped e2 t1 s2)
(maxsize m)
(> m (+ s1 s2)))

((welltyped (App e1 e2) t2 (+ 1 (+ s1 s2)))))

;; Equality saturation: two terms of the same type are equivalent
(rule

((welltyped e1 t s1) (welltyped e2 t s2))
((union e1 e2)))

(run 10000)
(print-function welltyped 100000)
(print-size welltyped)
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B Breccia Syntax

Program ::= Declaration*

Declaration ::= BoundDecl | DatatypeDecl | GenTypeDecl | NormalFuncDecl
| BoundFuncDecl | GenFuncDecl

BoundDecl ::= bound Id = Integer .. =? Integer

DatatypeDecl ::= datatype Id = { Variant+ }

GenTypeDecl ::= datatype Id bounded_by ( Param* ) \
tracking ( Param* ) = { Variant+ }

Variant ::= | Id [( TypeList )]
TypeList ::= Type [, Type]*

NormalFuncDecl ::= def Id ( FuncParams ) -> Type = { Block }

BoundFuncDecl ::= def Id.bound -> Id = { Block }

GenFuncDecl ::= generator Id ( FuncParams ) -> # Id = { Block }

FuncParams ::= [Param [, Param]*]
Param ::= Id : TypeRef
TypeRef ::= Type | # Type

Type ::= Int | Bool | Id

Block ::= Statement* Expr

Statement ::= LetStmt | FilterStmt

LetStmt ::= let Id = Expr Newline

FilterStmt ::= filter Expr is Pattern Newline

Expr ::= IfExpr | MatchExpr | GenReturnExpr | BinaryExpr | Term

IfExpr ::= if ( Condition ) { Block } [else { Block }]

MatchExpr ::= Expr match { MatchCase* }

MatchCase ::= | Pattern => Expr

GenReturnExpr ::= Id [( Args )] tracking ( Id : Expr [, Id : Expr]* )
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BinaryExpr ::= Term Operator Term

Term ::= Id | Integer | true | false | fail | FuncCall
| ConstructorCall | FieldAccess | ( Expr )

FuncCall ::= Id ( Args )
ConstructorCall::= Id ( Args )
FieldAccess ::= Id . Id
Args ::= [Expr [, Expr ]*]

Pattern ::= Id ( [PatternList] ) | Id | _

PatternList ::= Pattern [, Pattern]*

Condition ::= Expr CompOperator Expr
Operator ::= + | - | || | &&
CompOperator ::= == | != | < | > | <= | >=


