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Abstract

Concolic execution systematically explores program paths by solv-
ing symbolic constraints, but in object-oriented software its practi-
cal effectiveness is often limited by heap constraints over objects
and heap structure, such as nullness, aliasing, runtime types, and
field reachability. These constraints form a systematic bottleneck
in real-world software because satisfying them requires construct-
ing a concrete heap model rather than merely computing primi-
tive valuations, which existing SMT-based concolic engines and
symbolic heap techniques do not handle effectively. We present
COHEQ, a hybrid concolic architecture that decomposes each tar-
get path condition into a primitive component solved by an SMT
solver and a heap component handled by a Heap Constraint Solver
(HCS). Given extracted heap constraints, HCS uses an LLM to pro-
pose candidate heap models and initialization code, while a trusted
verifier executes and verifies the generated code, admitting only
models whose initialization code constructs states that satisfy all
constraints and keeping the LLM outside the trusted computing
base. We implement COHEC on top of JDart/JPF and evaluate it
on 6,750 APIs from ten Java libraries, together with a stratified
sample from commons-lang3 against the LLM-assisted baseline
CONCOLLMIC. The results show that COHEC substantially im-
proves path exploration and concrete valuation generation over
native JDart, while achieving higher coverage than CONCOLLMIC
at lower time and token cost. Overall, the findings indicate that
treating heap constraint solving as verified heap model construc-
tion is a practical and effective way to extend concolic execution to
the object-sensitive behaviors pervasive in modern software.
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1 Introduction

Background. Concolic execution has become a central technique
for automated test generation, combining concrete execution with
symbolic reasoning to systematically explore feasible program
paths [2, 10, 20, 26, 46]. During execution, the engine accumulates
path constraints and invokes an SMT solver such as Z3 to synthesize
inputs that drive subsequent runs toward previously unexplored
branches, enabling scalable bug finding and vulnerability discovery
[8,9, 11, 21, 42, 47, 49, 61]. This paradigm has been instantiated in
a broad range of systems and extended to object-oriented settings
through frameworks such as JPF, Symbolic PathFinder, JDart, and
JBSE [5, 31, 38, 55]. For path conditions over primitive domains such
as integers, booleans, and floating-point values, modern SMT tech-
nology is generally effective at producing satisfying assignments
at a practical scale [18].

Bottleneck. The decisive bottleneck, however, lies in constraints
that involve objects and heap structure. In object-oriented pro-
grams, many branch decisions depend not on numeric or boolean
reasoning over primitive values but on relations among object-
typed variables—whether an object reference is null, whether two
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variables alias, whether a runtime object satisfies an instanceof
test, whether a field dereference is realizable, or which concrete
method a virtual call dispatches to. We call this class of object-
and heap-sensitive conditions heap constraints. Unlike primitive
constraints, these constraints are existential over heap structures:
satisfying them requires constructing a concrete object graph that
simultaneously realizes aliasing, runtime typing, field accessibility,
and reachability conditions, which is beyond what SMT solving
and traditional symbolic heap expansion are designed to produce
directly. More fundamentally, satisfying heap constraints requires
not just a symbolic valuation but a heap model—concrete object
identities, runtime classes, relevant field bindings, and initialization
actions that construct a concrete state. We refer to this outstanding
challenge as the heap constraint solving problem.

Existing work. Existing solutions address this challenge only
partially. Classical concolic engines such as JDart work well when
path constraints can be discharged by mature SMT technology
[18, 31], but SMT solving alone does not construct the concrete
heap state needed to realize an object-sensitive path. Heap-oriented
techniques—including lazy initialization, JBSE, Precise Lazy Initial-
ization, and separation-logic-guided symbolic execution [5, 16, 25,
40]—improve the representation and expansion of symbolic object
references, yet stop short of treating heap constraint solving for a
target path as a dedicated heap model construction problem. As a
result, mature Java symbolic execution frameworks such as JBSE
and SPF often struggle on large, feature-rich real-world libraries: se-
vere path explosion, rapidly growing heap/state spaces, and incom-
plete modeling of JVM or library behaviors (e.g., reflection, native
methods, dynamic loading, and environment-dependent effects)
frequently lead to unsupported executions, unstable exploration,
or prohibitive analysis cost. These limitations ultimately lead to
missed object-sensitive branches in practice.

Significance. The practical impact of unresolved heap con-
straints is substantial. In our manual study of 60 randomly se-
lected APIs from commons-1lang3, native JDart completed on 87.5%
of the APIs but achieved full branch coverage on only 42.5%; for
the remaining 45% that terminated without full coverage, man-
ual inspection identified unresolved heap constraints as the domi-
nant recurring cause of the missed branches. At benchmark scale,
across 6,750 APIs from ten Java libraries, native JDart explores only
15,954 paths and produces 13,295 concrete valuations, leaving many
branches guarded by heap constraints unexplored. Together, these
findings show that heap constraint solving is a systematic bottle-
neck rather than an isolated engineering issue. If heap constraints
can be made explicit to the solver and their solutions executable,
there is substantial room to improve both coverage and exploration
depth.

Core idea. We treat heap constraint solving as the verified con-
struction of heap models, and use LLMs to propose candidate models
that are structurally plausible under the program’s type and code
context. Rather than asking the solver to enumerate heap states
symbolically, COHEC (COncolic execution with HEap Constraints)
frames the task as candidate construction followed by trusted veri-
fication.

This formulation is a natural fit for LLMs. Satisfying an object-
sensitive path typically requires constructing an object graph, choos-
ing runtime types, and generating initialization actions that jointly
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realize nullness, aliasing, field access, and dynamic dispatch [22,
30, 32, 44, 56]—a construction problem whose search space grows
combinatorially and is poorly matched to exhaustive symbolic or
search-based enumeration. LLMs, by contrast, can leverage learned
priors over code structure and type relationships to propose promis-
ing heap models directly.

Importantly, COHEC differs from prior LLM-assisted concolic
systems such as CONCOLLMIC, which use LLMs to guide explo-
ration or generate test inputs. Instead, COHEC confines the LLM
to a fixed, well-scoped constraint-solving role and keeps correct-
ness entirely on the trusted side through a fail-closed verifier. This
design is embodied in the Heap Constraint Solver (HCS), which
admits only semantically valid heap models whose initialization
code constructs a valid concrete state.

Approach overview. COHEC realizes this idea through a hybrid
architecture for target path re-execution. Once the engine selects a
target path, it decomposes the recorded path condition into prim-
itive constraints and heap constraints. An SMT solver solves the
primitive constraints, while HCS receives the heap constraints to-
gether with the selected program and heap context and uses the
LLM to propose candidate heap models and initialization code. The
trusted verifier accepts only executable, semantically consistent
candidates, and accepted heap models are then composed with the
SMT valuation into concrete program states for re-execution.

Evaluation. We evaluate COHEC on 6,750 APIs from ten Java
libraries. Compared with native JDart, COHEC increases explored
paths from 15,954 to 28,757 (+80.2%) and concrete valuations from
13,295 to 23,248 (+74.9%). On a stratified sample of 30 APIs from
commons-lang3, COHEC achieves higher line, instruction, and
branch coverage than the state-of-the-art LLM-assisted concolic
baseline CONCOLLMIC, while consuming 65.1% less wall-clock
time and 98.8% fewer tokens. An ablation study shows that heap
state constraints account for the largest share of the aggregate gain.
Overall, the results demonstrate that isolating heap constraints be-
hind a solving boundary with trusted verification is a practical and
effective strategy for extending concolic execution, as demonstrated
empirically on Java libraries.

Our main contributions are as follows.

o We formulate heap constraint solving as heap model construction
for target paths, exposing it as a standalone constraint-solving
problem with a well-defined solver interface.

e We propose COHEC, a verifier-in-the-loop hybrid architecture
that decomposes each path condition into PCpim and PCheap,
solves PCprim with SMT, and resolves PCpcap through HCS under
a fail-closed trust model.

e We implement the approach as an extension to JDart/JPF together
with HCS, which collects heap constraint atoms, selects the rele-
vant program context and a bounded collection of heap objects
starting from variables constrained by PCheap, and accepts only
heap models that pass the trusted verifier.

e We evaluate the approach on 6,750 APIs from ten Java libraries
and a stratified sample of 30 APIs from commons-lang3. COHEC
explores 80.2% more paths and produces 74.9% more concrete
valuations than native JDart, while achieving higher coverage
with 65.1% less wall-clock time and 98.8% fewer tokens than
CONCOLLMIC.
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1| // Simplified from org.jfree.chart rendering
pipeline

2| public interface Dataset {

3 int getSeriesCount();

4]}

5| public class IntervalDataset implements Dataset {

6 public Dataset baseline;

7 public int seriesCount;

8 public int getSeriesCount() { return
seriesCount; }

9|}

10 | public static boolean canOverlay(Dataset dsT,
Dataset ds2) {

11 if (ds1 == null || ds2 == null) return false;

12 if (!(ds1 instanceof IntervalDataset)) return
false;

13 IntervalDataset ids = (IntervalDataset) ds1;

14 if (!(ids.baseline instanceof IntervalDataset
)

15 return false;

16 if (ids.baseline == ds2) return false;

17 if (ids.getSeriesCount() <= @) return false;

18 // --- target path ---

19 return true;

20| }

Figure 1: Running example — A simplified JFreeChart path
in which heap conditions determine feasibility before the
final primitive branch condition.

2 Motivating Example

We illustrate this bottleneck with a concrete example drawn from
JFreeChart. Figure 1 shows a simplified compatibility check from
the dataset rendering pipeline. The method canOverlay determines
whether one dataset can be safely overlaid on another during ren-
dering. Although the code is small, it captures a common failure
mode in object-oriented concolic execution: path feasibility is de-
termined first by object-sensitive conditions, and only then by a
primitive condition. In our formulation, this path is naturally de-
composed into a pair (PCprim, PCheap), Where PCheap captures the
heap constraints that determine executability.

To reach the target path, execution must realize a state in which
ds1and ds2 are non-null, ds1 has runtime type IntervalDataset,
its baseline field is also a non-null IntervalDataset distinct
from ds2, and seriesCount is positive. The final predicate is primi-
tive; all preceding requirements are heap constraints that determine
whether the path is executable at all.

This asymmetry is the core difficulty. Once a concrete receiver
object exists, an SMT solver can readily satisfy getSeriesCount()
> 0. What it cannot provide directly is the heap model needed
to satisfy the earlier constraints: which concrete implementation
of Dataset should back ds1, whether baseline should point to
a fresh object, and which object expressions must alias or remain
distinct. In this setting, a satisfying input is therefore not merely
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a valuation over primitive variables, but a heap model with con-
crete object identities, runtime classes, relevant field bindings, and
initialization actions.

Conventional concolic engines handle the primitive part of this
path well, but the execution is blocked earlier. The obstacle is not
the final integer branch condition; it is that the nullness, runtime
type, field access, and object disequality facts governing the path
are not exposed as an explicit solving problem for the target path.
Without a mechanism for synthesizing a concrete heap that realizes
this combination of heap constraints, the engine cannot generate
a concrete input for the target path even though the remaining
primitive predicate is easy.

This example motivates separating the final primitive branch
condition from the heap feasibility conditions needed to realize the
path. Section 3 formalizes this decomposition and the corresponding
solving workflow.

3 Approach

COHEC extends concolic execution with a Heap Constraint Solver
(HCS) that implements a three-stage, verifier-guided LLM workflow
for heap model construction. Section 3.1 presents the overall frame-
work, Section 3.2 details heap constraint solving, and Section 3.3
describes trusted verification and its soundness guarantees.

3.1 Overall Framework

Figure 2 presents the overall framework of COHEC. Its input is the
recorded path condition PC of a selected target path, and its output
is either a concrete program state for re-executing that path or a
fail-closed solving status. The framework first decomposes PC into
its primitive component PCpirm and heap component PCpeap. An
SMT solver computes a primitive valuation for PCprim, while HCS
executes its three-stage, verifier-guided LLM workflow over PCheap
and the selected program context. Through staged generation and
bounded refinement, the workflow produces a candidate model w.
Only after w passes trusted verification is its realized heap state
composed with the SMT valuation and returned to the concolic
engine for re-execution.

This hybrid design is necessary because primitive and heap con-
straints require different kinds of solutions. Primitive constraints
require scalar valuations, whereas heap constraints require an ex-
ecutable object graph that realizes runtime types, nullness, alias-
ing, and field relations. A uniform solving strategy would either
leave the heap conditions unresolved or require the symbolic en-
gine to explore a large space of possible heaps. COHEC instead
delegates PCprim and PCheap to solvers suited to their respective
value domains and combines their results only at the concrete state
boundary.

Constraint decomposition. For a selected target path with
recorded path condition PC, COHEC decomposes it as

PC = Pcprim A Pcheap’

where PCpim consists of constraints over primitive symbolic vari-
ables, and PChegp is a quantifier-free Boolean combination of heap
atoms. Satisfaction of PCpim is determined by the primitive valua-
tion oprim, whereas satisfaction of PCh.,p is determined by the heap
state s. When a primitive predicate uses a value obtained through an
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Figure 2: Overview of COHEC. The engine decomposes the recorded path condition into PCyim and PChc,p, solves PCpim with
SMT, and delegates PCy,, to HCS with the selected context. Only heap models accepted by the trusted verifier are used to
construct concrete heap states, which are composed with the SMT valuation into concrete program states for re-execution; all

other outcomes remain fail-closed.

object access, the predicate belongs to PCyim, While PCpe,p records

the nullness, type, and reachability conditions required to reproduce

that access.

The decomposition operates on the path condition recorded by
the underlying concolic executor; COHEC does not recover aliasing
or other heap constraints omitted during constraint collection.

Solution composition. Solving PCpir, yields a primitive val-
uation oprim, whereas solving PC.,p yields a verified heap state s.
These component solutions are defined as follows:
® Oprim : Varpim — Valyim assigns values to the primitive sym-

bolic variables (integers, Booleans, floating-point) introduced

along that path;

e s = (T, p, H) represents the concrete heap state. For the object
variables Var,p; in the recorded constraints, I' records runtime
types, p maps variables to locations or null, and H maps allocated
locations to pairs (C, F), where C is a runtime class tag and F is
a finite field store. The components satisfy the following well-
formedness invariant: for every x € Varg, if p(x) = £ # null,
then H(¢) = (C, F) for some C, F and I'(x) = C; if p(x) = null,
then I'(x) is undefined.

The composition operator maps these component solutions to a
concrete program state for re-execution:

o = Compose(Tprim, S) = $ ® Oprim-

During symbolic execution, the engine records the concrete slot as-
sociated with each primitive symbolic variable a. Composition
writes oprim(a) to each recorded slot while preserving the ob-
ject bindings, runtime types, object-valued fields, and allocated
locations established by s. Consequently, if oprim = PCprim and
$ |= PCheap, then

Compose(0prim, s) |= PCprim A PCheap = PC.

The running example (Figure 1) illustrates this composition con-
cretely. HCS constructs a heap state s satisfying PCheap: ds1 and
ds2 are non-null, ds1 and ds1.baseline have the required run-
time types, and ds1.baseline is distinct from ds2. Independently,
SMT solves the sole primitive condition in PCpim, corresponding
to ids.getSeriesCount() > 0, and produces a positive value for
the symbolic variable associated with seriesCount. Composition

then writes this value to the corresponding primitive slot without
changing the heap structure. Consequently, the resulting concrete
program state o satisfies the original target path condition.

3.2 Heap Constraint Solving

Solving PChe,p requires a heap model that can be realized as an
executable program state, not merely a valuation of symbolic vari-
ables. To support this construction, COHEC represents the path
requirements as heap constraints over bounded object expressions
and selects the relevant program context. Using these inputs, HCS
executes a three-stage LLM workflow with bounded verifier-guided
refinement to construct the runtime types, object graph, and ini-
tialization code forming a candidate model.

Heap-constraint representation. COHEC represents PCheap
as a quantifier-free Boolean formula over heap atoms. Each atom is
defined over an object expression that is either a root symbolic vari-
able or a bounded field path rooted at one, such as ds1.baseline.
This representation captures four kinds of object facts: nullness,
aliasing, subtype membership, and exact runtime type. Field access
requires no separate atom because field paths are explicit object ex-
pressions, with the non-nullness of each dereferenced base recorded
separately. In the running example, the null guards become negated
nullness atoms, the two instanceof guards become subtype atoms,
and ids.baseline != ds2 becomes a disequality atom. The final
getSeriesCount() > @ guard does not appear in PCj.,, because
it is primitive and remains in PCpim. Equality guards in other paths
introduce aliasing atoms, while exact-type atoms record runtime
classes fixed by virtual dispatch.

The four atomic forms are:

(1) Nullness atoms IsNull(p) and their negations encode null
checks.

(2) Aliasing atoms Alias(p, q) and Diseq(p, q) encode reference
equality and disequality.
(3) Subtype atoms InstanceOf(p, T) encode subtype tests.

(4) Exact type atoms ExactType(p, D) record the runtime class
required by virtual dispatch.
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Heap atom semantics. For a heap state s, [[p]]s denotes the
result of resolving an object expression p under p and H. For a root
variable x, [[x]]s = p(x); a field path is resolved by following its
fields through H. We write s |= ¢ when a heap constraint ¢ holds
in s; for the basic forms, the relation is defined as follows:

s |= IsNull(p) > [[plls = null,

s |= —IsNull(p) > [[plls # null,

[lpll
[[pll
s |= Alias(p, q) & [lplls = [lglls # null,
s |= Diseq(p. ) = [lplls # [lq]ls,
s |= InstanceOf(p,T) < [[p]ls =¢ # null

A H(t)=(C,F) A C<cr T,
s |= ExactType(p,D) < [[plls =¢ # null

A H(¢) =(D,F).

The satisfaction relation for PCp,p follows the usual Boolean se-
mantics for conjunction, disjunction, and negation. To define field
path resolution for every heap state, resolution returns null when
an intermediate dereference cannot be completed. For a target path
without exceptions, PCpeap requires every intermediate object to be
non-null, so every satisfying state resolves all observed field paths
without relying on this convention.

To illustrate how this representation captures the requirements
of a concrete target path, consider the running example in Figure 1.
PCheap requires ds1 and ds2 to be non-null, ds1 and ds1.baseline
to satisfy the two subtype tests, and ds1.baseline to differ from
ds2:

PCheap = —IsNull(ds1) A ~IsNull(ds2)
A InstanceOf(ds1, IntervalDataset)
A =IsNull(ds1.baseline)
A InstanceOf(ds1.baseline, IntervalDataset)
A Diseq(ds1.baseline, ds2).

Context selection. The heap atoms specify what a satisfying
object graph must look like, but not how the graph can be con-
structed through the program’s available classes and APIs. For each
PCheap, the engine therefore selects program and heap information
relevant to its object expressions and supplies it as input context to
the LLM-based construction stages in HCS.

The selected context is deliberately limited in scope. More con-
text may expose useful construction operations, but it also increases
prompt size, token cost, and irrelevant alternatives; too little context
may prevent HCS from finding a realizable proposal. Context selec-
tion therefore affects practical completeness—insufficient context
may lead to UNKNOWN-—but never relaxes the verifier’s accep-
tance criteria and hence does not affect soundness.

The selected context contains:

(1) the compile-time type of each variable and field path that ap-
pears in PCheap;

(2) the inheritance relationships and concrete classes needed to
determine which runtime types are allowed;

(3) a bounded collection of heap objects selected by traversing

from the variables constrained by PCheap, together with their
relevant object-valued field bindings;
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(4) selected source code showing how objects of those classes can
be created and updated, including constructors, factory and
builder methods, setters, and other mutators.

The first two components identify admissible runtime classes,
the third describes the path-relevant objects already available in
the heap, and the fourth tells HCS how those objects can be created
or updated.

History retrieval. Many target paths diverge only after execut-
ing a common prefix. Before solving a new PCheap, the engine may
therefore retrieve accepted solving records from earlier paths that
share an execution prefix with the target path. Because these paths
encountered the same object-sensitive decisions before their diver-
gence, their accepted solutions provide plausible starting points for
the new construction task.

The retrieved records summarize the earlier heap constraints
and the construction decisions that produced an accepted model,
including runtime types, object bindings and field links, and ini-
tialization operations. HCS uses these records only as optional
examples when constructing a new candidate; it does not treat
their decisions as constraints on the current path. Every candidate
must still satisfy the current PChe,, and pass the complete trusted
verification pipeline. History retrieval can therefore improve search
efficiency and practical completeness, but it does not change the
acceptance condition or the soundness guarantee.

Candidate model construction. Given PChe,p, the selected
context, and any retrieved history records, HCS generates an un-
trusted candidate that assigns runtime types, object identities, and
field links to the observed object expressions, together with initial-
ization code intended to realize them. Producing executable code
is necessary because a declaratively consistent object graph may
not be realizable using the construction operations available in the
target program, whereas concolic re-execution requires a concrete
program state.

Definition 3.1 (Candidate Model). A candidate model is a triple
w = (B, H,,, code),

where f# maps each object expression occurring in PCpegp to a lo-
cation or null, H,, is a finite partial heap model, and code is ini-
tialization code intended to realize (5, H.,,). No consistency or exe-
cutability is assumed at this stage; these properties are established
by trusted verification.

HCS constructs each candidate through three dependent stages.
Each stage produces an explicit intermediate artifact that fixes part
of the candidate and constrains the choices available in subsequent
stages:

(1) Runtime type assignment. For each object expression, HCS
determines the admissible concrete runtime classes, subject
to its declared type, subtype constraints, and exact-type con-
straints induced by dynamic dispatch. It then selects a consistent
runtime-type assignment. This assignment restricts which exist-
ing objects may be reused and which classes may be instantiated
during object graph construction. If no consistent assignment
exists, the candidate is rejected before reasoning about object
identities or initialization operations.

(2) Object graph construction. Given the runtime-type assign-
ment, HCS constructs the bindings § and the finite partial heap
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model H,,. It decides which expressions are null, which non-
null expressions refer to the same object, and whether each
required object can be reused from the current heap or must be
created as a fresh object. It then adds the field links needed to
resolve the object expressions in PCheap. The resulting graph
must respect the nullness, aliasing, disequality, and type con-
straints in PCpe,p, While containing only the objects and fields
relevant to re-execution.

—
&)
=

Initialization code synthesis. Given the target object graph,
HCS synthesizes an executable sequence of initialization op-
erations intended to realize (f, H,,). The generated code may
reuse existing objects, allocate fresh ones through constructors
or factory methods, and establish the required field values and
links through builders, setters, or other mutators. The output
is concrete setup code that can be executed and subsequently
checked by the trusted verifier.

These stages form a refinement pipeline: the type assignment
bounds the admissible object graphs, and the selected graph defines
the target that initialization code must realize. When a stage fails,
HCS routes the structured failure reason to the earliest affected
stage and reruns only that stage and its downstream dependents.

The synthesized operations may also establish library-specific
invariants that are not represented explicitly in the partial object
graph; regardless of the operations used, the resulting state must
pass the same trusted verification checks.

The result remains a proposal rather than a heap solution: it is
accepted only if it passes the trusted verification described next.

3.3 Trusted Verification

Because the candidate model w = (, H.,, code) produced by the
staged LLM workflow is not assumed to be consistent or executable
(Definition 3.1), it cannot be used directly for re-execution. Accept-
ing an invalid candidate as a model of PCp,p would compromise
the soundness of a SAT result. COHEC therefore treats w as un-
trusted and accepts it only after the trusted verifier confirms that w
is well formed, (B, H,,) satisfies PCheap, and code realizes (3, H.,)
as an executable heap state.

These three obligations correspond to four ways in which a
candidate can be invalid: it may contain malformed or out-of-scope
references, define (B, H.,,) that violates PCeap, include initialization
code that does not compile, or compile successfully but fail to realize
the proposed heap model. The verifier addresses these failure modes
through four ordered checks. Each check consumes the artifact
admitted by the preceding checks and discharges one verification
obligation:

(1) Schema and context check. The verifier parses w against
the candidate model schema and checks that every referenced
object expression, runtime type, field, constructor, and method
is present and permitted by the selected context. Malformed
entries, unresolved identifiers, and out-of-scope references are
rejected before the verifier reasons about constraint satisfaction
or code behavior.

(2) Constraint satisfaction check. Using § and H,,, the veri-
fier resolves each object expression and recovers its nullness,
object identity, runtime class, and relevant field links. It then
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re-evaluates every atom and Boolean connective in PCpeqp ac-
cording to the semantics defined above. The candidate passes
this check only if the complete formula evaluates to true.

(3) Compilation check. The verifier compiles code against the tar-
get program and its available dependencies. This check rejects
invalid syntax, unresolved program elements, illegal member
access, and type errors, and produces the compiled initialization
code consumed by the final check.

“

=

Heap realization check. The verifier conservatively analyzes
the compiled initialization code and compares its inferred post-
state with (S, H,,), projected onto the object expressions rele-
vant to PCpeap. The analysis must establish the required runtime
types, nullness, aliasing relations, and field links. If it finds a
mismatch or cannot establish a required fact, the candidate is
rejected rather than assumed valid.

The first two checks establish that the declarative candidate is
well scoped and satisfies PCpeap; the last two establish that code is
well typed and realizes the candidate as an executable heap state.
Together, they form the trust boundary of COHEC.

When a check rejects a candidate, the verifier returns a struc-
tured diagnostic to the corresponding construction stage. Within
a bounded refinement budget, that stage revises the runtime type
assignment, object graph, or initialization code, and the workflow
reruns any downstream stages that depend on the revised artifact.
Diagnostics localize the revision, but every revised candidate must
pass the complete verification pipeline before acceptance. Thus,
refinement can improve the chance of finding a model without
weakening the trust boundary.

Solver outcomes. HCS returns one of three statuses for PCheap:

(1) SAT. HCS has produced a candidate model w that passes all four
checks, and executing its initialization code has successfully
produced a heap state s.

(2) UNSAT. UNSAT is returned only for contradictions established
by deterministic checks over the supported heap atoms, such
as incompatible exact type requirements for the same object
expression. Failure to generate a candidate or pass verification
does not imply UNSAT.

(3) UNKNOWN. The constraints may be feasible, but search or
budgeted refinement did not produce an accepted candidate.

The hybrid solver reports SAT iff SMT returns SAT for PCpim and
HCS returns SAT for PChegp. It reports UNSAT only when a trusted
procedure proves either PCpim 0r PCheqp infeasible. All remaining
cases—including generation failure, verifier rejection, budget ex-
haustion, and SMT uncertainty—are reported as UNKNOWN. This
fail-closed policy requires an accepted model for every SAT result.

Soundness of reported SAT results. The constraint satisfac-
tion check establishes that the candidate interpretation satisfies
PCheap, While the heap realization check ensures that any heap state
produced by the accepted initialization code agrees with this inter-
pretation on every object expression used by PCe,p. Consequently,
successful execution of an accepted candidate produces a heap state
s such that s |= PCheap.

For every reported SAT result, SMT additionally provides a val-
uation opim satisfying PCprim. Composition writes this valuation
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into the corresponding primitive slots without changing the ver-
ified heap facts. Therefore, the resulting concrete program state
0 = s Oprim satisfies PCpyim A PCheap = PC, establishing the sound-
ness of every reported SAT result relative to the path condition
recorded by the underlying concolic engine. For heap reasoning, this
guarantee covers the properties explicitly represented in PCpeap.

4 Implementation

We implement COHEC by extending JDart/JPF with an external
Heap Constraint Solver (HCS). The extension decomposes path
conditions, sends PCpim to the existing SMT backend, and sends
PCheap with its selected context to HCS. HCS returns SAT only for
a verified model and otherwise fails closed. This design preserves
JDart’s primitive solver and path exploration while enforcing the
boundary of Section 3.

Heap constraint collection. We extend JDart’s instruction factory
to intercept the branch-forming bytecodes that contribute heap
atoms. Null checks produce IsNull atoms or their negations; refer-
ence comparisons produce Alias or Diseq atoms; instanceof byte-
codes produce InstanceOf atoms; and receiver choices at virtual
call sites produce ExactType atoms. Object-valued field accesses
are represented as the bounded field paths used by PCheap, While
JDart continues to place predicates over primitive values in PCprim.
Each atom retains its originating object expression and the corre-
sponding program type information so that later stages can resolve
it against the selected context.

Before invoking HCS, the extension prunes alternatives that can-
not reach the target path, deduplicates nullness atoms, and detects
deterministic contradictions such as incompatible exact runtime
types for one object expression. Only such contradictions can pro-
duce UNSAT without LLM inference; generation or verification
failure cannot. Admissible virtual-call receivers are enumerated
from the class hierarchy and cached per call site, stabilizing their
mapping to exact-type atoms across refinements. For ablation, struc-
tural heap constraints comprise IsNull, Alias, Diseq, and InstanceOf
atoms, while dispatch-type constraints comprise dispatch-induced
ExactType atoms.

Context selection. The engine constructs the selected context
from the object expressions in PCheqp. It first records their declared
types, relevant field schemas, inheritance relationships, and admis-
sible concrete classes. It then performs breadth-first traversal from
the constrained root variables over object-valued fields. Config-
urable depth and object budgets limit only the collection of heap
objects included in the request; a reference that crosses either limit
is retained as a boundary reference but is not recursively expanded.
This preserves the relationship between an observed field and the
object beyond the selection boundary without claiming that the
complete reachable heap has been exported.

The HCS request contains PCheap, root and field bindings, se-
lected objects, and relevant source excerpts covering constructors,
factories, builders, setters, and other mutators (Section 3.2). With
history retrieval enabled, it also includes accepted records from
paths sharing an execution prefix. These optional examples summa-
rize earlier constraints, runtime types, object bindings, field links,
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and initialization operations without constraining the current can-

didate.

Candidate construction and refinement. HCS realizes the three
stages of Section 3.2. Runtime type assignment selects a concrete
class for each non-null expression; object graph construction con-
sumes that assignment to determine nullness, identities, reuse or
allocation, and required field links; and initialization synthesis trans-
lates the graph into Java setup code using admitted operations. Each
stage emits a separate intermediate artifact. A verifier diagnostic
therefore revises the earliest affected artifact and its downstream
dependents while retaining accepted upstream runtime-type and
graph decisions. This avoids complete regeneration during bounded
refinement.

The synthesizer initializes strings, lists, and maps through pub-
lic API templates that preserve representation requirements over-
looked by naive allocations and field assignments. A failed con-
struction or exhausted refinement budget produces UNKNOWN.

Trusted verification and re-execution. The verifier implements the
four ordered checks defined in Section 3.3. The schema and context
check validates the candidate representation and rejects object
expressions, types, fields, or operations not admitted by the selected
context. The constraint satisfaction check resolves the proposed
bindings and field links and re-evaluates the complete Boolean
structure of PCeap. The compilation check invokes standard javac
against the target program and its dependencies. Finally, the heap
realization check uses Soot to analyze the compiled initialization
code and establish the required runtime types, nullness, aliasing
relations, and field links. Any inconclusive required fact is treated
as a verification failure.

Only a candidate that passes all four checks is executed to pro-
duce the concrete heap state s. The JDart/JPF extension then writes
the SMT valuation opim into the primitive slots collected for PCpyim
while retaining the verified object bindings and heap structure,
yielding ¢ = s @ 0prim for re-execution. Candidates rejected by any
check are never installed into JDart/JPF, preserving the fail-closed
behavior of the overall implementation.

5 Evaluation

5.1 Research Questions

Our evaluation is organized around four questions:

(1) RQ1 (Exploration Effectiveness): How effectively does CO-
HEC explore new paths across a large-scale Java API bench-
mark?

(2) RQ2 (Comparison with SOTA): How does COHEC perform
compared to the state-of-the-art LLM-assisted baseline CON-
COLLMIC?

(3) RQ3 (Trusted Verification and Recovery): How often do
candidate models fail trusted verification, and to what extent
can bounded refinement recover from these failures to produce
accepted candidate models?

(4) RQ4 (Ablation): How do different components of COHEC
contribute to its overall performance?
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Table 1: Subject programs and analyzed workload (APIs).

Library Version LOC

#APIs Stars Notes

commons-lang3 3.13.0 919K

1091 2.9k utility methods

guava 32.1.2 3.6M 1002 51.5k core utilities/collections
iCal4j 3.2.11 277K 371 827 iCal/calendar
jfreechart 154 141K 1308 1.4k charting

jgrapht 131 127K 479 2.8k graph algorithms
joda-time 2.125 88.7K 552 5k date/time

threetenbp 1.6.8 514K 466 563 date/time

Time4] (base) 59.1 169K 703 472  date/time

SIS-Utility 1.3 435K 652 118  utility methods

XChart 3.8.7 25.0K 126 1.6k charting

Total — — 6750 — 10 libraries

5.2 Experimental Setup

Experiment Subjects. We select 10 Java libraries used in prior
studies [29], requiring each library to be both highly starred on
GitHub and actively maintained. We evaluate COHEC on 6,750 APIs
spanning utility functions, collections, graph algorithms, date/time
processing, and charting (Table 1). Each API is wrapped as a single-
entry harness and analyzed independently. All configurations start
from the same initial seeds and use the same per-API setup, so
differences in outcomes can be attributed to the solver configuration
rather than to benchmark construction.

Metrics. For RQ1 and RQ4, we evaluate COHEC using three
primary metrics: Paths, Valuations, and Exceptions. Paths counts
explored executions, including both normal and exceptional runs.
Valuations counts complete concrete inputs produced by the solver
and accepted for re-execution. Exceptions counts executions that ter-
minate exceptionally; it does not count unique faults. For RQ2, we
additionally report the numbers of lines, instructions, and branches
covered by JaCoCo, together with wall-clock time and cost, to align
with prior LLM-assisted testing work. For RQ3, we record the num-
ber of candidate models that fail trusted verification, the number
of failures recovered by bounded refinement, and the resulting
recovery rate.

Baselines. We use native JDart [31] as the main baseline through-
out the evaluation (hereinafter referred to as Base) and compare
COHEC against CONCOLLMIC [32] in RQ2 as the LLM-assisted
baseline. For component analysis in RQ4, we compare full CO-
HEC with three ablations: COHEC without history retrieval, CO-
HEC without heap state constraints, and COHEC without type
constraints. For RQ2, we also report results from two earlier im-
proved JDart variants from SV-COMP 2020 and 2021 [36, 37]. We do
not treat them as direct peers because they rely on different JDart re-
visions and solver settings. We do not include heap-aware symbolic
execution frameworks such as JBSE [5], Symbolic PathFinder [38],
or Java StarFinder [39, 40] as baselines because they are symbolic
execution frameworks, not concolic engines. Their reliance on fine-
grained JVM modeling—library methods, native calls, reflection,
and class loading semantics—leads to frequent unsupported byte-
codes, incomplete environment models, or state space explosion

on the large-scale libraries in our benchmark. In preliminary ex-
periments, both JBSE and SPF failed to produce stable results on
the majority of the 6,750 APIs, making a controlled comparison
infeasible; we therefore restrict baselines to tools in the concolic
execution family that share JDart’s execution model.

Settings. The default proposer on the full benchmark is DeepSeek-
Chat v3.2, while RQ2 uses Claude Sonnet 4.5 to align with CON-
COLLMIC. We use conservative accounting: if Base times out on
an API, that API is skipped for all configurations; if heap constraint
solving fails on a path, the run falls back to the baseline result
while still charging the incurred token cost. Fallback runs count
as baseline outcomes, so reported gains are lower bounds. In total,
only 50 of 6,750 APIs are skipped due to Base timeout.

API sampling. RQ2 compares COHEC with CONCOLLMIC on
a stratified sample of 30 APIs from commons-lang3. Sampling is
necessary because CONCOLLMIC requires whole-library LLM in-
strumentation before per-API execution; we attempted three li-
braries (total cost $194.34), but instrumentation completed only for
commons-1lang3. APIs are stratified by structural, input, and depen-
dency complexity with a 30%/40%/30% low/medium/high allocation.
We retain the least favorable completed library for COHEC, making
the comparison conservative.

5.3 Results

RQ1: Exploration Effectiveness. We compare COHEC with Base
and two historical variants (SV-COMP 2020 and 2021) on the full
datasets. As shown in Table 2, we report Paths, Valuations, and
Exceptions.

Results & Analysis. (1) Overall effectiveness. COHEC improves
over Base by 80.25% in Paths, 74.86% in Valuations, and 265.89%
in Exceptions, and achieves higher aggregate totals than the two
historical JDart variants across all three metrics. This suggests that
COHEC explores more symbolic opportunities and turns a large
fraction of them into concrete executions, including executions that
terminate exceptionally. (2) Path exploration. COHEC explores more
paths than Base on all 10 libraries, with especially large gains on
jfreechart, sis-utility, and threetenbp. JDart-2020 explores
more paths on ical4j; however, COHEC produces more Valuations
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Table 2: RQ1: Overall exploration effectiveness of COHEC against Base and historical variants.

Library

Metrics  Tool Total
lang3  guava ical4j jfreechart jgrapht joda-time sis-utility threetenbp  time4j xchart
Base 7709 2787 340 1258 380 645 1266 503 991 75 15954
Paths JDart-2020 4716 1991 1527 1207 380 650 1059 524 995 72 13121
JDart-2021 1410 961 398 1132 380 560 907 266 531 43 6588
COHEC 8789 4147 917 4375 996 1398 3980 2047 1953 155 28757
Relative to Base +14.01% +48.80% +169.71% +247.77% +162.11% +116.74% +214.38% +306.96% +97.07% +106.67% +80.25%
Base 5422 2689 340 1252 380 593 1097 498 949 75 13295
Valuations JDart-2020 2672 1608 365 1098 380 526 842 414 658 70 8633
JDart-2021 687 782 266 1020 380 428 588 209 426 41 4827
COHEC 6180 3612 751 3652 724 1167 3527 1837 1686 112 23248
Relative to Base +13.98% +34.33% +120.88% +191.69% +90.53% +96.80% +221.51% +268.88% +77.66% +49.33% +74.86%
Base 760 352 76 117 0 71 178 88 291 2 1935
Exceptions JDart-2020 628 297 44 104 0 71 129 89 294 2 1658
JDart-2021 248 109 32 55 0 36 52 28 74 2 636
COHEC 1023 1072 383 1867 275 356 585 802 692 25 7080

Relative to Base +34.61% +204.55% +403.95% +1495.73%

- +401.41% +228.65% +801.12% +137.80% +1150.00% +265.89%

Table 3: RQ2: Comparison between COHEC and CON-
COLLMIC on 30 sampled commons-1lang3 APIs.

Metric CONCOLLMIC COHEC Improve
Covered Lines 355 405 114.08%
Covered Instructions 1,829 2,004 19.57%
Covered Branches 174 201 T15.52%
Time (s) 11,167 3,894  |65.13%
Input Token 25,528,037 171,939  [99.33%
Output Token 277,746 133,061  |52.09%
Total Token 25,805,783 305,000 |98.82%
Cost ($) 80.75 251 196.89%

and exceptional executions on this library. (3) Exceptional execu-
tions. COHEC records more exceptional executions than Base on
all 10 libraries, and the aggregate increase is larger than the cor-
responding increase in Paths. These counts represent exceptional
executions rather than unique faults.

Answer to RQ1: COHEC substantially improves exploration
effectiveness over baselines. Heap constraint solving with
trusted verification enables concrete executions that remain
blocked under SMT-only concolic execution.

RQ2: Comparison with SOTA. We compare COHEC with CON-
COLLMIC on a stratified sample of 30 APIs from commons-lang3.
We report the numbers of lines, instructions, and branches covered
according to JaCoCo, together with wall-clock time, token usage,
and monetary cost in Table 3.

Results & analysis. (1) Effectiveness. COHEC covers 14.08%
more lines, 9.57% more instructions, and 15.52% more branches

than CONCOLLMIC (Table 3). (2) Efficiency. COHEC reduces total
execution time by 65.13%. (3) Cost. COHEC reduces total tokens by
98.82% and monetary cost by 96.89% while covering more program
elements, suggesting that COHEC obtains higher testing effective-
ness with far less computational and monetary overhead.

Answer to RQ2: Compared to the SOTA baseline CON-
COLLMIC, COHEC covers more lines, instructions, and
branches while requiring significantly less time and fewer
tokens.

RQ3: Trusted Verification and Recovery. To assess the practical
role of trusted verification, we analyze how often candidate mod-
els are rejected by the trusted verifier and how often bounded
refinement recovers these rejected candidates across all 10 libraries.
Figure 3 reports the number of verifier rejections and bounded
refinement recoveries for each library.

Results & analysis. Across all libraries, 13,879 candidate mod-
els are rejected by trusted verification, and bounded refinement
recovers 9,267 (66.77%). This confirms that invalid candidates are
common and justifies the trust boundary, while showing that many
failures are repairable. Recovery rates vary from 27.93% (xchart) to
90.34% (threetenbp), indicating that unresolved cases are library-
dependent.

Answer to RQ3: Trusted verification is necessary in practice:
candidate models are frequently rejected by the trusted verifier,
and bounded refinement recovers a substantial fraction of these
rejected candidates as accepted candidate models.

RQ4: Ablation. To assess the contribution of each component in
COHEC, we compare full COHEC with three ablated variants: CO-
HEC without history retrieval, COHEC without type constraints,
and COHEC without heap state constraints. The two constraint
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Table 4: RQ4: Ablation results.

Library

Metrics  Tool Total A
lang3 guava ical4j jfreechart jgrapht joda-time sis-utility threetenbp time4j xchart
COHEC 8789 4147 917 4375 996 1398 3980 2047 1953 155 28757
Paths w/o History 8721 3887 750 3057 855 1442 4052 1960 2575 167 27466 -4.49%
w/o Type 8722 3882 757 2997 896 1453 2247 1912 1837 159 24862 -13.54%
w/o Heap 7940 3159 356 1838 383 692 1512 507 1014 80 17481 -39.21%
COHEC 6180 3612 751 3652 724 1167 3527 1837 1686 112 23248
Valuations w/o History 6153 3319 591 2562 644 1203 3602 1640 2226 128 22068 -5.08%
w/o Type 6162 3307 608 2520 682 1193 1829 1613 1541 124 19579 -15.78%
w/o Heap 5419 2844 341 1582 382 599 1169 489 958 77 13860 -40.38%
COHEC 1023 1072 383 1867 275 356 585 802 692 25 7080
Exceptions w/o History 993 861 251 1020 203 365 577 645 1259 35 6209 -12.30%
w/o Type 996 845 262 1018 229 361 579 633 572 32 5527 -21.94%
w/o Heap 776 499 80 447 81 205 76 307 4 2477 -65.01%
. 5.4 Threats to Validity
- [ Rejected
3000 1 [ Repaired Internal validity. LLM nondeterminism is the primary internal
A threat, mitigated by schema-constrained communication, same-
- seed initial states, per-API budgets, and trusted-verifier-based ac-
é 2000 ceptance. RQ1 uses DeepSeek-Chat v3.2 (for cost reasons at 6,750-
* API scale) while RQ2 uses Claude Sonnet 4.5 (to align with CON-
10001 COLLMIC); each comparison is internally controlled but the two
H are not cross-comparable on model strength.
0 : L 5 External validity. We wrap every target Java library API in a
’\%‘\‘?2’ qu’@ .\@\M ] @Q“ \&‘ x\x eé\ o a single-entry harness, so the results may not transfer to other lan-
& ‘§‘e‘ > \06 & guages, applications with complex setup, or scenarios requiring
& whole-program analysis. RQ2 is further limited to 30 APIs from a sin-

Figure 3: RQ3: verifier rejections and bounded refinement
recoveries across libraries

categories align with the construction stages of Section 3: type con-
straints correspond to the runtime type assignment stage and cover
dispatch-induced ExactType atoms, while heap state constraints cor-
respond to the object identity and heap shape construction stage
and cover nullness, aliasing, and subtype atoms. All variants are
evaluated using Paths, Valuations, and Exceptions in Table 4.

Results & analysis. All three components contribute. Removing
history retrieval reduces total Paths, Valuations, and Exceptions by
4.49%, 5.08%, and 12.30%; removing type constraints causes larger
drops of 13.54%, 15.78%, and 21.94%; and removing heap state con-
straints causes the largest drops of 39.21%, 40.38%, and 65.01%. Some
ablated variants are slightly better on individual libraries, likely
because history and type guidance are heuristic, but full COHEC
remains the best configuration overall.

Answer to RQ4: All three components contribute to COHEC’s
overall performance, and heap state constraints contribute the
most.

gle library (commons-1ang3) because instrumentation for the other
candidate libraries did not complete. More broadly, the ten subject
libraries come from prior work and may be biased toward well-
maintained utility-style code; highly stateful, reflective, concurrent,
or native-heavy systems may require richer context construction
or different heap model construction strategies.

Construct validity. We use Paths, Valuations, and Exceptions as
the primary full-scale metrics. Paths directly captures COHEC’s
ability to enter executions previously blocked by unresolved heap
constraints, while Valuations and Exceptions capture successful re-
execution and exceptional outcomes on those paths. Exceptional
executions do not necessarily correspond to unique faults. These
metrics therefore measure exploration and re-execution success
rather than end-to-end bug-finding ability, and the JaCoCo covered
element counts in RQ2 remain only standard proxies for testing
effectiveness.

6 Discussion

Trusted but Incomplete Solving. COHEC is fail-closed but incom-
plete. If candidate construction and bounded refinement fail, HCS
returns UNKNOWN and the driver retains the Base result. Every
reported SAT result passes the four trusted checks, keeping the
LLM outside the trusted computing base. However, the guarantee is
relative to the recorded path condition and covers only properties



Verifier-in-the-Loop LLM Solving of Heap Constraints for Concolic Execution

represented in PCpegp; it does not establish full semantic equiva-
lence beyond those path-relevant properties.

Verification Failure Modes. Compilation failure accounts for over
half of the 13,879 rejections. Initializers for deep object graphs must
correctly sequence constructors, resolve overloads, and respect ac-
cess control; one incorrect type, cast, or inaccessible constructor in-
validates the result. Precise javac diagnostics make bounded refine-
ment most effective for these failures, whereas schema, constraint-
satisfaction, and heap-realization failures often require revisiting
earlier construction stages. Incremental compilation during synthe-
sis may further improve acceptance.

Applicability Boundary. The design works best when the required
heap is constructible from selected program context and a bounded
collection of objects. It is less effective for long-range invariants,
reflection, native code, concurrency, or environment-dependent be-
havior outside the supported heap atoms. Thus, our results demon-
strate practicality for many library-style APIs, not general heap
reasoning.

Cost and Deployment Tradeoffs. Across the benchmark, HCS is
invoked 11,047 times and consumes 93.0M tokens; tokens per ac-
cepted valuation range from 1,813 on commons-lang3 to 14,563 on
xchart. Cost grows with both invocation frequency and the heap
context exposed. Selective invocation and bounded context keep
easier workloads affordable, while harder cases may require better
templates or tighter policies.

7 Related Work

Symbolic and concolic execution. Symbolic execution originates
with King [26]; DART and CUTE established the concolic pattern
[20, 46]; and EXE, KLEE, and later surveys mark the field’s mat-
uration [2, 8—10]. In the Java ecosystem, JPF, SPF, and JDart pro-
vide bytecode-level concolic analysis [31, 38, 55]; Pex targets .NET
[53]; and synthetic symbolic execution applies concolic analysis
to Android by synthesizing models for framework interactions
[19]. A parallel thrust improves throughput and scalability: SAGE
and Mayhem combine symbolic reasoning with whitebox fuzzing
[11, 21]; Driller invokes concolic execution selectively when fuzzing
stalls [52]; QSYM, SymCC, and SYMSAN redesign the engine for
speed [12, 42, 61]; temporal-logic-guided greybox fuzzing directs
exploration toward behavioral properties [34]; while S2E, Cloud9,
angr, and Manticore offer versatile multi-environment platforms
[7, 15, 35, 49]. COHEC does not compete on path scheduling or
throughput; it targets the heap constraint bottleneck in object-
oriented code, where branch feasibility depends on nullness, alias-
ing, runtime types, field reachability, and dynamic dispatch.

Heap reasoning and structured input construction. Lazy initializa-
tion defers heap decisions until field accesses force a commitment
[25]; JBSE extends this with Heap EXploration Logic for complex
Java heap inputs [5]; Precise Lazy Initialization tightens nondeter-
minism with structural invariants [16]; and POSE achieves path-
optimal symbolic execution by eliminating the combinatorial trace
explosion of lazy initialization [4]. Separation-logic-guided sym-
bolic execution, as in Java StarFinder, uses inductive heap predicates
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to generate fully initialized inputs [39, 40]. TestEra, Korat, and SuS-
Lik treat heap structure as something that must be explicitly built
from declarative or separation logic specifications [3, 33, 43]. These
approaches keep heap construction inside the symbolic engine or
a bounded formalism. COHEC instead isolates PCheqp for a target
path and delegates it to HCS, accepting only heap models that
survive trusted verification.

Machine learning for symbolic execution. Green reuses constraints
across analyses [54]; STASE guides exploration with static analysis
[47]; MLBSE and Learch learn search strategies from coverage feed-
back [6, 23]; NeuEx approximates hard-to-model behaviors with
neural constraints [48]; and SmarTest uses a language model to
steer smart contract symbolic exploration [50]. The proposer/ver-
ifier split in COHEC also echoes CEGIS [51]. These techniques
are complementary: they target search order or approximate solv-
ing, whereas COHEC confines its untrusted proposer to proposing
candidate heap models for the target path’s PCpe,p, with semantic
commitment on the verifier side.

LLM-based test generation and program reasoning. CodaMosa
queries an LLM when search-based generation stalls [27]; TestPilot
and ChatUniTest generate unit tests end-to-end from signatures
and context [13, 45]; MuTAP augments prompts with surviving
mutants [17]; CoverUp and HITS refine tests via coverage feed-
back or method slicing [1, 56]; SymPrompt and PANTA combine
LLMs with program analysis [22, 44]; and recent studies evaluate
these approaches systematically [24, 59]. Other work uses LLMs
to partition the input space of library APIs [29], extract formal
specifications from documents for test automation [28], or generate
carved test cases and assertions in industrial practice [60]. LLMs
have also been applied to property-based testing [58], invariant in-
ference [41, 57], and hybrid analysis. Closer to symbolic execution,
AutoBug uses LLM reasoning over decomposed paths [30], while
CONCOLLMIC embeds LLMs in instrumentation, summarization,
and solving [32]. COHEC is more conservative: it confines the LLM
to proposing candidate heap models for PCe,p, and every result
must survive compilation, execution, and semantic re-verification
under a fail-closed trust model.

8 Conclusion

We presented COHEC, a verifier-in-the-loop solver for heap con-
straints in concolic execution of object-oriented programs. CO-
HEC separates primitive constraints for SMT solving from heap
constraints handled by HCS and accepts only verified heap mod-
els, keeping the LLM outside the trusted computing base. Across
6,750 APIs from ten Java libraries, COHEC substantially improves
over JDart and offers a better coverage—cost tradeoff than CON-
COLLMIC, demonstrating the effectiveness of verified heap model
construction for object-sensitive behaviors.
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