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Abstract
Given an input program, sound static analyzers compute a list of potential runtime errors in it.
However, measuring their precision and comparing their results remains challenging. In this work,
we formalize a notion of transparent static analyzers that report the proof obligations they check,
including both verified and unverified obligations. This transparent output enables a semantics-
directed, fine-grained comparison and the combination of static analyzers. We introduce the Open
Verification Dashboard (OVD), which provides a unified interface to aggregate the results of multiple
static analyzers. By juxtaposing verified properties and outstanding warnings, OVD highlights
coverage gaps, variabilities and inconsistencies across tools. We experimentally evaluate the benefits
of OVD on benchmarks from the Competition on Software Verification (SV-COMP). This work
paves the way for a static analysis standard for C runtime error reporting.
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1 Introduction

Sound static analyzers, such as Frama-C’s Eva plugin [9], Goblint [48, 43] and Mopsa [25, 36],
can be used to prove the absence of runtime errors in C programs. In practice, sound analyzers
perform over-approximations for their analyses to terminate, and report a list of potential
runtime errors, called alarms. Once this report is available, a key difficulty faced by static
analysis users is to discriminate between true and false alarms.
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Figure 1 Screenshot of the dashboard GUI. The left panel shows the code with report differences
highlighted, the right panel shows the POs and their statuses.

Alarms have been one of the main targets of user interface and user experience research
around static analyzers. For example, they have been identified as one of the key factors
dissuading developers from using static analyzers [13]. As of 2023, a survey identified 130
primary research articles focusing on alarm post-processing [39]. However, alarms reported
by analyzers tell only one side of the story: a user seeing no alarm from a tool cannot easily
tell whether the tool actually checked a given property or simply did not consider it, e.g.,
due to unsound behavior.

Deductive verification frameworks such as Frama-C’s WP plugin [15] and Why3 [19] keep
track of proof obligations (POs) that have to be discharged by automated or interactive
theorem provers [28]. There, verification condition generation and discharge are decoupled, so
one can export the status of each PO to a file or display it in an IDE. On this analogy, every
safety check performed by a static analyzer can be viewed as a PO, i.e., a proposition that
must be proved valid or reported invalid/unknown. Mopsa has recently added the capability
to perform transparent reporting: it displays all checks performed, both failed and successful,
in an effort to compute automated precision metrics [37].

Even with some transparent reporting, comparing the reports of different static analyzers
remains a challenge. On the theoretical side, different analyzers may rely on incomparable
over-approximations. On the practical side, it is difficult to transform these tool-specific
PO reports into a unified view of what each tool verified, under which assumptions, and
where their results concur or conflict. As static analyzers tightly couple the generation of
POs with their discharge, the resulting PO reports, which are reconstructed by tracking the
checks performed, will depend on how program expressions are decomposed and how the tool
categorizes the checks. For example, if there is an out-of-bounds access when copying a string
using strcpy, one tool may categorize this as a “buffer overflow”, while another may consider
it a violation of the strcpy contract. One core difficulty therefore lies in harmonizing these
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heterogeneous PO reports.
In this work, we study the benefits of transparent reporting from static analyzers and

experimentally compare analysis results using a comparative verification dashboard. The
resulting comparisons led to mutual improvements in the C analyses of Goblint and Mopsa.
We show an example of the comparisons enabled by the dashboard in Figure 1. The program
in the left panel is the result of an automated test-case reduction [41] on a program from the
Competition on Software Verification (SV-COMP) [7]. The right panel shows POs where
Goblint and Mopsa disagree. In the first case, both analyzers report an alarm regarding
the array access, but report different levels of severity. The second case shows that Goblint
encounters an integer cast PO that Mopsa does not, hinting at a potential soundness issue in
Mopsa or a superfluous PO generated by Goblint. In the third case, Mopsa is able to discharge
the PO, while Goblint raises an alarm, which can be seen as a precision issue. Note that Goblint
and Mopsa do not report the same program locations in this last PO, but the dashboard has
been able to align them. The workflow enabled by this work paves the way for a standardized
classification for C runtime error reporting. We created a preliminary classification for
alarms related to integer overflows, which we implemented inside both Goblint and Mopsa.
In the future, we envision using dashboard reports in long-term continuous-integration static
analysis pipelines, so that users can focus their analyses on less-covered code or on cases
where the analysis does not reach satisfactory precision.

Contributions. This work presents the following contributions:
We provide a novel formal framework for transparent static analysis (TSA) in Section 2.
We illustrate the framework through a concrete semantics on a toy imperative language,
a non-relational static analysis to detect arithmetic errors, and a soundness theorem.
We describe a classification of comparison outcomes for transparent static analyzers
in Section 3 and define joint analyzer combinations with fine-grained collaboration
between them.
We implemented the Open Verification Dashboard (OVD), providing comparison methods
for generic transparent static analyzers. OVD is presented in Section 4.
We experimentally evaluate the benefits of TSA and OVD in Section 5, on C programs
from SV-COMP focusing on integer overflows. We compare two state-of-the-art analyzers
participating in SV-COMP: Mopsa, and a version of Goblint extended to make it a
transparent static analyzer. Throughout the comparison process, we identified and helped
fix 14 bugs in Goblint and Mopsa.

2 A Formal Framework for Transparent Static Analysis

This section introduces transparent static analysis (TSA), a novel framework where both the
concrete semantics and the analyzer collect the proof obligations related to runtime error
detection. We illustrate it on a toy imperative language with integer overflows and divisions
by zero, and provide updated soundness criteria relating the semantics and the analysis.

Program verification is the task of proving that a program satisfies a given specification.
For flexibility and performance reasons, most practical programming languages provide
unsafe language features, such as pointer arithmetic or unchecked array access. Hence, we
want to verify that the use of such features does not lead to runtime errors, such as buffer
overflows or null pointer dereferences. The specification is thus the absence of runtime errors
anywhere in the program, so the static analyzer needs to discover all potential verification
conditions that must hold to ensure that the program is safe.

ECOOP 2026
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Expr ::= v v ∈ Var
| m m ∈ M
| rand(m1, m2) mi ∈ M, m1 < m2

| Expr ⊕ℓ Expr ⊕ ∈ {+, −, ×, /}, ℓ ∈ L
Stmt ::= v = Expr v ∈ Var

| if Expr ▷◁ 0 then Stmt else Stmt endif

| while Expr ▷◁ 0 do Stmt done ▷◁ ∈ {≤, <, >, ≥, =, ̸=}
| Stmt ; Stmt

Figure 2 Syntax of the considered toy imperative language.

In program verification, a proof obligation is a logical statement that needs to be proven
to ensure that the program satisfies the specification. For the purpose of proving the absence
of runtime errors, we consider each potential runtime error site as a PO. More precisely,
for each potentially unsafe expression occurrence in the program and each relevant safety
category, we introduce one PO. We write L for the opaque set of locations in the program and
C for the finite set of abstract safety check categories (e.g., invalidMemAccess, intOverflow,
divByZero, . . . ). C should be general enough to compare analyzers with different category
granularities. Hence, if an analyzer can report a finer-grained or different category, it should
map it to one of the existing categories. Formally, each PO is the pair φ = (ℓ, c) ∈ L × C
which we interpret as the statement “c does not occur at location ℓ”.

Syntax. Let Var be the set of program variables. Consider a fairly standard imperative toy
programming language using the syntax in Figure 2, operating on a finite set of machine
integers M ⊆ Z, e.g., 64-bit signed integers. The rand expressions can be used to model
nondeterminism and the environment. The binary operation expressions are labelled with
their locations ℓ ∈ L. For simplicity, binary operations will be the only source of runtime
errors in the toy language; thus, locations for other expressions and statements will not be
necessary for the example.

Concrete Collecting Semantics. Since our toy language operates on machine integers,
runtime errors can be due to integer overflows and divisions by zero. Consider the concrete
semantics partially shown in Figure 3. The evaluation of an expression e in an environment σ

yields a set of all possible values of e. Contrary to textbook definitions of static analyses [35, 33]
which drop erroneous states for the sake of simplicity, our concrete semantics also collects
the set of all safety checks performed to ensure the absence of runtime errors. Note that the
returned set of checks may contain both (φ, ✓) and (φ, ✗) for the same proof obligation φ,
if the corresponding operation may succeed or fail on different operand values. The checks
for runtime errors are collected recursively from subexpressions, while the values come only
from error-free evaluations. The execution of a statement s in a set of environments S yields
a set of all possible environments after executing s and a set of all safety checks performed.
For brevity, we only spell out the semantics for some kinds of expressions and statements,
the rest is similar and standard. It is vital that the returned checks and non-failing values
are computed and returned separately, so that if the set of values ends up being empty due
to a definite runtime error, then the failing check must still be returned.
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M ⊆ Z Machine integers
σ ∈ Σ = Var → M Concrete environments
ℓ ∈ L ⊆ N Program locations
C = {intOverflow, divByZero} Safety check categories
φ ∈ PO = L × C Proof obligations
Θ ⊆ CH = PO × {✓, ✗} Checks
EJe ∈ ExprK : Σ → 2M × 2CH Concrete semantics of e

SJs ∈ StmtK : 2Σ → 2Σ × 2CH Concrete semantics of s

For example:

EJe1 +ℓ e2K(σ) = let (M1, Θ1) = EJe1K(σ) and (M2, Θ2) = EJe2K(σ) in
let Θ′ = {((ℓ, intOverflow), check(m1 + m2 ∈ M)) | mi ∈ Mi} in
({m1 + m2 | mi ∈ Mi, m1 + m2 ∈ M}, Θ1 ∪ Θ2 ∪ Θ′)

(add)

EJe1 /ℓ e2K(σ) = let (M1, Θ1) = EJe1K(σ) and (M2, Θ2) = EJe2K(σ) in
let Θ′ = {((ℓ, divByZero), check(m2 ̸= 0)) | m2 ∈ M2} in
let Θ′′ = {((ℓ, intOverflow), check(m1 / m2 ∈ M)) | mi ∈ Mi, m2 ̸= 0} in
({m1 / m2 | mi ∈ Mi, m2 ̸= 0, m1 / m2 ∈ M}, Θ1 ∪ Θ2 ∪ Θ′ ∪ Θ′′)

(div)

SJv = eK(S) = let S′ = {σ[v 7→ m] | σ ∈ S,EJeK(σ) = (M, ), m ∈ M} in
let Θ′ =

⋃
{Θ | σ ∈ S,EJeK(σ) = ( , Θ)} in

(S′, Θ′)

(assign)

where
check(b) = if b then ✓ else ✗

Figure 3 Concrete collecting semantics.

▶ Example 1. To illustrate the concrete semantics, consider the expression

e = rand(0, 1) +ℓex 1

at some location ℓex ∈ L. Assume rand(m1, m2) evaluates to a machine integer in the
interval [m1, m2]. For readability, let us instantiate the machine integers to the tiny range
M = {−1, 0, 1}. Thus, 2 /∈ M and adding 1 + 1 triggers an overflow. Hence, for any
environment σ ∈ Σ,

EJrand(0, 1)K(σ) = ({0, 1}, ∅), EJ1K(σ) = ({1}, ∅).

Applying the addition rule (add) from Figure 3 gives

Θ′ = {((ℓex, intOverflow), check(m1 + m2 ∈ M)) | m1 ∈ {0, 1}, m2 ∈ {1}}
= {((ℓex, intOverflow), ✓), ((ℓex, intOverflow), ✗)},

M ′ = {m1 + m2 | m1 ∈ {0, 1}, m2 ∈ {1}, m1 + m2 ∈ M} = {1}.

Since 0 + 1 does not overflow, whereas 1 + 1 does, we return both a successful and a failing
check; however, only the non-failing value 1 is included in the returned value set:

EJeK(σ) =
(

{1}, {((ℓex, intOverflow), ✓), ((ℓex, intOverflow), ✗)}
)

.

ECOOP 2026
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Z♯ Abstract integers
M♯ ⊆♯ Z♯ Abstract machine integers
Σ♯ = Var → M♯ Abstract environments
E♯Je ∈ ExprK : Σ♯ → M♯ × 2CH Abstract semantics of e

S♯Js ∈ StmtK : Σ♯ → Σ♯ × 2CH Abstract semantics of s

For example:

E♯Je1 +ℓ e2K(σ♯) = let (z♯
1, Θ1) = E♯Je1K(σ♯) and (z♯

2, Θ2) = E♯Je2K(σ♯) in
let Θ′ = {((ℓ, intOverflow), ✗) | z♯

1 +♯ z♯
2 ⊈♯ M♯} in

let Θ′′ = {((ℓ, intOverflow), ✓) | (z♯
1 +♯ z♯

2) ∩♯ M♯ ̸= ⊥♯} in
((z♯

1 +♯ z♯
2) ∩♯ M♯, Θ1 ∪ Θ2 ∪ Θ′ ∪ Θ′′)

S♯Jv = eK(σ♯) = let (z♯, Θ) = E♯JeK(σ♯) in (σ♯[v 7→ z♯], Θ)

Figure 4 Abstract semantics.

Abstract Semantics. Let Z♯ be an abstract domain for 2Z, e.g., intervals, and M♯ ⊆♯ Z♯ its
subdomain for 2M. Consider the non-relational abstract semantics partially shown in Figure 4.
The evaluation of an expression e is now performed in an abstract environment σ♯ yielding
an abstract value for e and a set of all safety checks performed. Similarly, the execution of a
statement s in an abstract environment σ♯ yields an abstract environment after executing s

and a set of all safety checks performed. Again, we only spell out the semantics for some
kinds of expressions and statements, and for simplicity, the provided semantics for addition
does not refine the summands in the abstract environment to non-overflowing abstract values.
Like the concrete semantics, the returned checks are computed separately and will include
checks even if the abstract value is ⊥♯ due to a definite runtime error.

▶ Example 2. Let us analyze Example 1 with the interval domain. We abstract rand(0, 1)
as the interval [0, 1] and the constant 1 as [1, 1]. Thus, for any abstract environment σ♯ ∈ Σ♯,

E♯Jrand(0, 1)K(σ♯) = ([0, 1], ∅), E♯J1K(σ♯) = ([1, 1], ∅).

Then z♯
1 +♯ z♯

2 = [1, 2] and (for the above example) the abstract machine-integer range is
M♯ = [−1, 1]. We have [1, 2] ⊈♯ M♯ (possible overflow) but also [1, 2] ∩♯ M♯ = [1, 1] ̸= ⊥♯

(there is at least one non-overflowing result). Consequently, according to Figure 4, both
(possibly empty) singleton comprehensions are enabled:

Θ′ = {((ℓex, intOverflow), ✗) | [1, 2] ⊈♯ M♯} = {((ℓex, intOverflow), ✗)},

Θ′′ = {((ℓex, intOverflow), ✓) | [1, 2] ∩♯ M♯ ̸= ⊥♯} = {((ℓex, intOverflow), ✓)}

and the abstract evaluation returns

E♯JeK(σ♯) =
(

[1, 1], {((ℓex, intOverflow), ✓), ((ℓex, intOverflow), ✗)}
)

.
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checkStatus : 2{✓,✗} → Status
∅ 7→ E

{✓} 7→ ¥

{✗} 7→ q

{✓, ✗} 7→ -

-

¥ q

E

Figure 5 The checkStatus isomorphism and its induced lattice.

Soundness. The abstract semantics of expressions and statements are sound w.r.t. the
concrete semantics if

∀e ∈ Expr, σ♯ ∈ Σ♯, σ ∈ γΣ(σ♯).
E♯JeK(σ♯) = (z♯, Θ♯) ∧ EJeK(σ) = (M, Θ) =⇒ M ⊆ γZ(z♯) ∧ Θ ⊆ Θ♯

and

∀s ∈ Stmt, σ♯ ∈ Σ♯.

S♯JsK(σ♯) = (σ′♯, Θ♯) ∧ SJsK(γΣ(σ♯)) = (S′, Θ) =⇒ S′ ⊆ γΣ(σ′♯) ∧ Θ ⊆ Θ♯

where the conditions M ⊆ γZ(z♯) and S′ ⊆ γΣ(σ′♯) are the standard soundness statements
for the values of e and environments after s, respectively.

Because checks have the same type in the concrete and abstract semantics, the condition
Θ ⊆ Θ♯ encodes check soundness (via an identity concretization). It concisely states the
following for all φ ∈ PO:
1. If the check may fail ((φ, ✗) ∈ Θ), then the analysis should say so ((φ, ✗) ∈ Θ♯).
2. If the check is reachable ((φ, ✓) ∈ Θ ∨ (φ, ✗) ∈ Θ), then the analysis should check it

((φ, ✓) ∈ Θ♯ ∨ (φ, ✗) ∈ Θ♯).

Post-processing. Note that an analysis can yield different check results at a given program
location, e.g., in different loop iterations or function calling contexts. We thus introduce a post-
processing step, transforming the analysis checks Θ into analysis results σa : L × C → Status.
To do so, we define a lattice isomorphism in Figure 5. Then, the post-processed results are
given by

σa(φ) = checkStatus(Θ(φ)) where Θ(φ) = {x | (φ, x) ∈ Θ}.

Intuitively, the statuses mean the following:
E (unreachable, dead code) means no abstract execution reaches φ,
¥ (safe, proven, always succeeds, success) means the check at φ always succeeds in all

abstract executions,
q (never succeeds, error) means it always fails if reached (and thus is typically reported as

an error),
- (unknown, warning) means that both success and failure occur either because of over-

approximation within an abstract evaluation or because different contexts or paths result
in different outcomes.

ECOOP 2026
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Note that we only target traditional sound static analyzers that over-approximate the program
semantics, as opposed to bug finders. Thus, q does not mean a feasible counterexample.
Both q and - are verdicts in the abstract semantics and may be false positives caused by
imprecise over-approximation (e.g., spurious reachability). However, q is definitive up to
reachability: the check fails in every concrete execution that reaches it, so the program is
safe only if the offending code is dead. Thus, this is a useful distinction that sound analyzers
make in practice; e.g., Goblint, Mopsa and IKOS [10] also return the above four statuses.

▶ Example 3. Recall that for Example 2 we obtained that both ((ℓex, intOverflow), ✓) and
((ℓex, intOverflow), ✗) are in the set of analysis checks Θ♯. After post-processing, the set of
outcomes for the proof obligation (ℓex, intOverflow) is {✓, ✗} and σa((ℓex, intOverflow)) = -.

3 Cross-Analyzer Comparison and Joint Progress

The analysis of real-world C code is difficult, and in practice, we cannot take for granted that
the analyzers are always sound or even correctly cover all POs. Thus, we wish to compare
and contrast analysis results from multiple analyzers. For a given PO, we may compare the
results of two analyzers a1 and a2 to obtain the cross-analyzer comparison matrix in Table 1.
Interpreting this table reveals several qualitatively different comparison outcomes. These
outcomes form a sequence of mutually exclusive cases, applied in the order listed below; once
a pair of statuses matches an earlier case, it is not considered by the subsequent ones:

Positive agreement (A+): Both analyzers report the PO safe or dead (¥ or E).
Negative agreement (A−): Both analyzers report the PO as potentially unsafe (- or q).
Coverage disagreement (D): One analyzer does not report check results for a PO (E),

while the other does (-, ¥ or q).
Precision asymmetry (P): One analyzer reports an uncertain outcome (-), while the other

reports a definite outcome (¥ or q).
Contradiction (C): One analyzer reports the PO as safe (¥), and the other as unsafe (q).

While the pairwise classification captures agreements and conflicts between two analyzers,
it does not directly generalize to sets of more than two analyzers, nor does it provide a notion
of collective progress. To address both of these aspects, we rely on a notion of selectivity,
which allows us to summarize and combine analyzer results in a principled way. For each
analyzer a, we consider its set of reachable POs {φ | σa(φ) ̸= E}, that is, the POs that the
analyzer has directly checked. Although unreachable POs can be regarded as safe under
soundness assumptions, we exclude them when computing progress metrics.

Table 1 Cross-analyzer comparison matrix.

σa2(φ)

σa1(φ) - q ¥ E

- A− P P D
q P A− C D
¥ P C A+ D
E D D D A+
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▶ Definition 4 (Selectivity [37]). The selectivity (or discharge rate) of an analyzer a is the
ratio of the number of POs it has verified to the total number of POs it has considered:

sel(a) = |{φ | σa(φ) = ¥}|
|{φ | σa(φ) ̸= E}|

.

This notion of selectivity serves as a building block for defining joint progress measures over
sets of analyzers and for summarizing their combined behavior beyond pairwise comparison.
Given a set of analyzers A, we can compute their optimistic A⊓ and pessimistic A⊔ joint
results, using the lattice of Figure 5:

σA⊓(φ) =
l

a∈A

σa(φ), σA⊔(φ) =
⊔

a∈A

σa(φ).

We define the joint selectivity of a set of analyzers A as the selectivity of their optimistic
or pessimistic combinations. For sound tools, we prefer the optimistic joint selectivity sel(A⊓)
as the measure of joint progress.

The optimistic and pessimistic joint results also provide a partial generalization of the
pairwise comparison to sets of more than two analyzers, by applying the above comparison
matrix to σA⊓ and σA⊔ . For example, if σA⊓(φ) = σA⊔(φ), we have complete agreement
between all analyzers. The precision asymmetries can also be inferred; for example, when
σA⊓(φ) = ¥ and σA⊔(φ) = -, some analyzers succeeded in proving the PO while others did
not. However, we cannot distinguish contradictions from coverage disagreements because in
both cases, the joint results would be σA⊓(φ) = E and σA⊔(φ) = -. Therefore, we currently
restrict ourselves to pairwise comparisons when analyzing disagreements between analyzers.

Finally, we are interested in tracking the alignment between analyzers; that is, the extent
to which they discover and agree on the same set of POs:

▶ Definition 5 (Alignment). The alignment of a set of analyzers A is the ratio of the number
of POs for which all analyzers agree on the same status to the total number of POs considered
by at least one analyzer:

align(A) = |{φ | ∀a1, a2 ∈ A, σa1(φ) = σa2(φ)}|
|{φ | ∃a ∈ A, σa(φ) ̸= E}|

= |{φ | σA⊓(φ) = σA⊔(φ)}|
|{φ | σA⊔(φ) ̸= E}|

.

Differential Testing Facilitated by Comparison. The cross-analyzer comparison naturally
enables a differential testing workflow for static analyzers. By relying on POs and their
statuses, it becomes straightforward to apply differential testing [27], in which a program can
be analyzed by multiple analyzers, and their outputs systematically compared to identify
discrepancies.

In this setting, differential testing is performed manually: the comparison results are
inspected to identify disagreements between analyzers. The comparison makes such disagree-
ments explicit and actionable, turning them into systematic opportunities for inspection
and improvement. These disagreements may indicate bugs, imprecision, or mismatches in
modeling assumptions between analyzers, and, thus, provide concrete cases for improving
both analyzer implementations and their PO reporting. We evaluate this approach by
extracting disagreement examples in Section 5.3.

4 Open Verification Dashboard

To make the formal comparison model of Section 3 actionable in practice, we developed the
Open Verification Dashboard (OVD), a system that aggregates and aligns PO check results

ECOOP 2026
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produced by multiple static analyzers. Each static analyzer emits a proof obligation report
consisting of proof obligations and their associated statuses (¥, q, -, E). At a high level,
the dashboard consumes such reports produced by individual analyzers and combines them
into a single integrated view, presented in Section 4.1.

While the dashboard directly operationalizes the formal comparison model introduced
in Section 3, its implementation must account for heterogeneity in how analyzers report POs
in practice. In the formal model, POs are abstracted as pairs L × C, representing a source
location and a safety check category. In practice, however, analyzers differ substantially
in the granularity and conventions they use to identify source locations and to classify
safety checks. Sections 4.2 and 4.3 describe the design decisions we made to reconcile these
differences, refining the abstract notions of locations (L) and categories (C) where necessary
to enable meaningful cross-tool comparison. Section 4.4 complements this by outlining how
new analyzers can be integrated into OVD.

4.1 Interaction model

The dashboard exposes its functionality through two complementary interfaces: a command-
line interface (CLI) and a web-based graphical interface (GUI). Both interfaces operate on
a common JSON-based interchange format, which minimizes the integration effort for new
analyzers and enables downstream processing by external tools.

The two interfaces serve complementary roles. The CLI is the primary entry point for
integrating the dashboard into automated verification workflows. It supports the collection
of analyzer outputs, execution of comparisons, and management of dashboard projects in a
scriptable manner. The GUI builds on the same underlying data and provides interactive
access to verification results, enabling exploration of disagreements and coverage gaps. Beyond
visualization, it also supports project management and sharing of results among users with
access to the dashboard server.

The global statistics view (Figure 6) provides a quantitative overview of analyzer alignment
across the target codebase. This exposes the cardinality of the different sets of PO statuses
described in Section 3. Rather than reporting absolute correctness, this view highlights
regions of consensus and conflict, allowing us to prioritize inspection effort. The global
progress indicator summarizes the proportion of POs on which analyzers agree; full alignment
indicates consistency between tools, but not program correctness, which must be assessed at
the level of individual files and POs.

The detailed view (Figure 1) shows a finer-grained view by juxtaposing source code
alongside the proof obligation report. By default, this view emphasizes conflicts between
analyzers, but it can be filtered to display only POs where both analyzers report the same
status. This makes semantic disagreements explicit at the level of individual program
locations and facilitates targeted investigation and debugging.

4.2 Location alignment

We assumed in our formalization that POs are identified by a unique location from a set of
locations L. In practice, analyzers report a text range as an ordered pair ps : pe representing
the start and end positions of the relevant expression in the source code, and there can be
slight differences in how analyzers report these ranges:
1. IKOS reports a single column, namely the start of the offending operation. This is most

similar to our formalization.
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Figure 6 Screenshot of the dashboard GUI global statistics view. Each column presents the
number of POs corresponding to the criteria in the header. The first three columns show cases
where analyzers agree. The fourth shows the number of POs where there is a conflict, and the last
shows the number of POs that are covered by only one analyzer.

2. Goblint reports all warnings at statement granularity in the program because its frontend
does not track ranges of individual subexpressions.

3. Mopsa reports the precise range of the offending subexpression, i.e., the subtree in the
AST whose root is the offending operation.

We would encourage all tools to report ranges as precisely as possible, but for now we need
to handle the differences, and account for the fact that tools are sometimes off-by-one in their
reported ranges (e.g., due to preprocessing and frontend transformations affecting location
tracking in Goblint). In order to apply our formal comparison model, we need to compute a
unified set of proof obligations POA for a given set of analyzers A = {a1, a2, . . . , an}. Ideally,
this would be the union of all individual proof obligations, POA =

⋃
a∈A POa, but in practice,

we need to normalize the locations across analyzers. For the union of proof obligations POA,
we compute an equivalence relation between proof obligations, ∼ ⊆ POA ×POA. We can then
define a result table as the function R on the canonical representatives of the equivalence
classes of proof obligations:

R : A × POA/∼ −→ Status, R(a, φ) =
⊔

{σa(φa) | φa ∈ POa, φa ∼ φ}

To define the relation on POA = LA × C, we first normalize locations. We represent each
reported location as a source range and define an overlap relation

ℓ1 ≈L ℓ2 ⇐⇒ ℓ1 ∩ ℓ2 ̸= ∅.

We then let ∼L be the transitive closure of ≈L, which groups together all ranges that are
connected by overlaps. Based on this relation, we can define the relation ∼ on POs as follows:

∀φ1 = (ℓ1, c1), φ2 = (ℓ2, c2) : φ1 ∼ φ2 ⇐⇒ ℓ1 ∼L ℓ2 ∧ c1 = c2.
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int main() {
int *a;
return (*a) && (*a);

} φ2 : q φ3 : ¥

φ1 : -

Figure 7 Example of different range conventions. In the code, the red rectangle represents a
per-statement range and the green dashed rectangles represent per-expression ranges. Then, if
analyzer a1 reports on the entire range, but a2 reports on the two subexpressions separately, we
need to aggregate the results; here, the analyzers are effectively in agreement.

▶ Example 6. Consider the example from Figure 7, where we have two analyzers a1 and
a2 reporting on the same code snippet. Analyzer a1 reports a single PO on the entire
return expression, while analyzer a2 reports two POs on the two subexpressions separately.
Since the ranges overlap, the relation ∼ will relate the two POs of analyzer a2 to the single
PO of analyzer a1, and they will be grouped together in the same equivalence class φ.
Then, when we compute the result table R, we will have R(a1, φ) = σa1(φ1) = - and
R(a2, φ) = σa2(φ2) ⊔ σa2(φ3) = ¥ ⊔ q = -.

While transitive closure is generally expensive, in this setting it reduces to computing the
union of overlapping intervals (i.e., connected components of the interval intersection graph).
We sort the POs primarily by category and secondarily by start location, and compute the
equivalence classes efficiently by a one-dimensional sweep-line algorithm [16].

4.3 Category refinement
While our formalization treats C as a fixed, finite set of abstract safety check categories,
the concrete choice of categories is a design decision that impacts the alignment of proof
obligation results across analyzers. Initially, we used a single, coarse-grained category for
integer overflow. However, this category turned out to be too general and ambiguous to
precisely capture what is considered integer overflow across C analyzers, their configurations,
and usage scenarios. For example, the following distinctions can be made:

In C, signed integer overflow constitutes undefined behavior (pre-C23), while unsigned
overflow wraps around in a well-defined manner (which may still be unintended).
Implicit casts may occur due to accidental type mismatches, while explicit casts are more
intentional.
Moreover, implicit casts are invisible in the code and arise from a variety of subtle C
behaviors (integer promotions, arithmetic conversions, etc.), while explicit casts are clearly
visible in code.

In practice, Goblint and Mopsa differed in how they classified overflow checks, which led
to a high rate of mismatches when comparing PO results at this coarse level, resulting in
poor signal-to-noise for cross-tool comparison. Thus, we adopted a flat but finer-grained
classification that distinguishes (i) signed vs unsigned overflow, and (ii) the program construct
in which the overflow occurs. This refinement was guided by systematic comparison of analyzer
reports and aims to make explicit semantic distinctions already present in the tools that
stem from different language constructs in C, while keeping the category system simple and
tool-agnostic. Concretely, we split integer overflows into six categories generated by the
following regular expression:

(signed|unsigned) integer overflow in (arithmetic operator|explicit cast|implicit cast).
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4.4 Integrating a New Analyzer
To make a new analyzer compatible with OVD, the tool provider must expose the PO-level
outcomes as used by the transparent static analysis framework. In particular, the tool should
report not only alarms or potentially failing checks, but also successful safety checks. Each
reported PO is exported in the dashboard interchange format with at least its source range,
safety category, and status (¥, q, -, or E).

The required integration effort depends on whether the analyzer already records such
outcomes. For tools with explicit PO or assertion tracking, integration is largely a matter of
JSON export. For tools that only expose final alarms, each analysis operation that may raise
an alarm must instead record the corresponding PO. This may require some engineering
effort when the code that identifies the POs is not decoupled from the semantic checks of
property failures, as was the case for Goblint.

This basic export does not require full cross-tool alignment. Once reports are available,
OVD can expose missing checks, mismatched source ranges, and category disagreements,
which can then be refined incrementally as in our Goblint/Mopsa integration (see Section 5).
The same interface applies to verification tools beyond abstract interpretation, provided that
they report PO-level outcomes rather than only a whole-program verdict.

5 Evaluation

In this section, we empirically demonstrate the practical benefits of the proposed dashboard
for transparent, fine-grained, PO-level comparison of static analysis results. Transparent
static analysis is what makes this comparison more informative than alarm matching: each
operation receives one of four possible check statuses (¥, q, -, or E). Thus, when analyzer
a1 reports an alarm for an operation and analyzer a2 does not, OVD can distinguish a check
that a2 proved safe from one that a2 did not reach or report. We use this information to
compare discrepancies and prioritize which ones to investigate.

Our evaluation has three goals. First, we validate that POs can be extracted and aligned
consistently across analyzers, and show that this alignment can result in tangible precision
improvements in analyzer implementation. Second, we quantify cross-tool complementarity
and the benefit of combining tools for joint progress. Third, we assess whether PO-guided
distillation yields concise and actionable disagreement examples for debugging the differences
exposed by the dashboard. These goals motivate the following research questions:
RQ1 (Complementarity). Given a set of proof obligations from multiple programs, how

often do Goblint and Mopsa agree, disagree, strictly refine one another (i.e., exhibit
precision asymmetry), or directly contradict each other?

RQ2 (Joint Benefit). How much do we gain by considering both tools together, rather than
either alone, when scored against SV-COMP oracles, and when used as a coverage oracle
on substantially larger coreutils programs?

RQ3 (Distillation). How effectively does the dashboard help us discover and distill interesting
disagreement examples between Mopsa and Goblint by guiding program reduction with
PO-level disagreement conditions, compared to using only global SV-COMP verdicts?

Tools. We evaluate two sound static analyzers for C based on abstract interpretation:
Goblint and Mopsa. Both aim to prove the absence of runtime errors by computing sound
over-approximations of program behaviors. Each analyzer is instrumented to emit transparent
proof obligation reports compatible with the Open Verification Dashboard (OVD).
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Figure 8 Per-task comparison of the number of integer overflow proof obligation checks reported
by Goblint and Mopsa on SV-COMP. Each point is one task. Darker regions indicate higher densities
of tasks due to overlapping points. For readability, tasks with more than 100 Mopsa checks are
shown at y = 100 (triangles).

Benchmarks and scope. Our evaluation uses the sequential C benchmark tasks from
SV-COMP 2026 [8] annotated with the no-overflow property, comprising 8,358 programs.
SV-COMP serves as the de facto benchmark suite for program verification, and each task is
annotated with a reference verdict: true when the program is known to satisfy a specification,
and false when there exists a program execution that violates it.

Accordingly, we restrict our attention to POs corresponding to integer overflow checks in
arithmetic operations from the category definitions introduced in Section 4.3. This choice
aligns with the SV-COMP overflow track, which focuses on arithmetic overflows and does not
consider cast-induced overflows. SV-COMP does include left-shift overflow; however, we do
not currently consider it. By concentrating on arithmetic overflows, we obtain a meaningful
setting in which to illustrate the benefits of PO-level comparison for complementarity and
alignment (RQ1), joint benefit (RQ2), and reduction-based disagreement extraction (RQ3).
Note that while our evaluation focuses on integer overflows, our approach is fully generic over
C runtime errors detected by static analyzers, including assertion failures, memory safety
violations, floating-point issues, and format or argument mismatches.

To obtain PO-level results for integer overflow checks, we rerun both analyzers on the
selected benchmarks and extract their PO reports. The official SV-COMP configurations of
these tools apply a portfolio of successively more expressive analyses to solve each verification
task. For our evaluation, we prefer a uniform configuration across all benchmarks, so we
use basic configurations with a memory limit of 1 GB and a timeout of 90 s. Out of 8,358
programs, both analyzers successfully produced PO reports for 7,421 tasks; in the remaining
cases, at least one analyzer terminated without producing a report (e.g., due to an error,
timeout, or memory exhaustion).

PO-level data validation and alignment baseline. Before answering the research questions,
we evaluate whether the dashboard can reliably extract and align POs across analyzers
on the SV-COMP benchmarks. While SV-COMP benchmarks are widely used for tool
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comparison, the suite is designed for the coarse-grained reporting approach of SV-COMP,
and consists of many small tasks with potentially few POs. Thus, we need to validate that
it is a suitable benchmark suite for our PO-level evaluation. We first measure the number
and distribution of POs produced by each analyzer per task, quantifying how much semantic
detail the dashboard exposes beyond single task-level verdicts. This fine-grained information
is particularly important in real-world verification scenarios, where reference verdicts are
unavailable, and verification progress must be assessed based on partial results.

Figure 8 shows, for each SV-COMP task, the number of integer overflow POs produced
by Goblint and Mopsa. Figure 8a presents the raw counts prior to alignment, while Figure 8b
shows the counts after alignment. The wide spread of points demonstrates that, even for
benchmarks with a single task-level verdict, analyzers expose markedly different amounts of
PO-level structure. In particular, many tasks give rise to tens of distinct overflow checks,
illustrating the amount of semantic detail exposed by the standardized PO reports. Most
points lie above the diagonal, as Mopsa reports separate POs for identical program locations
reached under different call stacks, whereas Goblint aggregates such cases into a single PO.
This baseline also motivates the explicit alignment refinement discussed in RQ1.

5.1 RQ1 (Complementarity)
With RQ1, we explore how often the tools report checks for the same POs and, where
they do, how often they assign the same or different statuses to the POs defined by the
same location and category. For the analyzer pair (Mopsa, Goblint), we construct the 4 × 4
comparison matrix of Table 1 from Section 3 for arithmetic-operation POs in the SV-COMP
subset. Table 2 shows this cross-classification of PO statuses returned by Mopsa (rows)
and Goblint (columns). Diagonal cells correspond to agreements, while off-diagonal cells
represent precision asymmetries, coverage disagreements, or direct contradictions as defined
in Section 3.

Alignment refinement. A prerequisite for meaningful comparison is reliable alignment of
POs across analyzers. We therefore used preliminary comparison results to iteratively refine
PO alignment. We first examined POs for which an overflow check was reported by only
one analyzer, extracted the corresponding program expressions, and manually investigated
the causes of these discrepancies. This process revealed several recurring classes of issues,
including spurious checks, missing checks, and mismatches in reported locations (see Table 3).
After applying the corresponding fixes, the number of POs reported by only one analyzer
decreased by orders of magnitude, substantially improving cross-tool consistency. The
pre-alignment matrix (Table 2a) shows the situation prior to alignment fixes and serves as
evidence of the high number of unmatched POs.

Comparison results. Together with per-tool selectivity (Section 3), the post-alignment
matrix (Table 2b) provides a clear picture of where each analyzer tends to be more decisive,
where they corroborate one another, and where they systematically differ. In the post-
alignment matrix, the vast majority of POs fall into diagonal cells, indicating strong agreement
between the analyzers. The largest cell corresponds to both tools reporting POs as safe
(¥), showing substantial overlap in obligations proven safe by both analyzers. Off-diagonal
entries are dominated by precision asymmetries (- and ¥), suggesting differences in analysis
precision rather than semantic conflicts. Direct contradictions (¥ and q) are absent, which
is consistent with the expected soundness of both tools. Note that the totals differ between
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Table 2 Cross-analyzer comparison of arithmetic overflow POs on the SV-COMP subset before
and after alignment fixes described in Table 3.

(a) Comparison matrix before PO alignment fixes.

σGoblint(φ)

σMopsa(φ) - q ¥ E

- 8,122 0 2,268 159
q 1 0 0 6
¥ 222 0 11,700 23,754
E 949 0 1,804 0

(b) Comparison matrix after PO alignment fixes.

σGoblint(φ)

σMopsa(φ) - q ¥ E

- 8,123 0 2,255 146
q 1 0 0 0
¥ 222 0 32,226 652
E 944 0 2,126 0

Table 3 Issues identified by differential testing of overflow-related POs reported by Mopsa and
Goblint.

Issue Mopsa Goblint

Spurious check #251 #1909, #1910, #1932
Missing check #1933, cil#215, cil#216
Wrong location #248 cil#211

the two matrices because we do not have a canonical set of POs for each task. Removing
spurious checks from a single analyzer will reduce the total number of POs in the comparison.

Precision gains from alignment. Importantly, the alignment process also uncovered cases
of unnecessarily conservative behavior within the analyzers. For example, fixing issues
in Goblint’s internal modeling (e.g., in pointer arithmetic (#1909) and calloc handling
(#1932)) led to measurable precision gains, increasing Goblint’s number of successfully
discharged tasks by 13. Notably, these improvements were not the result of targeted precision
engineering, but emerged directly from inspecting POs that failed to align with Mopsa.
This demonstrates that PO-level comparison is not merely a diagnostic tool for reporting
discrepancies, but can actively reveal latent imprecision and lead to concrete improvements
in analyzer implementation.

While our evaluation focuses on arithmetic-overflow POs under basic tool configurations,
the same alignment methodology applies to other safety categories, properties and config-
urations. Preliminary experiments on the SV-COMP memory safety track (not reported
here) further support the PO-generic nature of our approach. The results presented here
already demonstrate that even in this restricted setting, transparent PO-level comparison
yields substantial practical benefits.

5.2 RQ2 (Joint Benefit)
Using the same PO reports extracted for RQ1, RQ2 investigates how Mopsa and Goblint
jointly contribute useful information about POs. In particular, we assess how much they
complement each other toward joint verification of a program. We consider the optimistic
combination (A⊓) as defined in Section 3 and ask whether there exist SV-COMP tasks for
which the tools verify different subsets of POs such that they jointly verify the entire set.
We found no SV-COMP task that is not verified by either Mopsa or Goblint individually but
becomes fully verified with their optimistic combination. Thus, under the configurations

https://gitlab.com/mopsa/mopsa-analyzer/-/issues/251
https://github.com/goblint/analyzer/pull/1909
https://github.com/goblint/analyzer/pull/1910
https://github.com/goblint/analyzer/pull/1932
https://github.com/goblint/analyzer/pull/1933
https://github.com/goblint/cil/pull/215
https://github.com/goblint/cil/pull/216
https://gitlab.com/mopsa/mopsa-analyzer/-/issues/248
https://github.com/goblint/cil/pull/211
https://github.com/goblint/analyzer/pull/1909
https://github.com/goblint/analyzer/pull/1932
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Table 4 Examples of joint progress matrices illustrating the optimistic combination. Each
cell shows the number of POs classified by the status pair returned by Mopsa (rows) and Goblint
(columns).

(a) bresenham-ll_valuebound1.c.

σGoblint(φ)

σMopsa(φ) - q ¥ E

- 2 0 3 0
q 0 0 0 0
¥ 1 0 5 0
E 0 0 0 0

(b) uniq_3args_ok.c.

σGoblint(φ)

σMopsa(φ) - q ¥ E

- 16 0 3 0
q 0 0 0 0
¥ 8 0 46 935
E 2 0 14 0

used in this evaluation, combining the tools does not yield additional fully verified programs.
At the task level, the tools exhibit a measurable degree of complementarity in SV-COMP

scoring. With their official SV-COMP 2026 portfolio configurations [38, 42], Mopsa verified
187 C.NoOverflows tasks that Goblint did not verify, while Goblint verified 174 tasks that
Mopsa did not, indicating distinct strengths across the benchmark suite. However, this
complementarity does not carry over to the PO-level, as we observed no benchmark where
the optimistic combination suffices to verify all remaining obligations. Still, limited PO-level
complementarity is observable. There are 11 tasks on which the optimistic combination
verifies strictly more POs than either tool alone. Among these, 8 tasks have verdict true,
while 3 have verdict false. However, the 8 true tasks correspond to variants of the same
benchmark differing only in loop bounds. In none of the 8 cases does the union suffice to
verify all POs.

Representative examples are shown in Table 4. Each joint progress matrix cross-classifies
the statuses assigned by Mopsa (rows) and Goblint (columns), highlighting POs where one
analyzer proves safety (¥) while the other fails to do so (-). These off-diagonal cells
correspond precisely to the additional obligations discharged by the optimistic combination.

To quantify the joint benefit of using both analyzers together, we consider the selectivity
of the combined analysis (sel(A⊓)), and the individual selectivities of each analyzer. For
instance, for the benchmark in Table 4a, the selectivity of Mopsa is 6/11, the selectivity of
Goblint is 8/11, and the selectivity of the combined analysis is 9/11.

We observed similar patterns on substantially larger coreutils programs when running
both analyzers with increased resource limits (450 s and 2 GB memory). The programs (cut,
env, and uniq) each comprise over 200,000 lines of C code. On these programs, the optimistic
combination consistently improves selectivity compared to either tool alone. For instance,
on uniq, Mopsa verifies 54 out of 73 overflow POs reported by both tools, Goblint verifies
49, while their optimistic combination verifies 57 (see Table 4b). Similar improvements are
observed on the other two programs. Although the optimistic combination does not yet
discharge all remaining obligations, the remaining POs indicate where additional precision
improvements could enable complete joint verification.

5.3 RQ3 (Distillation): Extracting Disagreement Examples
RQ1 and RQ2 use dashboard comparisons to quantify where analyzers agree, diverge, or
complement each other. Complex C programs can make it difficult to understand the root
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cause of the remaining disagreements between analyzers. To address this, we combine
differential testing with automated test-case minimization [41]. We write cvise(P0, λP. x) for
invoking cvise on the initial program P0 with an interestingness predicate over candidate
programs P ; a candidate is kept when the expression x evaluates to true. A minimizer
starts from an input program and repeatedly tries to simplify it, keeping a candidate only
when an interestingness test still succeeds. In our setting, the test compiles the candidate,
reruns both analyzers, and checks that the reduced program still exposes the disagreement
we want to study. This oracle-guided reduction is performed with cvise [31], a recent variant
of C-Reduce [12]. The goal is to extract small, human-readable disagreement examples that
are also well-suited as regression tests.

Reduction objectives. Let A = {a1, a2} be the two analyzers under comparison and let
P0 be the original program. We first run both analyzers on P0, obtaining baseline results
r0

i = run(ai, P0), and instantiate one of two interestingness predicates for cvise.
Verdict objective. The verdict strategy preserves only the baseline task-level verdict pair

(v⋆
1 , v⋆

2), where v⋆
i = verdict(r0

i ). For our sound tools, these baseline verdicts are true or
unknown. Thus, we call cvise(P0, λP. isInterestingver(P ; v⋆

1 , v⋆
2)), where

isInterestingver(P ; v⋆
1 , v⋆

2) = if ¬compiles(P ) then false else
let r1 = run(a1, P ) and r2 = run(a2, P ) in
verdict(r1) = v⋆

1 ∧ verdict(r2) = v⋆
2 .

Dashboard objective. The dashboard strategy preserves a directional PO discrepancy.
Recall Status = {E,¥,q,-}, and let R0 : A × POA/∼ → Status be the aligned dashboard
table for the baseline run. We select an obligation φ⋆ ∈ POA/∼, write its category as c⋆,
and keep the directional status pair (s⋆

1, s⋆
2) recorded by R0, where s⋆

i ∈ Status. The reduced
program may realize this discrepancy on a different obligation of the same category. Thus,
we call cvise(P0, λP. isInterestingdash(P ; c⋆, s⋆

1, s⋆
2)), where

isInterestingdash(P ; c⋆, s⋆
1, s⋆

2) = if ¬compiles(P ) then false else
let r1 = run(a1, P ) and r2 = run(a2, P ) in
let R = dashboard(r1, r2) in
∃φ ∈ POA/∼ such that φ = (ℓ, c⋆) ∧

R(a1, φ) = s⋆
1 ∧ R(a2, φ) = s⋆

2.

Qualitative evaluation of distillation during development. During dashboard development,
we applied the dashboard objective to programs exhibiting analyzer discrepancies in order
to isolate minimal examples triggering a disagreement. An example of such a minimized
program is shown in Figure 1.

While code reduction does not guarantee preservation of the exact original conflict,
restricting the oracle to the same category has proven sufficient in practice. In all cases
we encountered, fixing the issue exposed by the reduced example also resolved the original
discrepancy in the larger input program. The issues distilled from the reductions are
summarized in Table 5, from which we highlight some concrete examples below.

For instance, the minimal example of only 4 lines in Mopsa issue #234 was extracted
from the SV-COMP benchmark uthash_BER_test5-3.i, by reducing an original input of
765 lines. Similarly, the example corresponding to Goblint issue #1767 was reduced from 32
lines to 16 lines. Although the original program in this case was already relatively small, the
reduction process still proved useful by eliminating syntactically and semantically irrelevant

https://gitlab.com/mopsa/mopsa-analyzer/-/issues/234
https://github.com/goblint/analyzer/issues/1767
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Table 5 Overview of the bugs found by differential testing.

Issue ID Analyzer Description

#234 Mopsa Spurious invalid memory access report
#1767 Goblint Unsigned underflow from thread return value cast
#1798 Goblint Missing increment-overflow warning with interval sets
#1801 Goblint Integer overflow triggered by memOutOfBounds analysis
#1802 Goblint Constant string literals treated as top pointers

Table 6 Folder-level averages for RQ3 reduction comparison. The dashboard strategy uses
preservation as its criterion; thus, its preservation rate was 100% as expected.

Task Metrics Verdict-Based Dashboard-Based

Folder # Lines Conflicts Final lines Pres. (%) Time (s) Final lines Time (s)

float-benchs 6 196.17 1.00 8.67 100.00 184.50 8.67 233.17
nla-digbench 4 42.25 5.75 5.00 0.00 104.25 6.00 123.00
termination-crafted 11 26.18 1.55 3.73 18.18 119.73 5.91 156.45
termination-crafted-lit 11 27.18 1.73 5.27 45.45 92.00 7.00 102.73
termination-numeric 3 30.00 1.00 4.00 0.00 124.00 5.67 190.00
termination-restricted-15 13 21.62 1.00 4.31 7.69 83.62 8.77 98.62

details. Across these examples, reduction isolates the core construct responsible for the
analyzer disagreement, removing surrounding code that does not contribute to the issue.
This illustrates the benefit of PO-guided reduction for deriving concise examples.

Systematic comparison methodology. We then systematically investigate whether the
simpler verdict-based objective would have been as effective for disagreement extraction as the
dashboard objective. We consider SV-COMP tasks annotated with the no-overflow property
for which the official SV-COMP 2026 results report clear verdict disagreements (true/unknown
or unknown/true). Since we are not using the SV-COMP portfolio configurations, we rerun
each task locally and keep only those whose local baseline preserves the expected verdict
pair and corresponding dashboard conflict direction. We also require that the baseline runs
complete in less than a minute since the reduction needs to run the analyzers multiple times
on each task. We were left with 56 tasks containing a disagreement where Goblint reports
the overflow check safe, but Mopsa reports it as a warning. This gives both objectives the
same starting point: a task-level verdict disagreement and a specific PO-level disagreement
direction.

For each minimized file, we record original/final line counts, original/final directional
dashboard disagreement counts, and wall-clock reduction time. For clarity, we aggregate
results by folder, and for this overview, include only folders containing at least three tasks to
keep the table concise. For each folder, we report the number of tasks, average original lines,
average original disagreement count, verdict-strategy average final lines, verdict-strategy
disagreement preservation rate, and average runtime for both strategies.

Results. Table 6 shows a clear trade-off in this controlled follow-up. The verdict strategy
usually produces smaller and faster reductions, but often drops the directional conflict:
its preservation rate ranges from 0% to 45.45% on five folders, and reaches 100% only on
float-benchs. Averaged over all 56 tasks, the verdict strategy yields 5.36 final lines and
112.86 s on average, versus 7.54 lines and 142.30 s for the dashboard strategy. The dashboard
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strategy is therefore less aggressive in reducing size, but substantially more reliable for
preserving disagreement semantics.

5.4 Threats to Validity
The central claim of our work, and what we aim to substantiate with the evaluation, is that
transparent tracking of PO statuses has practical benefits for cross-tool comparison and
improvement. Several threats can affect the strength of this inference from our empirical
results.

The internal validity of our research design depends on the reliability of the alignment
process. This process relies on additional code for exporting proof obligations, as well as the
dashboard’s post-processing and matching logic, which is non-trivial and can itself introduce
errors. We mitigated this threat through iterative validation: mismatches were inspected,
minimized, and traced to concrete root causes, leading to fixes in both analyzers and in
the alignment procedure (Table 3). The fixes to our analyzers were validated against the
SV-COMP benchmarks and their reference verdicts.

One may also question the construct validity of our comparison metrics (e.g., selectivity
and alignment), that is, the extent to which they capture verification progress and cross-tool
agreement. The main concern is that these metrics are defined over the extracted set of
POs and therefore depend on the granularity and categorization of those obligations. We
mitigate this threat by (i) mapping both tools to a shared overflow taxonomy (Section 4.3),
and (ii) aggregating overlapping ranges when tools report at different syntactic granularities
(Section 4.2). This overlap aggregation is conservative and reports a conflict whenever tools
assign different statuses to any overlapping POs. Nevertheless, users should interpret 100%
selectivity relative to the POs jointly identified by the tools: if both tools miss the same PO,
the program is not verified despite complete selectivity and alignment.

Regarding external validity, our evaluation is limited to two analyzers (Goblint and Mopsa).
We chose them because they are sound C abstract interpreters active in SV-COMP and
already expose whole-program PO-level outcomes. Even for such similar tools, transparent
comparison requires alignment and debugging. The first OVD reports exposed missing checks,
category mismatches, source-location differences, and implementation issues; investigating
them led to 14 fixes in Goblint and Mopsa. Shallow prototype integrations of more tools
would not provide comparable evidence. Preliminary testing with IKOS [10] showed that
it exposes PO-level information that can be mapped to OVD, but it has not gone through
the same alignment process. Frama-C’s Eva plug-in would be another natural candidate,
but would require a separate native integration effort from the Frama-C team. Plausible
candidates for further integration also include SV-COMP participants such as CBMC [14, 29]
and UAutomizer [22, 4], whose current outputs partially expose PO information. For example,
CBMC reports some checks in execution logs, and UAutomizer identifies checks internally.
However, this information is not systematically exposed in a form directly usable by OVD:
CBMC provides only coarse source locations (e.g., line numbers), and UAutomizer does not
report corresponding program locations for its checks. We also focus on integer overflows,
and within SV-COMP primarily on the no-overflow property. This scope provides a large
benchmark set with reference verdicts and lets us refine PO categories in a controlled setting.
Note, however, that our approach is not overflow-specific: the framework supports arbitrary
safety categories, and we expect similar benefits for other runtime errors (e.g., invalid memory
accesses, division by zero), but the corresponding category taxonomy and alignment rules
would need to be extended and validated. Finally, some SV-COMP tasks can be small and
synthetic. To partially mitigate this, we also evaluated the optimistic combination as a
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coverage oracle on three larger coreutils programs (RQ2).
For conclusion validity, the precise number of verified POs is sensitive to tool configurations

and resource limits. While the statistical power of the experiments is limited, our empirical
results provide evidence for the expected benefits of transparent reporting. We consider the
strongest evidence for the usefulness of our approach to be the qualitative improvements in
analyzer implementation that emerged directly from the alignment process and the PO-guided
distillation of concrete disagreement examples.

6 Related Work

Reporting and exchanging static analysis results. Textbook definitions of static analy-
ses [35, 33] focus on computing reachable states, leaving implicit the individual semantic
checks that were proved or left inconclusive. Transparent reporting in Mopsa exposes these
checks to support automated precision metrics [37]; TSA formalizes this behavior and makes
POs the basis for soundness and cross-tool comparison.

The Static Analysis Results Interchange Format (SARIF [40]) is an industry-standard
JSON schema for reporting issues from static analysis tools. Many modern analyzers and
security scanners, including Coverity [5], ESLint [18], and CodeQL [2], can emit SARIF, and
viewers such as the VS Code SARIF plugin [32] and GitHub code scanning UI [20] aggregate
these results. SARIF is useful for transporting alarms, but it does not provide semantic
classifications for alarms or successful checks.

Definitions of witnesses have been developed over the years within the SV-COMP com-
munity [6, 3] as a way to validate analyses performed by complex tools. Recent work [44]
introduced techniques to guide static analyzers using these witnesses, thereby obtaining
better precision than without them. Witnesses contain information about how the analyzer
reached a certain conclusion, such as a counterexample trace for a bug report or an inductive
invariant for a proof. Comparing and visualizing witnesses is an interesting research direction
in its own right.

Comparing static analyzers. In SV-COMP [7], static analyzers have to provide coarse-
grained results for a program verification task (deciding whether a program property holds
or not). SV-COMP benchmarks require a known ground truth per benchmark. Our broader
target is open-ended settings (e.g., a new codebase with no prior oracle), although we also
use SV-COMP when reference verdicts are useful for evaluation. In both settings, our
comparison is finer-grained: each program analysis reports every semantic check performed.
The same granularity also supports selectivity-style precision summaries [37]. Even finer-
grained approaches have also focused on measuring the size of abstract domains [47] or, more
generally, on quantifying imprecision in static analyses [11]. To the best of our knowledge,
these approaches have not been used in experimental settings to compare static analysis
frameworks.

Both Mopsa [37] and clam [21] provide internal diffing tools that can compare analysis
results across different configurations, determining if one analysis is strictly more precise
than another or if any alarms or assumptions differ. These tools do not aim to unify multiple
analyzers’ outputs for a user. CodeChecker [24] is a tool that can run multiple industrial
analyzers (Clang Static Analyzer, Infer) and then presents all their warnings on a unified
web interface. Its focus is on aggregating defect reports, not comparing results or building
collaborative proofs of correctness.

ECOOP 2026
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Differential testing and static analyzers. Our work also combines well with other compar-
ative techniques. Test-case reduction tools like C-Reduce [41] automate the minimization
of programs while preserving a property of interest, which in our case is the disagreement
between tools. Andreasen et al. [1] show that other test-case reduction techniques, such as
delta-debugging, can be used to increase static analysis precision. Our proposed dashboard
can aid such debugging scenarios by quickly highlighting the exact program points where
tools diverge or struggle. One key requirement in work on soundness and precision testing of
static analyzers [27] is to synthesize checks to compare analyzers’ results. We believe the
TSA framework naturally incorporates important semantics-based checks and would thus
simplify differential testing approaches.

User interfaces for verification tools. This work was inspired by other tools with advanced
user interfaces for static analysis. Frama-C EVA [15] (Evolved Value Analysis) is the default
value analysis plug-in of the Frama-C framework. It provides a rich GUI where the C source
code is annotated with alarms; potential runtime errors that value analysis cannot prove
safe are shown to the user. The user can interactively inspect the proof obligations and
apply other Frama-C plug-ins or manual proofs to discharge them. This interface allows the
tracking of proof obligations that remain after the value analysis, but does not produce an
exhaustive list of what the value analysis itself could handle. Frama-C’s dashboard is also
limited to its own plug-ins, whereas we aim to integrate multiple independent analyzers.

Several recent works have also addressed debugging static analyzers [17], combining
concrete and abstract debuggers [34], and providing abstract debugger interfaces [23, 37, 26],
allowing users to better understand why certain warnings were or were not produced.

Deductive verification. Beyond automated static analysis, there have been efforts to unify
results from multiple verification tools. The Why3 platform [19] provides an IDE for deductive
program verification, where each proof obligation can be tried by multiple automated provers.
The Why3 IDE displays a table of provers and POs, indicating which prover succeeded or
failed on each proof obligation. This kind of dashboard combining multiple theorem provers
is precisely the inspiration for our proposed verification dashboard. The challenge for us is
that automated static analyzers handle verification condition generation and their discharge
in a monolithic way, so we reconstruct and correlate the POs from their internal checks.

7 Conclusion

Comparing static analyzers is a difficult task due to the alarm-based reporting traditionally
used by analysis tools. In this work, we have formalized a novel transparent static analysis
framework reporting not only alarms but every semantic check performed by an analyzer.
This framework enables a fine-grained comparison of static analysis results, further helped
through the implementation of an Open Verification Dashboard, which takes care of aligning
checks between tools with different outputs. We have experimentally evaluated the use of
the Open Verification Dashboard on two C static analyzers participating in SV-COMP and
identified 14 bugs whose fixes improved both precision and reporting quality.

The PO alignment work paves the way towards a standard for reporting C runtime errors
detected by static analyzers. We created and implemented a classification for alarms related
to integer overflows. Note that our approach is not restricted to integer overflows. We have
also been able to compare analyzers on the memory safety track of SV-COMP, opening the
door to additional alignment and classification work in the future. Future dashboard work
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could also use sound non-statistical alarm clustering [30] to reduce the number of comparisons
shown to users. On the other hand, the dashboard should expose more detail when analyzers
intentionally distinguish checks using call-stack or other path-sensitive information, as in
Goblint’s digest-based analyses [45, 46].

We hope this article makes a case for other static analyzers to implement transparent
reporting, which would pave the way for comparisons between other static analysis tools.
In preliminary experiments, we have been able to confirm that IKOS [10] already fits our
transparent reporting framework and could thus benefit from alignment improvements
pinpointed by OVD. We envision that this dashboard can be used in collaborative static
analysis efforts to assess which parts of a given software project have been analyzed in depth,
and where coverage gaps highlight the need for further investigations.
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