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Abstract—Neural Network Verification has made significant
progress in recent years, with the development of numerous ver-
ification techniques and tools. However, the field still lacks high-
quality benchmarks for systematically evaluating and improving
these tools. As verification techniques advance, many existing
benchmarks have become too trivial, while the harder ones
often remain unsolvable. Several recent efforts have attempted
to address this gap, typically by retraining or distilling neural
networks to create new benchmarks. However, such approaches
are computationally expensive and often produce benchmarks
with unknown or unverifiable ground truth.

In this paper, we introduce ReluSplitter, an automatic
benchmark generation tool for DNN verifiers. ReluSplitter
takes existing verification benchmarks as input and strategically
destabilizes stable neurons to increase verification difficulty.
This transformation is semantics-preserving by construction:
every ReluSplitter-generated benchmark is guaranteed to
have exactly the same ground truth as the original benchmark.
This makes ReluSplitter particularly valuable for assessing
verifier correctness and performance.

Our evaluation demonstrates that ReluSplitter can sig-
nificantly increase the difficulty of existing benchmarks, ef-
fectively challenging state-of-the-art DNN verifiers. We believe
ReluSplitter offers a practical and principled way to generate
benchmarks with tunable difficulty and verifiable ground truth,
contributing a much-needed resource for the neural network
verification community.

Index Terms—Neural network Verification, Benchmark Gen-
eration.

I. INTRODUCTION

The rapid development of Deep Neural Networks (DNNs)
has fueled significant advancements in a wide range of ap-
plications, from autonomous systems to medical diagnostics
[1]–[6]. However, as DNNs are increasingly deployed in
safety-critical settings, the need for ensuring their correctness
and robustness has become paramount. This has led to the
emergence of DNN Verification (DNNV), a field dedicated
to formally verifying the behavior of DNNs against specified
properties. Over the past few years, the DNNV community has
been fruitful, with numerous verification tools and techniques
being developed to address the challenges of DNNV [7]–[14].

As in other fields of verification, the comparative evaluation
of techniques and tools serves as a driving force in scaling
their performance. The annual neural network verification
competition (VNN-COMP) has been the main platform for

evaluating and comparing DNN verifiers [7], [15]–[18]. How-
ever, the benchmarks used in VNN-COMP are often provided
by verifier authors, leading to a lack of diversity and challenge
in the benchmarks. In recent years, VNN-COMP has actively
called for benchmarks that are “not so hard that none of the
instances can be solved by any participant, but also not so
easy that every tool can solve all of them” [15]

The importance of robust benchmarking has sparked grow-
ing interest in benchmark generation for DNN verification.
Existing efforts to generate new benchmarks typically involve
training networks with embedded properties [19] or modifying
models through distillation or retraining [20], [21]. While these
methods can create challenging instances, they are compu-
tationally expensive and require training data that may not
always be available. Moreover, training and distillation often
produce benchmarks with unknown or unverifiable ground
truth, making evaluation difficult.

These challenges in current benchmark generation high-
light the need for approaches that can more directly control
benchmark difficulty and ensure verifiable ground truth. To
develop such methods, it’s crucial to understand the funda-
mental factors contributing to the complexity of DNN verifi-
cation. It is generally considered that the difficulty of DNNV
largely stems from the non-linearities introduced by activation
functions [22]–[24]. Among these, the Rectified Linear Unit
(ReLU) is particularly important, as its piecewise linear nature
gives rise to the notion of neuron stability.

Neuron stability has been well studied in the literature. Prior
works have shown it is closely related to the complexity of
verifying neural networks. For example, [9], [25] leverage
neuron stability to assist verification, while [26]–[28] incor-
porate it at training time to maximize the verifiability of the
trained networks. However, to the best of our knowledge, no
existing work has leveraged neuron stability for the purpose
of benchmark generation.

a) Our work: We present ReluSplitter, a technique
and tool for automatically synthesizing challenging verification
benchmarks by destabilizing stable neurons. Unlike prior ap-
proaches, ReluSplitter is both efficient and semantically
exact: it preserves the behavior of the original model and elim-
inates the need for training or distillation. Given a network and
property, ReluSplitter identifies and destabilizes stable

1350

2025 40th IEEE/ACM International Conference on Automated Software Engineering (ASE)

2643-1572/25/$31.00 ©2025 IEEE
DOI 10.1109/ASE63991.2025.00115



neurons in the network to increase verification complexity.
This process forces verifiers to perform additional branching
and abstraction, thereby helping to determine their scalability
and test the effectiveness of their underlying heuristics.

We evaluate ReluSplitter using VNN-COMP bench-
marks and leading verifiers, demonstrating its effectiveness
in producing more challenging yet valid benchmarks. On
the MNIST_FC benchmark, applying ReluSplitter results
in a consistent average slowdown of over 5x. Moreover,
on the convolutional and residual benchmarks Oval 21
and SRI_ResNet, it transforms previously simple instances
(solvable in under 120s) into intractable ones that remained
unsolvable even after a 1200-second timeout.

We believe ReluSplitter provides a practical and prin-
cipled approach to improving benchmark diversity and rigor
in the DNN verification community.

b) Contributions: We make the following contributions:

• We propose ReluSplitter, a technique and tool
for DNNV benchmark generation that synthesizes new
benchmark instances from existing ones. To the best of
our knowledge, ReluSplitter is the first benchmark
generation approach that both preserves ground truth
and leverages neuron stability to increase verification
difficulty.

• We provide an easy-to-use, configurable, and extensible
open-source implementation of ReluSplitter, en-
abling researchers to generate custom benchmarks for
evaluating verification techniques and to support future
research and optimization.

• We conduct an extensive evaluation using four widely-
used state-of-the-art (SOTA) verifiers and four ReLU-
based verification benchmarks from VNN-COMP, cover-
ing three DNN architectures: fully connected networks,
convolutional networks, and ResNet.

II. BACKGROUND

A. DNN Verification (DNNV)

Given a DNN N and a property ϕ, the DNNV problem
asks if ϕ holds on N . Typically, ϕ has the form ϕin ⇒ ϕout,
where ϕin and ϕout are sets of linear inequalities over the
input and outputs of N , respectively. A DNN verifier attempts
to find an input to N that satisfies ϕin but violates ϕout

(i.e. a counterexample). If no such input exists, ϕ is a valid
property of N (UNSAT). Otherwise, ϕ is not valid (SAT) and
a counterexample is returned.

The DNNV problem is NP-complete for networks using the
popular ReLU activation function [22]. Modern DNN verifiers
often employ the Branch and Bound (BnB) approach, which
splits (or branches) the problem into smaller subproblems,
and applies abstraction to compute the bounds of neuron val-
ues [10], [29]–[35]. Some recent verifiers leverage the concept
of neuron stability to reduce branching and abstraction [9],
[27], [36].

B. DNNV Benchmarks

A DNNV benchmark consists of a set of DNNV problem
instances. Benchmarks are the primary means to evaluate
the performance of DNN verifiers. First-party benchmarks
are created by a DNN verifier developer when evaluating
their tool, e.g., the well-known ACAS Xu benchmark [22].
Such benchmarks are typically tested with a limited set of
competitors beyond the developer. Third-party benchmarks, in
contrast, are created independently of any single verifier, often
with the goal of broadly assessing verifier performance across
tools. These include not only benchmarks designed purely for
comparative evaluation—such as those in the VNN-COMP
[15]–[18]—but also problem sets created by researchers ap-
plying DNN verification to new domains or properties. For
example, a third-party benchmark might arise when verifying
system specifications in power systems [18]. Such benchmarks
tend to have a larger and more diverse set of problems.
VNN-COMPs include a number of first-party benchmarks
that are increasingly becoming too easy for verifiers to solve,
and thus actively encourage the creation of more third-party
benchmarks—the purpose of ReluSplitter.

C. Neuron Stability

The ReLU (Rectified Linear Unit) activation function is
defined as ReLU(z) = max(0, z), where z is the pre-activation
value produced by a neuron. A ReLU neuron is active if z is
positive, in which case the output equals the pre-activation:
ReLU(z) = z. Otherwise, the neuron is inactive if z ≤ 0, and
its output is zero: ReLU(z) = 0.

A ReLU neuron is said to be stable over a given input
interval if it remains entirely in one of these two states—either
always active or always inactive—throughout the interval.
Let z(x) and n(x) be the neuron’s pre-activation and post-
activation values on input x, respectively. Formally, the ReLU
neuron is stable over an interval [l, u] if either:

∀x ∈ [l, u] : n(x) = z(x) (always active)
or

∀x ∈ [l, u] : n(x) = 0 (always inactive).

If the bounds on z(x) straddle zero—i.e., a ≤ z(x) ≤ b
with a < 0 < b—then the neuron is considered unstable, as it
may switch between activation states within the interval.

III. OVERVIEW

A. Overview

Fig. 1 gives an overview of ReluSplitter, which takes a
given DNNV instance (a DNN and property pair) and converts
it into a more challenging yet semantically equivalent version
by destabilizing stable neurons.

a) Pre-processing: ReluSplitter begins with a pre-
processing phase, where ReluSplitter identifies layers
that can be split (e.g., fully connected or convolutional layers
with ReLU activation) and performs neuron bound analysis
(e.g., using interval abstraction) to obtain a set of bounds that
will be used to guide the process. Specifically, the bounds are
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Fig. 1: ReluSplitter overview

(a) Input DNN N

(1 ≤ x1 ≤ 4 ∧ 1 ≤ x2 ≤ 2)⇒ (y1 ≤ y2)

(b) Property ϕ associated with the networks.

(c) Split DNN N ′

Fig. 2: Illustration of ReluSplitter converting N to N ′

calculated by propagating the input bound from the property
(i.e. ϕin) through the network.

b) Split candidate selection: Then ReluSplitter
checks the bounds and selects neurons for splitting. In
ReluSplitter, we have implemented a few strategies for
selecting the split candidates (e.g., stable neurons, unstable
neurons, convolution filter with more stable outputs, etc.)
and the user can also extend ReluSplitter with their
own strategy. By default, it selects stably active neurons,
which are usually more relevant to the property being verified
(than stably inactive neurons) but do not cause branching and
therefore make the DNNV instance easy for the verifier to
solve.

c) Split parameter selection: After the split candidates
are selected, ReluSplitter uses the bounds from earlier
stage to decide split parameters for each split candidate. These
parameters are crucial for constructing the split gadget, which

takes place in the next step. There are three parameters to
be decided, the scaling parameters sneg and spos, and the
split offset parameter τ . While the two scaling parameters can
be decided without the bound information, deciding the split
offset requires knowing the bound of the candidate.

d) Split: Finally, ReluSplitter uses the chosen pa-
rameters to split the candidates. This involves replacing the
split candidates with split gadgets. The split gadget consists
of two forward-facing neurons that introduce instability and
a backward-facing neuron that ensures the gadget’s output
remains functionally identical to the neuron being replaced.
ReluSplitter also applies any additional transformations
needed to preserve the overall semantics of the original net-
work. The result is a split DNN that, when verified against the
same property ϕ, yields the same verification outcome (e.g.,
UNSAT) but poses a greater challenge for verifiers due to an
increased number of unstable neurons.

B. Illustration

We illustrate ReluSplitter using the ReLU-based feed-
forward network N (Fig. 2a) and the property ϕ (Fig. 2b) to
derive the network N ′ (Fig. 2c). In these diagrams, the input
variables are denoted by xi, the hidden neurons by ni, and
the output neurons by yi . Each edge is annotated with its
weight, and each neuron shows its bias directly beneath it. For
example, the original network N consists of two inputs x1 and
x2, one fully connected layer with three neurons n1, n2, and
n3, and two outputs y1 and y2 . The output of neuron n1 is
computed as n1 = ReLU(x1 + x2 + 1). In the transformed
network N ′, edges with a weight of zero are omitted for clarity.

a) Pre-processing: Since there is only a single fully
connected layer in the network N , and it uses ReLU,
ReluSplitter picks this layer to perform the split.
ReluSplitter first extracts the input bounds from the pre-
condition ϕin:

1 ≤ x1 ≤ 4 ∧ 1 ≤ x2 ≤ 2

ReluSplitter then uses interval abstraction [37] to bound
the pre-activation value zi of each neuron ni in the layer.

3 ≤ z1 ≤ 7, −2.4 ≤ z2 ≤ 2.4, −2.5 ≤ z3 ≤ 4.5

b) Split candidate selection: ReluSplitter selects
split candidates using bound information. In this example, n1

is classified as stable since the bound of z1 is strictly positive,
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while n2 and n3 are classified as unstable because their pre-
activation bounds cross zero. Therefore, in this case, n1 is the
only neuron selected as a split candidate.

c) Split parameter selection: ReluSplitter proceeds
to decide split parameters for the split candidate n1. It first
decides a pair of scaling parameters sneg, spos to be used
for the split. These parameters are multipliers that scale the
weights and biases of the forward-facing neurons. Such scaling
can cause distortion in some abstract domains, making them
less accurate. It is necessary for the scaling parameters to
have opposite signs. For simplicity, in this example we use
(sneg, spos) = (−1, 1) to create a symmetric and straightfor-
ward split. It then decides the split offset τ . To make the
resulting gadget unstable, it is necessary to pick a τ within
the computed pre-activation bound of the split candidate. For
example, we use 4.5 ∈ (3, 7) as the split offset for n1.

d) Split: Finally, ReluSplitter performs the split on
the candidates using the chosen parameters. In the example, n1

was replaced by the split gadget consisting of two forward-
facing split neurons n1a and n1b, and one backward-facing
merge neuron n1m, as defined below:

n1a = ReLU(x1 + x2 − 3.5)

n1b = ReLU(−x1 − x2 + 3.5)

n1m = ReLU(n1a − n1b + 4.5)

The gadget is also highlighted by the gray rectangle in
Fig. 2c. We can verify the instability of n1a and n1b by
checking their bounds. Using the same interval abstraction
as before, we have the following bounds:

−1.5 ≤ z1a ≤ 2.5, −2.5 ≤ z1b ≤ 1.5

Since both bounds cross zero, n1a and n1b are indeed
unstable.

For neurons that are not split, ReluSplitter adds for-
warding neurons to maintain the original behavior (e.g., n2f

forwards n2 and n3f forwards n3). As a result, the transforma-
tion creates a network N ′ that has more unstable neurons than
the original network N (4 vs. 2). This increases the number
of possible branches in verification from 22 before splitting
to 24 after splitting. Importantly, the verification ground truth
is preserved because the gadgets do not alter the network’s
semantics, meaning N and N ′ are functionally equivalent. In
this example, since the considered property is valid in N , it
is also valid in N ′.

IV. THE RELUSPLITTER APPROACH

The main idea of our ReluSplitter approach is to
inject instability into neural networks by replacing original
components (neurons or filters) with split gadgets. While these
gadgets are designed to be unstable, they are semantically
equivalent to the original components, ensuring the network’s
overall behavior remains unchanged. First, we describe the
split gadgets for fully connected (FC) and convolutional
(Conv) layers. Then, we introduce the forwarding gadget,

no

layer l

x y

(a) Original Neuron no

na

nb

nm

layer l layer l + 1

x y′

(b) no after the split

Fig. 3: Split Gadget for FC

X

fo

Y

Stable

Unstable
∗ko + bo

(a) Original filter fo

X

fa

Ya

fb [
Ya

Yb

]
fm

Y ′

Yb

∗kb + bb

∗ka +
ba

∗km + bm

(b) fo after the split

Fig. 4: Split Gadget for Conv

which helps preserve network structure. Finally, we provide
proof sketches for the gadgets’ semantic equivalence.

Throughout this section, we use the term component to refer
generically to a neuron in fully connected layers or a filter in
convolutional layers.

A. Split Gadgets

The heart of ReluSplitter is the split gadgets, which
replace stable neurons with semantically equivalent unstable
multi-neuron gadgets. Each gadget has two scaling parameters
denoted by sneg and spos, and a split offset parameter τ .
Together, these three parameters allow injection of instability
at any neuron over any interval without altering the network’s
behavior.

The components are destabilized using the split offset τ ,
which must be chosen within the original component’s pre-
activation bounds (l, u). When this offset is subtracted from
the forward-facing neurons, their bounds are shifted accord-
ingly, resulting in the new bounds (l − τ, u − τ). Because τ
lies strictly between l and u, the shifted bounds are guaranteed
to span zero—i.e., l − τ < 0 < u − τ . This ensures that the
resulting components are unstable by construction.

Finally, the backward-facing component combines the out-
puts of the forward-facing components and cancels out the
scaling and offset applied, restoring the original output.

Each splitting adds overhead in component count and depth.
Splitting one neuron introduces two forward-facing compo-
nents in the original layer and one backward-facing component
in the next layer, effectively increasing depth. However, when
multiple neurons are split from the same layer, their backward-
facing components can be grouped into a single shared layer.
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For instance, splitting 10 neurons from the same layer adds
one extra layer, not 10.

The current implementation of ReluSplitter supports
two types of popular layers: FC layers and Conv layers.

a) FC Layers: In an FC layer, neurons have individual
weighted sums and do not share weights, thus we can intro-
duce instability at individual neurons. As shown in Fig. 3, a
stable neuron is replaced by a three-neuron gadget: (i) two
forward-facing neurons (na, nb) and (ii) a backward-facing
neuron (nm). As discussed, the two forward-facing neurons
will be unstable, and the output of the backward-facing neuron
is guaranteed to match the output of the original neuron no

exactly. Denoting the weight and bias of neuron ni as wi and
bi, respectively, and the input of the neuron as x, the FC gadget
is defined as follows:

na(x) = ReLU(sposwo︸ ︷︷ ︸
wa

·x+ spos(bo − τ)︸ ︷︷ ︸
ba

)

nb(x) = ReLU(snegwo︸ ︷︷ ︸
wb

·x+ sneg(bo − τ)︸ ︷︷ ︸
bb

)

nm(x) = ReLU([
1

spos

,
1

sneg

]︸ ︷︷ ︸
wm

·
[

na(x)
nb(x)

]
+ τ︸︷︷︸

bm

)

where
sneg < 0, spos > 0

b) Conv Layer: The gadget for Conv layers follows the
same idea and generalizes the FC gadget. However, unlike
FC, Conv layers apply spatially shared filters across the input
tensor. Thus, instead of replacing a single neuron, we replace
the entire convolutional filter to maintain spatial consistency.
The split gadget for Conv layers, shown in Fig. 4, consists of
(i) two forward-facing filters (fa, fb), which produce desta-
bilized output channels, and (ii) one backward-facing filter
(fm), which combines the destabilized channels to reconstruct
the original output channel. The Conv gadget has the same
parameters as the FC gadget, however, the selection of τ is
slightly different because the bias of a filter is shared by all
outputs in the channel. Because the split offset τ will be
shared among all the outputs in the channel, it is unlikely
that there is a single offset that can destabilize all outputs in
the channel. To maximize the number of destabilized outputs,
we take the bounds of each individual output into account,
and use a sliding window to find the optimal τ value that
destabilizes the most outputs. Let the ki, bi be the kernel and
bias of filter fi, the Conv gadget is given by (∗: convolution
operation):

fa(X) = ReLU(sposko︸ ︷︷ ︸
ka

∗X + spos(bo − τ)︸ ︷︷ ︸
ba

)

fb(X) = ReLU(snegko︸ ︷︷ ︸
kb

∗X + sneg(bo − τ)︸ ︷︷ ︸
bb

)

fm(X) = ReLU([[
1

spos

,
1

sneg

]]︸ ︷︷ ︸
km

∗
[

fa(X)
fb(X)

]
+ τ︸︷︷︸

bm

)

where
sneg < 0, spos > 0

B. Forwarding Gadget

The forwarding gadget, as the name suggests, passes the
output of a component through without modification. It is
introduced to bridge the structural mismatch between split
gadgets—which span two layers—and normal (unsplit) com-
ponents, which occupy only one. The forwarding gadget
allows the output from the unsplit components to pass through
an extra layer, thus ensuring a consistent layer structure.

The forwarding gadget can forward either a single output
from a neuron in an FC layer or an entire output channel from
a filter in a Conv layer. In the FC case, the gadget is a single
neuron (placed in the subsequent layer) with its weights and
biases set to zero, except for a single weight of 1 correspond-
ing to the neuron being forwarded. In the Conv case, it is a 1x1
convolution with all weights zero except for a single weight
of 1 on the forwarded channel. In both cases, the forwarding
gadget performs a simple identity operation, preserving the
original output while ensuring structural compatibility with
the split gadgets.

C. The ReluSplitter algorithm

Algorithm 1: SplitModel
Input:

1⃝ A neural network N = (l1, l2, . . . , ln)
s.t. N(x) = ln(ln−1(. . . l2(l1(x)) . . . ))

2⃝ A property ϕ = (ϕin =⇒ ϕout)
3⃝ A layer li ∈ N to be split

Output: Another neural network N ′

1 if li is a FC/Conv layer with ReLU then
2 bounds← ComputeBound(N,ϕin, li)
3 lsplit, lmerge ← SplitLayer(li, bounds)
4 else
5 Raise ”layer li cannot be split”

6 return N ′ = (l1, . . . , li−1, lsplit, lmerge, li+1, . . . , ln)

ReluSplitter’s main algorithm is described by Alg. 1.
It takes as input a DNN N = (l1, l2, . . . , ln), where the output
is defined as N(x) = ln(ln−1(. . . l2(l1(x)) . . . )); a property
ϕ = (ϕin =⇒ ϕout) to be verified; and a target ReLU layer
li ∈ N to be split.
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Algorithm 2: SplitLayer
Input:

1⃝ A ReLU layer (FC or Conv) l =
[c1, c2, . . . , ck]

where each component ci is a weight-bias
pair (wi, bi)
2⃝ The bounds for layer l, bounds

∀c ∈ l, bound[c] is the output bound(s) of c.
All bounds are given in the form (lb, ub), where
lb is the lower bound and ub is the upper bound.

Output:
Two ReLU layers lsplit and lmerge

s.t lmerge(lsplit(x)) = l(x)
1 select idxs← SelectSplits(l, bounds)
2 lsplit[k + len(select idxs)]
3 lmerge[k]
4 idx← 1
5 for j ← 1 to k do
6 if j ∈ select idxs then
7 sneg, spos ← DecideScale(l[j], bounds[j])
8 τ ← DecideOffset(l[j], bounds[j])
9 w, b← l[j]

10 lsplit[idx]← (sposw, spos(b− τ))
11 lsplit[idx+ 1]← (sneg(w), sneg(b− τ))
12 wmerge ← [0] ∗ len(lsplit)
13 wmerge[idx], wmerge[idx+ 1]← 1

spos
, 1
sneg

14 lmerge[j]← (wmerge, τ)
15 idx← idx+ 2
16 else
17 lsplit[idx]← l[j]
18 wmerge ← [0] ∗ len(lsplit)
19 wmerge[idx]← 1
20 lmerge[j]← (wmerge, 0)
21 idx← idx+ 1

22 return lsplit, lmerge

The algorithm requires li to be a fully connected (FC) or
convolutional (Conv) layer with ReLU activation; if not, it
aborts (line 5). This layer-wise approach is compatible with
complex architectures like ResNets, as residual connections
define the network’s topology rather than constituting a distinct
layer type that would be split.

For a valid li, ReluSplitter first computes pre-
activation output bounds using the ComputeBound subrou-
tine (line 2). It then calls SplitLayer to generate the two
replacement layers, lsplit and lmerge (line 3). Finally, it returns
a new network, N ′, where li is replaced by its destabilized
counterparts, lsplit and lmerge (line 6).

a) SplitLayer: As shown in Alg. 2, this subroutine splits
a ReLU layer l = [c1, c2, . . . , ck], where each component ci is
a neuron (in FC layers) or a filter (in Conv layers), represented
as a weight-bias pair (wi, bi). The function also receives a
mapping bounds giving pre-activation output bounds for each

component in the form (lb, ub).
The algorithm begins by identifying split candidates using

the SelectSplits subroutine (line 1). Two new layers
are then initialized: lsplit with k + len(select_idxs)
components, and lmerge with k components (line 2–line 3)
(k is the number of components in l). The index variable
idx tracks the position in lsplit during construction (line 4).
Then, for each component j in layer l, the procedure branches
based on whether j is selected for splitting. If j is not
selected, it is directly copied into the split layer lsplit (line 17),
and a forwarding gadget is added to the merge layer lmerge

to preserve functional equivalence (line 18–line 20). If j is
selected for splitting, the parameters sneg, spos, and τ are first
determined using the DecideScale and DecideOffset
subroutines (line 7–line 8). Based on these, two forward-facing
components with scaled weights and shifted biases are added
to lsplit (line 10–line 11), and a backward-facing component
is constructed in lmerge to recombine the split outputs into the
original activation (line 12–line 14).

This construction ensures that lmerge(lsplit(x)) = l(x) for
all inputs x. Finally, the replacement layers lsplit and lmerge

are returned.
b) ComputeBound (Alg. 1, line 2): This subroutine es-

timates pre-activation output bounds for a given layer using
techniques such as Interval Bound Propagation (IBP) or zono-
tope abstractions. ReluSplitter leverages bounds com-
puted using auto-LiRPA [38], a SOTA library for abstract
interpretation on DNNs.

c) SelectSplits (Alg. 2, line 1): This subroutine identifies
split candidates. By default, ReluSplitter selects stably
active neurons in FC layers or filters in Conv layers with at
least one stable output in their output channels. However, the
selection strategy is configurable. For instance, users can opt
to split unstable or stably active components, or define custom
criteria.

d) DecideScale (Alg. 2, line 7): This subroutine de-
termines the scaling parameters spos and sneg used by the
split. These values affect the magnitude of the weights and
biases after splitting, which can distort some abstract domains,
making them less tight. Currently, ReluSplitter does
not have a systematic way of deciding them and thus only
randomly picks values within a reasonable range that do not
cause excessive floating point error when scaling the weight
and bias.

e) DecideOffset (Alg. 2, line 8): This subroutine deter-
mines the split offset τ used in the split gadget. For FC
neurons, the strategy depends on their stability: if the neuron
is stable, τ is randomly selected within the neuron’s pre-
activation output bounds to intentionally destabilize it. For
unstable neurons, the user can configure whether to bias τ
toward the active or inactive region of the output range; these
behaviors are controlled via command-line flags. For Conv
filters, ReluSplitter chooses a τ value that destabilizes as
many output locations as possible. It applies a sliding window
algorithm to identify a range of τ values that intersect the
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maximum number of spatial output bounds, and then selects
a final value from within this range.

All of these—DecideScale, DecideOffset,
ComputeBound, and SelectSplits—are modular
and extensible. Users may customize or replace them to suit
specific objectives or integration with external tools.

D. ReluSplitter is exact

Theorem 1 (ReluSplitter(FC) Gadget is Exact). For
any neuron no with weight wo, bias bo, and post-ReLU output
no(x), the ReluSplitter split gadget (comprising neurons
na, nb, and nm as defined in §IV, with any split parameters
spos > 0, sneg < 0, and offset τ ) produces exactly the same
output as no(x) for all inputs x:

nm(x) = no(x) for all x.

Proof (Sketch). We prove this by showing the pre-activation
output of the original neuron zo(x) is equal to zm(x) for all
x ∈ Rd. As both are ReLU neurons, zo(x) = zm(x) inherently
means nm(x) = no(x).

Since the computation of zm(x) involving evaluation of two
ReLU neurons, na and nb, there can be at most four possible
activation patterns: only na active, only nb active, both active,
or both inactive. We consider each case separately.

In the first case, since na is active and nb is inactive,

zm(x) =
1

spos

za(x) + τ . Plug in za(x) = sposwo · x +

spos(bo − τ) and apply necessary algebraic simplification, we
have zm(x) = wo · x+ bo, which is exactly equal to zo. The
second case can be proved similarly.

In the third case, both na and nb are active at the same
time. However, we know this is impossible because they are
the same affine function scaled by either spos or sneg, and have
opposing sign on any non-zero values.

The last case, can only occur when za(x) = zb(x) = 0 as
they always have opposing sign on non-zero values. It is easy
to see zm(x) = τ when both ReLU neuron are inactive. We
can also infer zo(x) = τ from na(x) = nb(x) = 0. Thus,
zm(x) = zo(x) also holds for the last case.

Therefore, in all cases, the split gadget preserves the behav-
ior of the original neuron.

Theorem 2 (ReluSplitter(Conv) Gadget is Exact). For
any convolutional filter fo with kernel ko, bias bo, and
post-ReLU output channel fo(X), the ReluSplitter split
gadget (comprising filters fa, fb, and fm as defined in §IV,
using any split parameters spos > 0, sneg < 0, and offset
τ ) produces an identical output channel fm(X) for any input
tensor X:

fm(X) = fo(X) for all X.

Proof (Sketch). The proof proceeds by demonstrating that for
any arbitrary spatial location (i, j) in the output channel, the
output of the ReluSplitter(Conv) gadget is identical to
that of the original filter. This local equivalence is established
by reusing the proof from Theorem 1, and the overall proof

is completed by generalizing this finding to the entire output
channel.

As shown in §IV-A, the forward-facing filters, fa and fb,
inherit their kernel size, stride, and padding from the original
filter fo, differing only in their scaled weights and adjusted
biases. This structural inheritance ensures that the output
channel produced by fa and fb have the same dimensions
and spatial correspondence as that of fo. Moreover, since fm
only performs 1 × 1 convolution, the dimension and spatial
correspondence is further preserved in fm(X).

Let fo(X)i,j refer to the single scalar value at the spatial
location (i, j) within the output channel fo(X), and let Xfo[i,j]

denote the input patch in X from which fo(X)i,j is computed.
The spatial correspondence implies that for arbitrary location
(i, j), the outputs fo(X)i,j , fa(X)i,j , and fb(X)i,j are all
computed using the same patch. That is:

Xfo[i,j] = Xfa[i,j] = Xfb[i,j]

With this notation, we can rewrite the pre-activation value
of fo(X) at each spatial location, zo(X)i,j , as:

zo(X)i,j = ko ·Xfo[i,j] + bo

This operation is identical to the FC neuron’s pre-activation,
where the kernel ko and the patch Xi,j act as the weight and
input vectors. Similarly, we have:

zm(X)i,j =
1

spos

fa(X)i,j +
1

sneg

fb(X)i,j + τ

where
fa(X)i,j = ReLU(sposko ·Xfa[i,j] + spos(bo − τ))

fb(X)i,j = ReLU(snegko ·Xfb[i,j] + sneg(bo − τ))

After applying the necessary algebraic simplification, we
can reuse the case analysis from Theorem 1 to show
zo(X)i,j = zm(X)i,j at arbitrary location (i, j). Since this
equivalence holds across the entire output channel, it follows
that zo(X) = zm(X). Since both filters apply the same ReLU
activation, their post-activation outputs are also identical:
fm(X) = fo(X), which proves Theorem 2.

Theorem 3 (ReluSplitter Forward Gadget is Exact).
For any fully connected neuron no or convolutional filter fo,
their respective ReluSplitter forward gadgets, nf and ff ,
produce outputs identical to the original components for all
inputs:

nf (x) = no(x) for all x,

ff (X) = fo(X) for all X.

Proof (Sketch). The theorem holds by the construction of the
forwarding gadget, as defined in §IV-B. We examine the fully
connected and convolutional cases separately.

Fully Connected: The forward gadget nf is a neuron whose
input is the output vector from the layer containing no. By
construction, its weights are all 0 except for a single weight
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Tab. I: Benchmark instances. α: αβ-CROWN, nsat:
NeuralSAT, n: nnenum, m: Marabou.

Benchmark Type Neuron Instance Timeout Verifier

ACAS Xu FC 300 156 60s α,nsat,n,m

MNIST FC FC 0.5-1.5K 41 120s α,nsat,n,m

Oval21 CNN 0.6-2K 86 120s α,nsat

SRI ResNet A/B ResNet+CNN 11K 67 120s α,nsat

of 1 corresponding to the input from no, and its bias is 0.
Therefore, its output is exactly 1 · no(x) + 0 = no(x).

Convolutional: The forward gadget ff is a 1× 1 convolu-
tion. Its kernel has a weight of 1 for the input channel produced
by the original filter fo and 0 for all other channels, with a bias
of 0. Since a 1×1 convolution operates on each spatial location
independently, the output at any location is simply 1·fo(X)i,j .
The resulting tensor is therefore identical to fo(X).

In both configurations, the gadget is constructed to be an
identity operation for the specific component it forwards, thus
proving the theorem.

V. EVALUATION

ReluSplitter is implemented in about 3000 LOCs in
Python. It supports the standard ONNX [39] format for repre-
senting neural networks and VNN-LIB [40] for properties. The
tool has few dependencies and uses standard libraries including
PyTorch [41], onnx2pytorch [42] for model manipula-
tion and conversion, and the well-known auto-LiRPA [38]
library for computing abstractions.

Our evaluation focuses on demonstrating the effectiveness
of ReluSplitter in generating challenging verification in-
stances. We aim to show that ReluSplitter can transform
DNN verification instances that are easily solved by existing
DNN verifiers into more difficult ones.

a) Benchmarks and Verifiers: We used four ReLU-based
benchmarks from VNN-COMP [17], covering a variety of
NN architectures including fully connected (FC) NNs, con-
volutional NNs (CNN), and CNNs with residual connections
(ResNet). We restricted our selection to benchmarks from
VNN-COMP to ensure compatibility and strong support across
the evaluated verifiers. The selected benchmarks are ACAS
Xu, MNIST_FC, Oval 21, and SRI_ResNet, each sum-
marized in Tab. I. ACAS Xu includes 10 safety properties
across 45 ReLU-based FC networks, each with 300 neurons
over 6 layers, designed to issue aircraft collision avoidance
advisories. MNIST_FC comprises three FC ReLU networks
for digit classification, each taking 28x28 grayscale images
as input and producing 10 outputs; they share a hidden layer
width of 256 but differ in depth (2, 4, and 6 layers). Oval 21
and SRI_ResNet focus on CNNs trained on CIFAR-10 [43],
with the latter adopting a ResNet architecture.

We used the latest versions of four SOTA DNN verifiers:
αβ-CROWN [29], [33], Marabou [32], NeuralSAT [8], [9],
[31], and nnenum [30], [44]. Since Marabou and nnenum

often struggle with CNNs (frequently timing out) we exclude
them from the evaluation on Oval 21 and SRI_ResNet.

Experiments were conducted on a Linux machine with an
AMD Threadripper 64-core 4.2GHz CPU, 128GB RAM, and
an NVIDIA GeForce RTX 4090 GPU 24GB VRAM. The full
set of experiments took approximately seven days to complete.
The generation time for each instance was negligible (less than
5 seconds) compared to the verification time.

A. Experiment Design

We first ran an initial verification on all benchmark instances
using four verifiers to filter out hard cases and retained
only those that could be solved within a reduced timeout
(Tab. I). These easier cases became our original instances.
From each original, we created two modified versions: a
ReluSplitter instance, designed to increase difficulty,
and a baseline instance, designed to match size but preserve
stability. The modified versions used a timeout that was three
times longer (e.g., ACAS Xu uses a 60s timeout for original
instances, and 180s for both the baseline and ReluSplitter
instances).

For the ReluSplitter instances, we split stably active
neurons in the first ReLU layer of FC networks, and all kernels
in the first ReLU layer of CNNs. This keeps the changes
impactful but manageable. To create the baseline instance, we
apply the same structural transformation—replacing the same
set of neurons or kernels with split gadgets—but with modified
parameters that avoid destabilization. Specifically, sneg and
spos are randomly chosen from the range (0, 1), subject to
the constraint sneg + spos = 1. The split offset τ is fixed
to 0 and the backward-facing component uses a fixed weight
of 1 for each input from the forward-facing component. This
ensures that the baseline matches the size and structure of
the ReluSplitter instance without introducing additional
unstable neurons.

We then ran all three versions (original, ReluSplitter,
and baseline) through the verifiers, repeating the process five
times with different random seeds and using the median
verification time to compare slowdowns.

B. Results

Tab. II reports the slowdown induced by the baseline
instances, ReluSplitter instances, and the net slowdown
(∆SD), which reports the difference in slowdown between the
matching baseline and tool instances. It reflects how much ad-
ditional slowdown ReluSplitter introduces beyond what
is caused by the increase in network size alone. The slowdown
and net slowdown are computed as:

Slowdown =
Verification Time (generated instance)
Verification Time (original instance)

− 1

∆SD = SlowdownReluSplitter − Slowdownbaseline

The table reports the mean, median, and maximum net
slowdown observed for each benchmark–verifier pair. The
Instance column indicates the number of original instances in
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(a) ACAS Xu

(b) MNIST FC

Fig. 5: Runtime of four verifiers on FC benchmarks. The y-axis (Runtime) is logarithmic; the x-axis represents instances,
sorted by the verification time on the original instance.

the benchmark. For example, four verifiers were tested on the
MNIST_FC benchmark, which includes 41 original instances.
Using αβ-CROWN on this benchmark, ReluSplitter in-
duced a 11.61x average, 0.10x median, and 148.78x maximum
slowdown.

Fig. 5 and Fig. 6 show the verification time of the origi-
nal, ReluSplitter, and baseline instances across different
benchmarks and verifiers. The x-axis represents individual
instances, sorted by the verification time of their corresponding
original instance. The y-axis shows verification time on a
logarithmic scale. Each marker corresponds to one instance:
black triangle for the original, green cross for the baseline,
and red dot for the ReluSplitter instance. The horizontal
blue dashed line indicates the timeout threshold.

Additionally, no conflicting verification results were ob-
served (i.e. the verifier reported SAT on the original instance
but reported UNSAT on ReluSplitter or baseline in-
stance, or vice-versa).

a) ReluSplitter effectively increases verification
difficulty: Our results show that instances modified by
ReluSplitter often require significantly more time to ver-
ify. While some experience substantial slowdowns, others see
only moderate increases in runtime. Notably, harder instances
tend to incur greater slowdowns, aligning with our expectation

since a verifier’s search tree grows exponentially with the
number of unstable neurons in the network. These unstable
neurons force verifiers to perform more branching and abstrac-
tion, increasing the computational burden. In contrast, easy
instances—particularly those that terminate quickly—exhibit
slowdowns that are far less pronounced. This is because their
runtimes are largely dominated by fixed overheads associated
with the verifier, such as library loading, hardware initializa-
tion, memory allocation, and ONNX/VNNLIB parsing, rather
than the complexity of the network itself.

This trend is also reflected in the distribution of slow-
down values across our experiments. Although the mean and
maximum slowdowns introduced by ReluSplitter are
considerably high across most verifier-benchmark pairs, the
median slowdown remains much lower. This discrepancy is
likely due to our experimental design, where we intentionally
selected a set of “easy” instances but did not exclude trivially
solvable ones. As a result, ReluSplitter has minimal
impact on many of these simple cases, which is evident from
the concentration of data points near the origin on the x-axis
in Fig. 5 and Fig. 6. However, as instance difficulty increases,
the impact of ReluSplitter becomes more substantial,
often resulting in dramatic increases in verification time —
a trend that is clearly visible in the rightward regions of both
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Tab. II: Slowdown (avg./med./max.) for baseline, ReluSplitter, and net slowdown (∆SD), per benchmark and verifier.

Slowdown (avg./med./max.)

Benchmark Instance Verifier Baseline ReluSplitter ∆SD

ACAS Xu 156

αβ-CROWN -0.07x / -0.08x / 0.22x -0.02x / -0.00x / 0.46x 0.06x / 0.02x / 0.51x
Marabou 0.25x / 0.11x / 9.28x 1.84x / 0.42x / 55.59x 1.59x / 0.32x / 55.40x

NeuralSAT 0.13x / 0.07x / 1.80x 0.85x / 0.19x / 5.72x 0.72x / 0.09x / 5.62x
nnenum 0.10x / 0.07x / 2.40x 0.41x / 0.15x / 3.91x 0.31x / 0.04x / 3.74x

MNIST FC 41

αβ-CROWN 0.07x / 0.07x / 0.13x 11.61x / 0.10x / 148.78x 11.54x / 0.02x / 148.69x
Marabou -0.23x / -0.22x / -0.02x 5.59x / 0.72x / 19.04x 5.82x / 0.73x / 19.26x

NeuralSAT 0.11x / 0.07x / 0.74x 5.39x / 0.29x / 65.16x 5.28x / 0.25x / 65.04x
nnenum 0.58x / 0.58x / 1.02x 6.49x / 3.73x / 53.66x 5.91x / 3.01x / 52.93x

Oval21 86 αβ-CROWN 0.12x / 0.13x / 0.42x 1.99x / 0.87x / 25.16x 1.86x / 0.79x / 24.87x
NeuralSAT 0.11x / 0.12x / 0.28x 8.83x / 1.63x / 44.52x 8.72x / 1.49x / 44.45x

SRI ResNet A/B 67 αβ-CROWN 3.05x / 0.01x / 15.83x 6.23x / 0.06x / 185.23x 3.17x / 0.00x / 185.25x
NeuralSAT 0.07x / 0.03x / 0.94x 3.94x / 0.88x / 78.40x 3.87x / 0.68x / 78.37x

(a) Oval21

(b) SRI ResNet A/B

Fig. 6: Runtime of two verifiers on CNN benchmarks. The y-
axis (Runtime) is logarithmic; the x-axis represents instances,
sorted by the verification time on the original instance.

figures. These results support our hypothesis that destabiliz-
ing neurons can significantly increase problem complexity,
especially when applied to non-trivial networks. To further
validate this, we re-ran the 55 ReluSplitter instances
from Oval 21 and SRI_ResNet that had timed out for
αβ-CROWN or NeuralSAT using a 10x longer (20-minute)
timeout; only 7 of them became solvable, confirming the

substantial complexity increase from ReluSplitter.
b) ReluSplitter can provide insight into ver-

ifier evaluation: Our experimental results demonstrate
that each verifier exhibits distinct behavior when solving
ReluSplitter instances. On the ACAS Xu benchmark, all
verifiers were able to scale, though some experienced more
significant slowdowns than others. For example, Marabou
had a mean slowdown of 1.84x and an median of 0.42x, which
is more than 2 times higher than any other verifiers.

These differences become more pronounced on more com-
plex benchmarks such as MNIST_FC, which involves deeper
and larger networks. On this benchmark, NeuralSAT demon-
strated the most robust performance, successfully verifying all
41 ReluSplitter instances . nnenum performed similarly
well, timing out on only 1 instance. In contrast, αβ-CROWN
encountered 3 timeouts, while Marabou struggled signifi-
cantly, with 13 timeouts on ReluSplitter instances.

These differences are difficult to observe with the orig-
inal instances, as all verifiers are able to solve them. By
increasing instance difficulty while preserving ground truth,
ReluSplitter highlights differences in verifier scalability
that are otherwise obscured. This uneven distribution of in-
stance difficulty has been a long-standing challenge in DNN
verification. Many benchmarks are either too easy—solvable
by all verifiers—or too hard—unsolvable by any verifier [17].

In some extreme cases, the slowdown of ReluSplitter
instances can exceed 100x (e.g., αβ-CROWN on
SRI_ResNet, with a max slowdown of 185x). These
typically come from easy instances where ReluSplitter
is able to introduce substantial slowdown; For harder
instances, the slowdown is often capped by the timeout
threshold, so the true slowdown may be underestimated.
ReluSplitter also reveals insights into the effectiveness

of different decision heuristics. For example, both αβ-CROWN
and NeuralSAT rely on auto-LiRPA for bound compu-
tation but differ in their branching strategies. NeuralSAT
adapts the DPLL(T) algorithm [8], [31], while αβ-CROWN
implements several heuristics [29], [33], [45]. Although their
overall trends are similar across benchmarks, notable differ-
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ences emerge. On Oval 21, NeuralSAT timed out on many
ReluSplitter instances that αβ-CROWN successfully ver-
ified. On SRI_ResNet, αβ-CROWN experienced significant
slowdowns on easier instances, while performing better on
medium-difficulty ones. NeuralSAT showed the opposite
pattern—minimum slowdown on easier instances but larger
slowdown on medium and hard ones.

These results suggest that ReluSplitter not only chal-
lenges verifiers in a controlled way, but also helps researchers
better understand verifier behavior, strengths, and weaknesses.

c) ReluSplitter can help expose potential flaws
in verifiers: In addition to increasing instance difficulty,
ReluSplitter helps uncover subtle issues in verifier im-
plementations. For example, nnenum occasionally crashes
on ReluSplitter instances, despite successfully verifying
the original and baseline instances. Since all other verifiers
handled these instances without error, this points to potential
bugs or unhandled edge cases in nnenum.
ReluSplitter also reveals unexpected performance pat-

terns that may indicate inefficiencies or opportunities for
optimization. On the MNIST_FC benchmark, Marabou con-
sistently verifies baseline instances faster than the origi-
nal ones—opposite the trend observed with other verifiers.
This could suggest that certain layer patterns introduced in
the baseline transformation inadvertently align better with
Marabou ’s heuristics or constraint encodings. Additionally,
on SRI_ResNet, we find that αβ-CROWN times out on some
baseline instances, even though it solves both the original and
ReluSplitter versions efficiently. These counterintuitive
behaviors suggest that ReluSplitter can surface behaviors
worth further investigation.

Thus ReluSplitter is not just a stress test tool for
verifiers. It also helps identify potential flaws and optimization
opportunities that standard benchmarks may overlook.

Our evaluation shows that ReluSplitter substantially
increases verification difficulty—by up to 185.23x. This
makes differences in verifier performance and scalability
more apparent than with standard benchmarks, and enabling
a clearer, more comprehensive assessment of tool behavior
across a wide range of instance complexities.

VI. RELATED WORK

Verification tools such as αβ-CROWN [29], [33],
NeuralSAT [8], [9], [31], Marabou [11], [32],
nnenum [44], and NNV [46] represent a range of modern
approaches to neural network verification. Despite their
differences, these tools largely follow the Branch-and-Bound
(BaB) framework, which recursively splits neurons and uses
abstract domains to over-approximate bounds. Commonly
used domains include interval arithmetic (IBP) [37], [47],
zonotopes [48], polyhedra [49], star sets [50], and CROWN-
based bounds [29]. The performance of these verifiers
depends heavily on how abstract domains are combined
with tightening methods and BaB strategies, and ongoing

research continues to investigate which combinations are
most effective for scalable, sound verification.

Benchmark generation is a well-developed direction
in many fields, such as software engineering [51]–[53],
SAT/SMT solving [54]–[57], and, more recently, AI [58]–
[60]. In neural network verification (DNNV), R4V [21] and
GDVB [20] are among the earliest attempts at benchmark
generation. R4V uses knowledge distillation to downscale a
seed DNNV instance in order to boost verifiability. GDVB
builds on R4V to create more diverse DNNV benchmarks
by altering the seed DNNV instance. However, both rely
on training data and knowledge distillation, often producing
instances with unknown ground truth. This makes it difficult
to assess verifier correctness

Another recent work [19] explored the generation of sound-
ness benchmarks for DNN verification. The authors identified
two major limitations in existing benchmarks. First, many
benchmarks lack known ground truth, making it difficult to
assess verifier soundness. Second, they observed that many
existing DNNV benchmarks are unintentionally too easy, as
their properties can often be falsified using standard adversarial
attack methods rather than requiring full verification. The
authors then proposed a specialized training procedure that
embeds hidden counterexamples directly into the network.
This ensures the resulting benchmark instances have known
SAT solutions while posing significant challenges to verifiers.

VII. CONCLUSION

To address the challenge of benchmark generation for DNN
verification, we introduced ReluSplitter, a technique for
generating harder DNNV benchmarks from easy ones by
destabilizing ReLU neurons. ReluSplitter fills a critical
gap in the evaluation pipeline by producing a spectrum of
problem instances that are more difficult yet still seman-
tically equivalent, enabling more robust benchmarking and
providing deeper insight into verifier strengths and limitations.
Our experiments across four standard benchmarks and four
state-of-the-art verifiers demonstrate that ReluSplitter
consistently increases problem difficulty, reveals meaningful
differences in verifier performance, and uncovers potential
implementation bugs and heuristic behaviors.

Future directions include extending ReluSplitter to
support other ReLU variants such as Leaky ReLU, handling a
broader range of architectures, and synthesizing benchmarks
from networks with smooth activations like sigmoid and tanh.
Furthermore, improving the heuristic strategies for choosing
split candidates and parameters may yield stronger and more
efficient instance generation.
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